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ABSTRACT 

Entity-relationship extraction task is one of  the very important research directions in the field of  natural 

language processing, aiming at identifying and determining the existence of  specific relationships 

between entity pairs from unstructured text. The study firstly introduces the related theories of  graph 

neural networks in terms of  graph representation learning and graph neural networks, and then makes 

full use of  the information of  dependent syntactic trees to propose a relationship extraction model based 

on dependency graph convolution (DGGCN). The validity of  the model and the entity extraction effect 

are verified through relevant experiments.The DGGCN model is fully experimented on the public 

datasets NYT and WebNLG, and the F1 value is effectively improved.According to the results of  the 

ablation experiments, it is shown that the DGGCN model improves the entity and ternary extraction 

results by 0.5% and 4.3%, respectively. In the long and short distance entity extraction results, the 

DGGCN model outperforms the benchmark model in both long and short distance entity relations, but 

the extraction performance gap between short and long distance entity relations is still large and needs 

further improvement. 

Keywords: relationship extraction, graph convolutional networks, dependency syntax, entity recognition 

 

1. Introduction 

Entity-relationship extraction task is one of the very important research directions in the field of natural 

language processing, which aims to identify and determine the specific relationships existing between 

entity pairs from unstructured text. With the rapid development of the Internet has produced a huge 

amount of unstructured text information, which contains a wealth of valuable information, people have a 

more urgent need for information extraction of data [1-3]. Therefore, entity-relationship extraction 

technology has gained wide attention in industry and academia, and the construction of efficient and 

accurate entity-relationship extraction model is the basis of applications such as text mining, knowledge 

graph construction, information retrieval, etc., and also can play a great role for vertical fields such as 
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e-commerce, finance, and healthcare [4-6]. 

Entity-relationship extraction includes two subtasks: named entity recognition and relationship 

extraction. The named entity recognition technique aims to provide fundamental research for 

downstream tasks by recognizing various entities in text and adding corresponding labels, while the 

relationship extraction task identifies semantic association features among entities [7-8]. With the 

in-depth study of the entity recognition and relationship extraction tasks, the accuracy and robustness of 

the two subtasks have taken a qualitative leap. Traditional entity-relationship extraction usually adopts a 

pipeline model where the two subtasks are performed independently, i.e., entity recognition is performed 

first, followed by relationship extraction [9-11]. Such a framework is more flexible and simple to handle, 

and each sub-task can realize the corresponding requirement function separately [12]. However, the 

pipeline model ignores the interaction between the two subtasks, and the relationship extraction is highly 

susceptible to error propagation from named entity recognition [13]. The joint learning approach is 

accomplished by using the same structured model for both entity recognition and relationship extraction 

tasks simultaneously, which helps the model to learn richer and more diverse information, and also 

improves the effect and performance of the subtasks [14-16]. Thus, in order to obtain more efficient 

technical solutions, conducting entity recognition and relationship extraction in a joint way has become a 

research trend and has received extensive attention [17-18]. 

With the arrival of the era of big data and cloud computing, the computing power has been improved 

unprecedentedly, and deep learning has ushered in a rapid development, which is able to automatically 

learn text features and shine in entity relationship extraction tasks. Tian, Y. et al. proposed a 

dependency-driven Attention Graph Convolutional Networks relationship extraction method (A-GCN), 

which utilizes the attention mechanism to analyze the importance of different word dependencies pruning 

the dependency tree, in addition to enhancing the relational extraction of entities with contextual 

information by introducing dependency type information [19]. Hong, Y. et al. applied an end-to-end 

neural network model based on an improved graph convolutional network to joint entity relationship 

extraction, and constructed a complete graph of entity relationships utilizing neighboring node features 

and edge information to encode node features after entity spanning detection and entity relationship 

types were identified, which improved the efficiency of entity relationship extraction [20]. Li, Z. et al. 

