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Abstract Under the rapid development of digital education, the introduction of artificial intelligence technology into 
the reform of language education can make up for the shortcomings of traditional methods and improve the quality 
of language education. In this paper, we first design the joint extraction algorithm of entity relationship based on 
graph convolutional neural network, which improves the accuracy of recognition by fusing the designed ontology 
attributes. Then it proposes the method of extracting the features of language education entities in the knowledge 
graph using R-GCN model for classifying and predicting the potential relationships between entities, so as to realize 
the construction of the knowledge graph of language subjects. Finally, a reform path for language education is 
proposed, with a view to providing a useful reference for promoting language education to a higher level. In the 
dissimilarity matrix analysis of high-frequency keywords in language education research. It is found that the 
relationships with language education are, in descending order, language teaching, comprehensive learning, 
language education, curriculum standards, language teachers and so on. Thus, it can be concluded that “language 
education” and “language teaching” are most closely related in the research process of language education. 
 
Index Terms Graph Convolutional Networks, R-GCN model, Knowledge Graph, Language Education 

I. Introduction 
At present, the urgent task of China's basic education reform is to shift from "examination-oriented education" to 
"quality education", which is a basic education for all students, comprehensively improving students' ideological and 
moral, cultural, scientific, labor skills, and physical and psychological qualities, and promoting students' vivid and 
lively development [1]-[4]. Language as a comprehensive and strong discipline, it is not only used to learn text and 
language knowledge, but more importantly, to cultivate students' thinking ability, emotional literacy and cultural 
cultivation, with the deep development of education reform, it is imperative to change the traditional language 
teaching mode, teaching content, and promote the reform of language education [5]-[8]. While in the reform of 
language education, the structured analysis and optimization of the content of Chinese text has become an 
important challenge in the reform process [9]. 

Language education plays an important role in cultivating students' good reading ability and literary cultivation 
[10]. And to cultivate students to correctly analyze the structure of language text content, students need to be guided 
to grasp the text as a whole, to master the veins and levels of it, and to deeply understand the connotation and 
significance of the text on this basis [11]-[13]. The structure of text content refers to the organization of the article 
and the relationship between paragraphs. Usually, a text consists of introduction, body and conclusion, and each 
paragraph has its own function and role [14]-[16]. Understanding text structure helps us grasp the pulse of the text 
and better understand the meaning of the text [17]. Analyzing text structure is an important tool to help students 
understand language expressions, analyze text hierarchies, and understand linguistic expressions and logical 
relationships [18], [19]. 

The article first defines ontological attributes, then constructs features based on entity and relationship information, 
followed by a detailed description of the model's semantic dependency analysis and syntactic analysis graph 
embedding methods, as well as the principle of multi-feature attention mechanism. Then the method of extracting 
feature representations of entities and relationships in the Language Education Knowledge Graph and performing 
relationship prediction using the R-GCN model is proposed. And experiments are conducted on NYT and WebNLG 
public datasets to evaluate the performance of the model for entity-relationship extraction, and combined with the 
experiments to prove the effectiveness of this paper's model on the task of entity categorization. Meanwhile, the 
method of this paper is applied to analyze the keywords of the research hotspots of language education reform. 
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Finally, five aspects of language education reform paths are discovered around the formulation of curriculum 
objectives, standardization of teaching behavior, strengthening the continued development and application of 
information technology, emphasizing the humanistic value of language education, and improving the assessment 
system of students' language education. 

II. Joint extraction algorithm for entity relations based on graph convolutional neural 
networks 

II. A. Ontology Attribute Definitions 
Combined with the characteristics of language knowledge, this section applies the ontology model to language 
knowledge mapping information extraction, considers the relevant elements as an organic, dynamic whole, and at 
the same time adopts a top-down approach to construct the conceptual model of language knowledge mapping. 
The ontology of Language Knowledge Graph covers entity type ( )O E , attribute type ( )O S  and relationship type 

( )O R , as shown in Equation (1): 

  ( ), ( ), ( )KGH O E O R O S  (1) 

Knowledge learning builds complete ontologies by stacking sub-ontologies layer by layer in a bottom-up manner, 
which fits the process of constructing language ontologies. Therefore, by defining the ontology of i  types as iT , 

the definition of  KGA H  which contains all the ontologies is shown in Equation (2): 

    
N

KG i KG
i

A H T H  (2) 

II. B. Entity-Relationship Joint Extraction Model 
In this section, XMORel, an information extraction model for language knowledge graphs, is proposed, and the 
overall model architecture of XMORel is shown in Fig. 1. First, the initial vectorization of the training data is used as 
the input to the XMORel model. Second, based on the OneRel model, the global dependency semantics and 
syntactic graph embedding representation of sentences are incorporated in the initial vector generation stage, in 
addition to obtaining the semantic information of the original text by employing BERT and Bi-LSTM networks. Next, 
a multilayer semantic graph convolutional neural network MultiGCN() is constructed to learn the global semantic 
and syntactic graph embedding representation information and capture the deeper semantic hidden information of 
entity relations [20]. Immediately after that, the learned graph embedding semantic vector eG and the original text 
vector eH are spliced to obtain a new sequence vector nV, and the new sequence vector goes through the graph 
mixing and pooling layer to capture the global scope semantic information. Then a multi-feature fusion attention 
mechanism is designed to enhance the accuracy of model triad classification. The method is able to assign a higher 
weight to the candidate entities in the entity extraction stage, and the method is able to improve the accurate 
recognition of distant entities. Finally, after the ()softmax  layer, it improves the accuracy of recognizing triples, 
reduces the problem of overlapping triples and blurring of entity boundaries in the extraction process, and combines 
with the ontology attribute constraints defined in this paper to perform the triples extraction. 
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Figure 1: XMORel overall model architecture 
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Definition: first given the training statement  1 2 3, , , , LS w w w w   , where L   stands for the length of the 

sequence of sentences, it is assumed that the sentences get the set of target triples Y  as shown in Eq. (3): 

     1 1 1, , , , , , | , ,n n n n n nY h r t h r t h r E r R     (3) 

where ,n nh r  in Eq. (3) represent the n th head entity and tail entity, nr  represents the n th relation between entity 

pairs, and ,E R  denote the set of entities and relations, respectively. 
Input Sequence Encoding: in this section, the training utterance is first encoded with the BERT model to obtain 

the word vector representation corresponding to the sentence, as shown in Equation (4): 

     1 2 3 1 2 3, , , , , , , , d
e L L LH h h h h BERT w w w w h R      (4) 

where L  in Eq. (4) represents the number of characters contained in the sentence, d  denotes the number of 
embedding dimensions, and BERT  represents the fixed training model, which consists of 12 hidden layers, each 
of size 768, and the training statement S  is encoded to obtain the input vector eH . 

 
II. B. 1) Global semantic and syntactic dependency analysis graph embedding representation 
In this section, Semantic Dependency Analysis (SDP) graphs and Syntactic Dependency Analysis (SDA) graphs 
are introduced to solve the problems of ternary overlap and entity boundary ambiguity. Semantic Dependency 
Analysis (SDP) is able to go beyond the limitations of the surface syntactic structure of a sentence and directly 
extract the deep semantic content. More textual feature information can be captured through the construction of 

global semantic dependency syntactic graph, which is defined as  1 2 1 2, , ,gG V V E E , where 1V  represents the set 

of semantic nodes in the graph, 2V  represents the set of syntactic nodes. 1E , and 2E  represent the set of edges 
in the semantic and syntactic graphs, respectively. 
 
II. B. 2) Multilayer Semantic Map Convolutional Neural Network Layers and Hybrid Pooling 
In this section, a multilayer semantic graph convolutional neural network is constructed to learn the topology in the 
global semantic and syntactic dependency graphs, which in turn yields the embedding vector representation eG  of 
the text, and the computational flow is shown in Equation (5): 

   e S M N SG MultiGCN W h h b    (5) 

where in Eq. (5): sW  represents the weight parameter matrix, sb  denotes the trainable parameter matrix, and 
()MultiGCN  denotes the Multilayer Graph Convolutional Neural Network, which is capable of capturing the higher-

order neighborhood information between word nodes. Mh , Nh  denote the embedding representation vectors of 
the semantic dependency analysis graph and syntactic analysis graph, respectively. 

The obtained global semantic and syntactic dependency representations eG   are then spliced with the input 

vectors eH  obtained from Eq. (4) to obtain the spliced sequence representation vectors nV  as shown in Eq. (6): 

  ;n e eV G H  (6) 

However, under different relations, there is a strong connection between the words in a sentence and the triples 
formed by a particular relation. Therefore, a hybrid graph pooling operation is used to capture the global scope 
information to obtain the vector representation gH , as shown in Equation (7): 

  1 2

1
, , , 2

g

g n n
n G

H MaxPooling V V V V
n 

 
    
 

  (7) 

where 1 2, , , nV V V  in Eq. (7) represents the embedding vector representation of the text, ()MaxPooling  represents 
the maximum pooling operation, and the second half of Eq. corresponds to the average pooling process. 