introduced the application of dual-attention graph convolutional network in relation extraction task and 

introduced positional attention module to aggregate the features at each position of a node, and 

introduced relational attention module to emphasize the interdependent node relationships, which 

strengthened the representation of node information in the entity and helped to generate more accurate 

relation extraction results [21]. Fu, T. J. et al. developed GraphRel, an end-to-end joint 

entity-relationship extraction model based on graph convolutional networks, which understands the 

interactions between entities and relationships through a relationship-weighted graph convolutional 

network to improve the efficiency of relationship extraction, and utilizes linear and dependent structures 

to improve the model's prediction performance for overlapping relationships [22]. Carbonell, M. et al. 

studied the problem of entity recognition and relationship extraction in semi-structured documents, and 

proposed to establish a graph neural network architecture for information extraction, which can not only 

flexibly represent entity relationships in documents, but also adapt to the changes between different 

document templates, and show good generalization ability [23]. Xu, J. et al. used a feature-combination 

based graph convolutional neural network model (FC-GCN) for the relationship extraction task of 

different named entities, which encodes the structural information of sentences by generating adjacency 

matrices through a dependency tree and thus encodes the structural information of sentences, and also 

takes into account the a priori knowledge of the features of the different sentences in order to avoid 

syntactic analysis errors, and achieves a significant performance improvement [24]. Sun, C. et al. applied 

graph convolutional networks to entity-relationship bipartite graphs to improve the efficiency of utilizing 

the structure of entity-relationship bipartite graphs by performing joint reasoning on entity types and 

relationship types, which ultimately achieves joint entity-relationship extraction, and introduces the task 
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of classifying binary relationships to improve the efficiency of utilizing the structure of 

entity-relationship bipartite graphs, which in turn improves the interpretability of the proposed model 

[25]. 

In this paper, a relationship extraction model based on dependency graph convolution is proposed by 

combining graph convolution and dependency syntax methods, and the effectiveness of the model is 

verified through experiments. Firstly, full experiments are carried out on public datasets ACE05, NYT 

and WebNLG, which proves that the model proposed in this paper can effectively solve the problems of 

entity nesting and relationship overlapping, and then entity recognition extraction is carried out to verify 

the validity of the model, and finally, the model is compared with the baseline model to analyze the 

performance effect of the model in the face of the long-distance entity-relationship extraction. 

2. entity-relationship extraction model for joint graph convolutional networks 

2.1. Theories related to graph neural networks 

2.1.1. Graph representation learning. Graph Representation Learning aims to convert graph data such 

as social networks, protein networks, road networks, etc. into low-dimensional vector representations for 

learning vector representations of graph structures. In graph representation learning, the graph 

structure can be an undirected graph, a directed graph, or a weighted graph, where each node represents 

an entity and each edge represents a relationship between entities. The goal of graph representation 

learning is to represent each node as a vector so that they can be used in various tasks such as node 

classification, link prediction, and graph clustering. By encoding graph structures as vector 

representations, various machine learning algorithms can be more easily applied to solve graph related 

problems. 

In practical applications to graphs, the first step is to perform graph construction. The graph structure 

can be categorized into homogeneous and heterogeneous graphs based on whether the nodes and edges 

are of the same kind or not. 

2.1.2. Graph Neural Network Models. Graph neural networks are network models used to process 

graph data. Traditional convolutional neural networks and recurrent neural networks deal with regular 

Euclidean data, and GNNs can utilize graph structure information to deal with irregular non-Euclidean 

data [26]. 