 
II. B. 3) Multi-feature Fusion Attention Mechanism Layer 
Meanwhile, in order to discard the noisy data and improve the accuracy of the classifier. In this section, the attention 
mechanism guided by word-level features, text and syntax dependent fusion features is used to assign different 
weight coefficients to the corpus text, and the feature representations of kZ  and kM  are obtained respectively 
by taking the k th layer as an example as shown in Eqs. (8), (9). 
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    max tanh
T

T
i ir V soft V  (8) 

 tanh( )kZ r  (9) 

where the tanh  function is used in Eq. (8) to map the spliced vectors to the interval [ 1,1] ,   denotes the trained 

parameter vectors, and ()softmax  function does the normalization. 

  tanh ,k k k k
i i gL w V H b     (10) 

 
 
 

exp

exp

k
ik

i k
i

i

L

L
 

  (11) 

 
kk T
i i

i

M V  (12) 

where kw , kb  in Eqs. (10) to (12) represent the model parameters learned by the 1k  th layer of the attentional 

mechanism, respectively [21]. iV , k
gH  denote the inputs of the 1k  th layer of the attention mechanism, which 

represent the i th fused feature and the output of the fused features of the 1k  th layer. Finally, drawing on the 
gating mechanism, the multi-feature vector fusion is represented as kD  to realize the purpose of complementary 
advantages. Namely: 

   1 2 3tanh k k
l l lC W W Z W M   (13) 

 (1 )k k kD C Z C M      (14) 

In the above Eq. (13) and Eq. (14)    represents the Sigmoid activation function, lW   denotes the weight 

parameter learned by the self-training of the model, and the vector C  has the same number of dimensions as kZ  

and kM , and finally the output layer is used to get the label of each character of the sentence using softmax . 
Output the final result. However, due to the sparsity problem of the training dataset, this section needs to embed 
the representation layer in the global semantic and syntactic dependency graph, and the multi-feature attention 
mechanism layer employs adopts the cross-entropy loss function to compute the loss during the training process, 
and then assigns weights to the loss of each layer, after which the model loss is summed up, which is computed as 
shown in Eq. (15): 

 total g aLoss Loss Loss   (15) 

where the Adam optimization algorithm is used in Eq. (15), which is able to adapt to the problem of sparse gradient 
or large noise in the gradient. The gLoss  represents the loss of the embedding representation layer of the global 
semantic syntactic dependency graph,    represents the weight of the loss of the multi-feature attention 
mechanism layer, and aLoss  represents the loss of the multi-feature attention mechanism layer. 

III. R-GCN-based classification model for language entity relationships 
III. A. GCN 
CNN model can extract image or text features well using convolutional operations, however, for network-structured 
data such as knowledge graphs, the number of neighboring vertices of each vertex in the graph is different.CNN 
cannot perform convolutional operations using convolutional kernels of the same size, and translational invariance 
can not be maintained on such structured data; therefore, CNN model can not extract the spatial features of such 
data. To solve the appeal problem, some researchers have proposed to use GCN model to extract spatial features 
of graph-structured data. 

The GCN model takes the spectral domain as the theoretical basis and uses the graph theory to realize the 
convolution operation on graph-structured data. Next, how the GCN model implements the graph convolution 
operation and graph Fourier transform operation with the help of spectral domain theory is described [22].The GCN 
model implements the Fourier transform of the graph and the convolution operation on the graph with the help of 
Laplace matrix of the graph. For the graph ( , )G V E , L  is the normalized Laplace matrix as follows: 
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1 1

2 2
nL I D AD

 
   (16) 

where D  is the degree matrix of the vertices, A  is the adjacency matrix of G , and L  is semipositive definite 
symmetric and can be spectrally decomposed. Perform a spectral decomposition of the matrix L : 

 TL U U   (17) 

 1 TU U   (18) 

where the column vectors of the matrix U   are two-by-two orthogonal. If L   is a Laplace matrix, use the 
eigenvectors of L  and L  to define the Fourier transform on the graph as follows: 

     *
1

1

ˆ ( ) ( )
N

l l
i

F f f i u i 


   (19) 

where f (i)  corresponds to the vertices in the graph, and ( )lu i  denotes the i th component of the 1st feature. 

Under the eigenvalue 1 , the Fourier transform of f  on the graph is the inner product operation of f  with the 

eigenvector lu . The matrix form of the Fourier transform on the graph is: 

 ˆ Tf U f  (20) 

Define the Fourier inverse transform on a graph as a summation over eigenvalues 1 : 

  
1

ˆ( ) ( )
N

l l
l

f i f u i


  (21) 

The Fourier inverse transform on Fig: 

 ˆf Uf  (22) 

The convolution operation of graphs is introduced next. According to the convolution theorem, for functions 
( ), ( )f t h t , their convolution is equal to the inverse of their multiplication by the Fourier transform: 

 1 1ˆ ˆ ˆ ˆ* ( ) ( ) ( ) ( )
2

iwtf h F f w h w f w h w e dw  
 

   (23) 

Then the convolution of ( ), ( )f t h t  on the graph: 

     ˆ* T
lG

f h Udiag h U f  (24) 

 ˆ Tf U f  (25) 

where f̂  is the Fourier transform of f  and  ˆ
lh   is the Fourier transform of the convolution kernel h . 

Next, the graph convolution operation is introduced in deep learning, where the meaning of convolution is a 
trainable convolution kernel with shared parameters. From the appeal formula, the parameters of the graph 

convolution operation are   ˆ
ldiag h  . In deep learning, if ( )g   is a convolution kernel, let: 

  
1

0

ˆ
K

j
l j l

j

h   




  (26) 

Then: 

   
1

0

ˆ( )
K

j
l j

j

g diag h  




     (27) 

  1 2, , , ndiag       (28) 

The output of the graph convolution layer is: 
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  ( ) T
outputy Ug U x   (29) 

obtained by derivation: 

 
1 1

0 0

( )
K K

T j T j
j j

j j

Ug U U U L  
 

 

      (30) 

So the output of the graph convolutional network in deep learning is: 

 
1

0

K
j

ouput j
j

y L x 




 
  

 
  (31) 

where  0 1 1, , , K     is an arbitrary parameter, the convolution kernel has only K  parameters. Such a graph 

convolution operation has good spatial localization, and we can control K  to make the representation of each 
node relevant only to nodes with distances less than K  and the relationships between them. When updating the 
current node using the graph convolution operation, only local node information in the graph is used. 

The convolution operation of the appeal has a computational complexity of  2O n  per convolution, and in order 

to further simplify the computational complexity, Chebyshev polynomials are further introduced for optimization. 

 
1 2

1

0

( ) 2 ( ) ( )

1

k k kT x xT x T x

T x

T

  



 (32) 

Define the convolution kernel to be of the following form: 

 

1

0

max

( ) ( )

2

K

k k
k

n

g T

I

 







  


  

 


 (33) 

The recursive convolutional computation can be obtained by derivation: 

 

1

0

max

( ) ( )

2

K

k k
k

N

y g L x T L x

L L I

 







 

 

 


 (34) 

is obtained when 2K  : 

 0 1( )g L x x Lx      (35) 

Further simplification leads to: 

 2 2
*

1 1

x Ng I D AD x 
  

  
 

 (36) 

Eventually the formula for the GCN model can be derived: 

 1t tH AH W    (37) 

 
1 1

2 2
NA I D AD

 
   (38) 

III. B. R-GCN 
Graph Convolutional Networks update the information of nodes based on their adjacency matrices and do not 
specifically distinguish the relationship categories of the knowledge graph. Because the ultimate focus of the topic 
is to reasonably predict the types of relationships between entities in nutrition, we selected the R-GCN model to 
extract the node features in the knowledge graph. The R-GCN model is based on the GCN model, and the types of 
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relationships are taken into account when extracting the features of the graph structure data. The R-GCN model 
nodes are updated as shown in Fig. 2. 

The R-GCN model considers the type of edges in the process of information transfer and adds self-cycling edges 
to each node to make the information of this layer of nodes can be effectively transferred to the next layer of nodes, 
the calculation formula is as follows: 

 ( 1) ( ) ( ) ( ) ( )

,

1l l l l l
i j o i

r R j N i Y

h h h
c 



  

 

 
   

 
   (39) 
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Figure 2: Update the GCN model node 

where R  represents the set of all types of relations, and r
iN  represents the set of neighboring points connected 

with node i  by relation r .The R-GCN model is prone to overfitting with the growth of relations, and the model 
introduces the basis function decomposition and the block-diagonal decomposition to define the model's weight 
update [23]. The basis function allows the weights of different relation types to be shared, and the basis function 
decomposition formula is shown in (40), where  l

rw  is a linear combination of the basis transform  lvb  and the 
coefficients  larb , which depends only on the relation r. 

      

1

l
B

r rb b
b

l lW a V


  (40) 

The block diagonal decomposition sparsely constrains the weight matrix for each relation type as follows,  l
rw  

is obtained by a direct summation of low-dimensional matrices, and  l
rw  is the block diagonal matrix. 

    
1

B
r b br
l lW Q   (41) 

We selected R-GCN model to extract the node features and use Dist Mult model for decoding and finally use 
softmax function to predict the type of relationship between entities. 

In our experiments we use two graph convolutional layers, i.e., we only consider the information transfer between 
nodes of length 2. After R-GCN extracts the node features and the relationship matrices of each type in the 
knowledge graph, for the ternary  , ,s r o , the model replaces r  by all the relationship types in the knowledge 

graph, thus obtain rN  triples. Then use the DisMult model to score the rN  triples based on the obtained node 

features and relationship matrix, and the scoring function is as in (42), where su , ov  are the head entity s , the 

tail entity o  of the vector representation, and rQ  is the matrix vector representation of the relation r . 
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  , , T
s r of s r o u Q v  (42) 

Finally, the resulting ternary scores are fed into the softmax function for relationship prediction with the following 
formula: 

  
T
s r o

T
S k o

u Q v

so u Q v

k R

e
P M r

e


 


 (43) 

where R  is the set of all relation types. 

IV. Experimental results and analysis 
IV. A. Joint Entity Relationship Extraction Based on Graph Convolutional Neural Networks 
IV. A. 1) Data sets 
To evaluate the model, extensive experiments are performed on the public datasets NYT and WebNLG.The NYT 
training dataset is automatically generated by remote supervision, but to ensure the quality of the test set, each 
sentence of the test set is labeled with entities and relations by hand. In this section, the original NYT dataset is 
preprocessed: sentences in the dataset that do not contain any triples are filtered, and the preprocessed dataset is 
named NYT-Single.Since each sentence in the test set of NYT-single contains only one ternary, the performance of 
the model on sentences with only one ternary is evaluated against the NYT-Single dataset. In order to evaluate the 
performance of the model in extracting sentences containing multiple triples, the original NYT dataset is again 
preprocessed in this section. The preprocessing steps are: 

(1) Filter the sentences in the original NYT training set that do not contain any triples, and the processed training 
set contains a total of 66,201 sentences; 

(2) Randomly select 6000 sentences from the processed training set as the validation set and 6000 sentences 
as the test set. This preprocessed dataset is named NYT-multi. 

The WebNLG dataset has just been applied to natural language generation (NLG) tasks. Since there are many 
covering triples in this dataset, it is suitable for evaluating the performance of the model in covering triples extraction. 
The experiments use the same way to process this dataset: filtering sentences that do not contain triples. The 
dataset statistics are shown in Table 1. 

Table 1: Data set statistics 

Data set NYT-Single NYT-Multi WebNLG 

Number of relational types 22 13 241 

Number of sentences 63261 56455 5031 

Number of sentences 352 5000 721 

 
In addition, this experiment basically categorizes sentences into three classes: normal class, single-entity overlay 

class (SPO) and entity-pair overlay class (EPO). A sentence of the normal class indicates that there is no entity 
coverage between any two of its triples. A sentence of a single-entity-coverage class indicates that some of its triples 
cover only one entity and that there is no entity-pair coverage between any triples. A sentence of the Entity Pair 
Coverage class indicates that entity pair coverage exists for at least two triples. The statistics of the ternary types 
on the dataset are shown in Table 2. 

Table 2: The statistical information of the triples type in the data set 

Categories Nyt-Single Nyt-Multi Webnlg 

 Training Set Test Set Training Set Test Set Training Set Test Set 

Normal 43621 366 36121 3326 1596 251 

Spo 16552 1 15362 1298 3422 466 

Epo 11265 0 9655 965 226 25 

 
IV. A. 2) Detailed Analysis of Covered Triad Extraction 
In order to deeply analyze the extraction performance of the model for covering triples, this subsection conducts 
further experiments on NYT-multi and WebNLG datasets. This experiment evaluates the model extraction effect on 
different types of triples. The results (F1 values) of different models in Normal, SPO, and EPO classes respectively 
are shown in Fig. 3. (F1 value is used as the evaluation index of the extraction results) (a~c denote the results of 
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different models in Normal, SPO, and EPO classes, respectively), where OneDecoder and MultiDecoder are the 
two implementations of the benchmark model CopyR, respectively. As shown in the figure, in the scenario of SPO 
category triad extraction, the model in this chapter is far better than all other benchmark models. Compared with 
the GraphRel method, this model improves the F1 values of SPO category triples by 18.9% and 32% for the NYT-
multi and WebNLG datasets, respectively. In addition, even though the Normal class does not contain covered 
triples, the present model still performs well and the F1 value on the NYT-multi dataset far exceeds all other 
benchmark models by 82.1%, which is consistent with the results on the NYT-Single dataset. 

  

(a) F1 of normal class    (b) F1 of SPO class 

 

(c) F1 of EPO class 

Figure 3: The different models are in the normal.epo class (F1) 

This subsection also compares the performance of the models in this chapter in the case of sentences containing 
different numbers of triples. Depending on the number of triples in the sentences, the sentences in the NYT-multi 
and WebNLG datasets were categorized into five classes based on the number of triples in the experimental phase: 
sentences in each class of dataset contained 1, 2, 3, 4 or ≥ 5 triples, respectively. The performance (F1 values) of 
different models on the NYT-Multi dataset with different number of triples is shown in Fig. 4 (Fig. a and Fig. b 
represent the performance tests of different models on the NYT-multi and WebNLG datasets, respectively). As the 
results show, the performance of all models decreases with the increase of the number of triples in a sentence, 
which is because when the number of triples increases, the coverage relation triples will increase, and the extraction 
of coverage relation triples is more difficult than the extraction of individual triples. However, when sentences contain 
either one or more triples, the model in this paper consistently outperforms all benchmark models on both datasets. 
Moreover, when the number of triples in a sentence is greater than 5, the performance gap between this paper's 
model and other benchmark models becomes larger. These experimental results show that the present model can 
effectively handle the coverage relation extraction problem. 
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(a) F1 of different triplet (NYT)    (b) F1 of different triplet (WebNLG) 

Figure 4: The performance of different models in different quantities 

IV. B. Knowledge Graph Entity Classification Based on Graph Convolutional Neural Networks 
IV. B. 1) Knowledge map construction for language education 
By analyzing professional websites and current standard documents related to language education reform, the 
knowledge map of this project defines entities and relationships for the textual content of education reform in 
language education. In the process of ontology construction, the entities themselves are all derived from the 
collected data, and the attributes of the entities themselves and the relationships between the entities are manually 
defined by referring to the collected data and professional information. The knowledge map of textual content in 
language education reform is shown in Figure 5. 

 

Figure 5: Knowledge map 

IV. B. 2) Classification experiment results 
In order to validate the effectiveness of the proposed model, this project conducts comparative experiments of 
different models on the Language Education Knowledge Graph dataset. In the experimental setup, two scenarios 
of using textual representation or not using textual representation are chosen for the experiments respectively. In 
addition, the effects of different text representation embedding layers on the experimental results are discussed, 
the effects of different numbers of R-GCN hidden layers on the model performance are compared, and the effects 
of different text representation dimensions on the performance of the entity classification model in the same situation 
are compared. The performance of the entity classification model for the language education knowledge graph is 
shown in Table 3. From the table, it can be seen that the highest classification prediction accuracy of 0.8906 was 
obtained when fusing the textual representation with the knowledge graph representation in the output layer without 
a hidden layer. 

The confusion matrix heat map of the classification effects of the 15 entity categories is shown in Figure 6. In the 
heat map, the color blocks on the diagonal line are the color blocks of the correctly classified categories, the vertical 
axis indicates the real labels, and the horizontal axis indicates the predicted labels. As the number of entities in the 
category of “curriculum and educational content” in the dataset is larger, there are more correct results in the 
discrimination, and the color is purple in the heat map. 
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Table 3: Language education knowledge map entity classification model performance 

Model Connection position Hidden layer ACC 

R-GCN Unconnected 2 0.8069 

R-GCN Unconnected 2 0.5881 

The R-GCN+5 dimensional word vector The first layer is hidden 1 0.8648 

The R-GCN+5 dimensional word vector The first layer is hidden 1 0.757 

The R-GCN+5 dimensional word vector The last layer of hidden layers 1 0.7559 

The R-GCN+5 dimensional word vector The last layer of hidden layers 1 0.854 

The R-GCN+5 dimensional word vector Output layer 1 0.8906 

The R-GCN+5 dimensional word vector Output layer 2 0.8019 

The R-GCN+5 dimensional word vector Output layer 1 0.8337 

 

 

Figure 6: The classification effect is confused by the heat diagram of the matrix 

The performance of entity classification models with different text representation dimensions is shown in Table 4. 
The table demonstrates the performance of entity classification for different textual representation dimensions in 
the same situation (0 hidden layer, textual representation connected in the output layer), and the prediction accuracy 
of the entity classification model improves somewhat when the textual representation dimension increases. 

Table 4: The properties of the physical classification model of different texts 

Text representation dimension ACC 

5 0.7877 

10 0.7894 

20 0.819 

30 0.8738 

40 0.8841 

 
The experimental results are analyzed and the following conclusions are drawn for the entity classification model 

based on graph neural network model and text representation in this paper: 
(1) In terms of the effect of introducing textual representations, the experimental results show that after introducing 

word vectors and embedding the word vectors into the hidden layer or the output layer, the accuracy of the entity 
classification is improved to a certain extent, which proves that the RGCN model with the introduction of textual 
representations can obtain richer node representations compared with the R-GCN model alone. 

(2) In the position of connecting textual representations, when word vectors are embedded in the first hidden 
layer, the last hidden layer and the output layer, respectively, the experimental results show that the word vectors 
are fused with the entity relationship representations in the output layer, and the accuracy of entity prediction is the 
highest. This indicates that word vectors, as an independent feature representation, do not need to participate in 
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multilayer graph convolution with knowledge graph vectors to collect neighborhood information. R-GCN layer needs 
to connect the word vectors of entities with the hidden layer and input them to the output layer after the hidden layer 
has captured enough information in the graph structure, the information expressed by each of the two features will 
be more rich and complete, and the entity type prediction will be more effective. 

(3) In terms of the number of hidden layers in the R-GCN model, this paper finds that the increase in the number 
of hidden layers does not improve the accuracy of entity type prediction, and the best prediction accuracy results 
are obtained when connecting to the output layer and no hidden layer, there are two R-GCN layers in total, the input 
layer and the output layer, in the whole R-GCN encoder. This suggests that too many R-GCN layers may lead to 
overfitting phenomenon and affect the effectiveness of the classification model. 

 
IV. C. Analysis of Research Hotspots for Language Education Reform 
IV. C. 1) High-frequency keyword analysis 
The keywords were normalized, the keywords with too broad meaning or obvious errors were deleted, and the 
keywords with the same or similar meanings were merged on this basis, and a total of 1995 effective keywords 
were finally obtained. In this study, 44 high-frequency keywords with a frequency of occurrence higher than 8 were 
selected and ranked, and the ranking of high-frequency keywords is shown in Table 5. It can be found that the main 
research hotspots of language education: the top 10 keywords other than removing language education are, in 
order: language teaching, reading teaching, language teaching materials, curriculum standards, writing teaching, 
language, classroom teaching, language teachers, language education, and integrated learning. Observation of the 
high-frequency keywords reveals that language research, curriculum reform, textual and pedagogical research, and 
student learning research are all hot research issues in language education. 

Table 5: High frequency keyword ordering 

Num. Key Words F Num. Key Words F Num. Key Words F 

1 Language Literacy 103 16 Oral Communication 17 31 Primary School Student 10 

2 Language Teaching 60 17 Mother Language Education 15 32 Sense Teaching 10 

3 Reading Instruction 48 18 Text 14 33 Read-Write 9 

4 Chinese Textbook 39 19 Ancient Poem 14 34 Overall Awareness 9 

5 Course Standard 32 20 Curriculum Reform 13 35 Teaching Model 9 

6 Writing Teaching 28 21 High School Language 13 36 College Chinese 9 

7 Primary Language 27 22 Practical Activity 12 37 Teaching Reform 8 

8 Classroom Instruction 27 23 Optional 11 38 Extracurricular Reading 8 

9 Chinese Teacher 25 24 Middle School Language 10 39 Native Language 8 

10 Chinese Education 22 25 Appreciation 10 40 Aesthetic Education 8 

11 Comprehensive Learning 22 26 Text Interpretation 10 41 Unit Teaching 8 

12 Emotional Education 20 27 Language Course 10 42 Gaokao 8 

13 Literacy 20 28 Text Reading 10 43 Course Objectives 7 

14 Language 19 29 Middle School Language 10 44 Learning Mode 7 

15 New Course 18 30 Linguistic Ability 10 Total Primary School Student 807 

 
IV. C. 2) Ochiai dissimilarity matrix analysis for high frequency keywords 
In order to further reveal the intrinsic connection of the high-frequency keywords, 44 high-frequency keywords were 
analyzed for co-occurrence and a word-part matrix was generated to obtain a similarity matrix, and the dissimilarity 
matrix of the high-frequency keywords in the research of language education (partially) is shown in Table 6. As can 
be seen from the table, the relationships with language education are, in descending order, language teaching, 
integrated learning, language education, curriculum standards, and language teachers. This shows that in the 
process of language education research, “language education” and “language teaching” are the most closely related, 
and it can also be seen that language education researchers are concerned about the focus of the problem. 

V. Proposed pathways for language education reform 
Through the qualitative and quantitative analysis of the knowledge mapping of research hotspots of language 
education reform, it can be found that the research on language education has made certain progress and has 
formed certain research results, but there are still some shortcomings. Therefore, the article further proposes the 
path of language education reform. 
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Table 6: Language literacy studies medium and high frequency keywords 

 
Languag

e literacy 

Languag

e 

teaching 

Reading 

instructio

n 

Chinese 

textboo

k 

Course 

standar

d 

Writing 

teachin

g 

Primary 

languag

e 

Classroo

m 

instruction 

Chines

e 

teacher 

Chinese 

educatio

n 

Comprehensiv

e learning 

Language 

literacy 
0 0.794 0.949 0.916 0.91 0.984 0.928 0.974 0.875 0.877 0.807 

Language 

teaching 
0.794 0 0.926 0.91 0.856 0.993 0.948 0.924 0.995 0.974 0.913 

Reading 

instruction 
0.949 0.926 0 0.979 0.876 0.91 0.898 0.847 0.884 0.931 0.991 

Chinese 

textbook 
0.916 0.91 0.979 0 0.917 0.91 0.847 0.968 0.943 0.904 0.829 

Course 

standard 
0.91 0.856 0.876 0.917 0 0.877 0.933 0.888 0.975 0.955 0.68 

Writing 

teaching 
0.984 0.993 0.91 0.91 0.877 0 0.951 0.957 0.015 0.982 0.955 

Primary 

language 
0.928 0.948 0.898 0.847 0.933 0.951 0 0.999 0.991 0.946 0.944 

Classroom 

instruction 
0.974 0.924 0.847 0.968 0.888 0.957 0.999 0 0.901 0.964 0.91 

Chinese 

teacher 
0.875 0.995 0.884 0.943 0.975 0.015 0.991 0.901 0 0.998 0.999 

Chinese 

education 
0.877 0.974 0.931 0.904 0.955 0.982 0.946 0.964 0.998 0 0.96 

Comprehensiv

e learning 
0.807 0.913 0.991 0.829 0.68 0.955 0.944 0.91 0.999 0.96 0 

 
V. A. Scientific development of curriculum objectives 
Curriculum objectives are at the core of language education and serve as an important guide for teachers in the 
development of teaching and learning plans. Language education should formulate curricular objectives and 
standardize teaching behaviours in accordance with the actual situation of the students, and avoid over-reliance on 
information technology in the design and arrangement of curricula. In addition, it is necessary to strengthen the 
inheritance and development of traditional language culture. Under the background of information technology, 
scientific and reasonable curriculum objectives are embodied in three aspects: curriculum objectives should be 
compatible with market demand and social development, curriculum objectives should be combined with the reality 
of current language teaching, and curriculum objectives should emphasize the discursive and practical nature of 
language education. 
 
V. B. Strict regulation of teaching behavior 
On the one hand, standardizing teaching behaviors can improve teaching effectiveness. Under the background of 
information technology, teachers can obtain teaching resources through various channels, and can utilize various 
tools for teaching, thus making teaching more effective. On the other hand, standardizing teaching behavior can 
improve teachers' information technology level. With the continuous development of information technology, 
teaching tools and resources are also constantly updated, and standardized teaching behavior can help teachers 
better master these teaching tools and resources, thus improving teachers' informatization level. 

 
V. C. Strengthening the use of resources for research and development 
With the continuous development and application of information technology, a technological and networked 
language teaching mode will become the mainstream of language education. It includes more intelligent, 
personalized and comprehensive teaching content and teaching methods, and also involves a wider range of 
application scenarios and market segments, which will, to a large extent, determine the development direction of 
language education. 

The first is to strengthen the research and development and application of information technology. This involves 
new technologies and applications in related professional fields. For example, advanced technologies such as 
artificial intelligence, big data and cloud computing can effectively promote the development of language education 
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through continuous R&D and application. These technologies can help teachers of language education to better 
manage, analyze and assess students' learning outcomes, and at the same time can help students to better learn 
and master language knowledge. 

Second, the popularization and application of information technology should be strengthened. This involves the 
training and education of elementary school teachers and students. Teachers need to understand and master the 
application methods and techniques of these technologies so that they can be better applied to teaching practice 
and improve the quality of education and teaching. 

Thirdly, the supervision and management of Internet language education should be strengthened. Due to the 
open nature of the Internet, there are flaws in the underlying technology and security problems, it is necessary to 
establish a perfect regulatory system and management mechanism to regulate the development of Internet 
language education and prevent possible negative impacts. 

 
V. D. Emphasizing the humanistic value of language education 
In the age of the Internet, language education must focus on the comprehensive development of students' language 
skills, rather than merely on meeting the requirements of traditional examinations. This requires the establishment 
of a new concept of education, focusing on the recognition and importance of the humanistic value of language 
education. The first is to emphasize the cultivation of students' language education. In the age of the Internet, 
language proficiency means not only critical thinking and communication skills, but also the ability to express 
thoughts and opinions accurately. In addition, teachers should improve students' reading and writing skills by 
stimulating their interest in languages. Secondly, they should emphasize the healthy development of students' body 
and mind. In the current educational context, students' physical and mental health is more important than ever. In 
this regard, educators should take a more positive approach to let them learn more cultural knowledge and classical 
literature, so that they can establish correct values. Thirdly, humanistic and artistic values should be emphasized. 
Through studying literature, classics, culture and language arts, students can not only understand traditional culture 
better, but also understand a wider and more complex cultural background. These abilities will help students to be 
more successful in their future studies and work. 
 
V. E. Improve the assessment and evaluation system 
The development of information technology has also brought new opportunities and challenges to language 
education assessment. Therefore, the assessment system of students' language education should be improved, 
and language use, cultural literacy, innovative thinking and other aspects should be included in the assessment 
content, so as to assess students' language level in a more comprehensive and scientific way. On the one hand, 
language education should expand the contents and forms of teaching. On the other hand, language education 
should continuously improve the assessment system. 

Based on the above analysis, under the background of the information age, only by promoting the integration of 
traditional education mode and information technology can students learn language knowledge more 
comprehensively and develop their language education, and language education can usher in a broader future. 

VI. Conclusion 
In this paper, the joint extraction algorithm of entity relations based on graph convolutional neural network and the 
classification model of language entity relations are studied in depth to construct the knowledge graph of language 
education, which provides certain reference for the optimization of the textual content of language education. The 
article draws the following conclusions: 

In the performance test experiment of the entity classification model of the language education knowledge graph, 
the highest classification prediction accuracy of 0.8906 was obtained when the text representation was fused with 
the knowledge graph representation in the output layer and no hidden layer was set up. This proves the efficiency 
of the model in this article. 

The reform path of language education can be carried out in five aspects, which are centered around the 
formulation of curriculum objectives, standardization of teaching behaviors, strengthening the continued research 
and development and application of information technology, attaching importance to the humanistic value of 
language education, and improving the assessment system of students' language education. 
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