1) Graph Convolutional Networks. Graph Convolutional Network is a graph neural network variant 

based on the idea of convolutional neural network for extracting feature representations of entity nodes 

from a graph. Unlike traditional convolutional neural networks, the convolution operation of graph 

convolutional networks takes into account not only the features of the nodes themselves, but also the 

features of the nodes' neighboring nodes, which enables the model to take full advantage of the 

relationships between the nodes in the graph. Therefore graph convolutional network has better results 

and higher computational efficiency. The formula of GCN is shown below: 

 
1 1

( 1) ( ) ( )2 2l l lH D AD H W
 


 

  
 

 (1) 

 
nA A I   (2) 

Where, H  and W  represent the node representation and weight matrix respectively, , ,A I D  

represents the adjacency matrix, unit matrix, and degree matrix respectively,   is the nonlinear 

activation function, and 
1 1

2 2D AD
   is the normalization operation. 

Graph Convolutional Networks are currently applied in relationship extraction work and have made 

good progress, and have also achieved good performance in very challenging tasks such as social 

networks, protein structure prediction, and chemical molecule design. 
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2) Graph Attention Networks. Graph Attention Network (GAT) is an attention mechanism for graph 

neural networks. In a traditional GNN, the representation of each node is obtained by aggregating the 

information of neighboring nodes. However, the information of all neighboring nodes is not equally 

important for the representation of a node. Therefore a more accurate node representation can be 

obtained by dynamically calculating the importance between each node and its neighbors through the 

method of attention mechanism. 

The formula for GAT is as follows: 

 ( , )ij i je a Wh Wh  (3) 
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where ije  is the attention coefficient between node i  and node j , W  is a linear transformation, 

,i jh h  is a feature representation of node ,i j , a  denotes a shared attention mechanism, ij  is a weight 

coefficient,   is a nonlinear activation function, and 
ih   denotes the final output feature vector of the 

node. 

2.2. Dependency Syntax Analysis 

The goal of Dependency Syntactic Analysis is to analyze a text according to specific grammatical rules, 

so as to obtain the syntactic structure of the text, as well as the relationship between individual words in 

the text [27]. Grammatical rules include Phrase Structure Grammar and Dependency Structure 

Grammar, Phrase Structure Grammar refers to analyzing the syntactic structure of the text through a 

certain number of context-independent rules, and Dependency Structure Grammar analyzes the syntactic 

structure by searching for the dependency relationship between the individual words that make up the 

text, and if there is a modifier and modified relationship between one word and another, then there is a 

dependency relationship between the two words and. 

2.2.1. Dependent Syntactic Structure Maps. A dependency syntactic structure graph is a visualization 
graph that describes the results of a dependency syntactic analysis. Dependency syntactic structure 
graphs usually use a directed edge to represent the dependency relationship between words, if a word 

AWord  depends on another word BWord , then there is a directed edge from BWord  to AWord  in the 

structure graph. 

2.2.2. Dependent neighbor matrices. The fusion of dependent syntactic analysis and graph attention 

network firstly requires the construction of graph features to convert the information of dependent 

syntactic structure graph into the form of dependent neighbor matrix, the vertices of the graph represent 

the words in the text data, the vertex features represent the word features, and the edges of the graph 

correspond to the edges of the syntactic structure graph. The construction rules of dependent neighbor 

matrix in this topic are designed as follows: 

1) The size of the adjacency matrix is N N , N  indicates the length of the text after sentence 

disambiguation, including punctuation, Chinese text is based on word disambiguation, and English text 

is based on space disambiguation; rows indicate the target node (words), columns indicate the 

neighboring nodes (words), and matrix values indicate the adjacency of the target node and the 

neighboring nodes, i.e., dependence on the dependence between words shown in the structural graph of 

the dependence on syntactic analysis, and for the each sentence of input The corresponding constraint 

matrix is dynamically constructed. 
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2) The value of the adjacency matrix only consists of “0” and “1”, “0” means that there is no directed edge 

connection between two words in the dependency syntactic structure graph, i.e., there is no dependency 

relationship; “1” means that the two words are connected by directed edges in the dependency syntactic 

structure graph, i.e., there is a dependency relationship. 

3) Ignore the “Root” node and “Root” directed edge relationship in the dependent syntactic structure 

graph when constructing the matrix to reduce the computational complexity. 

4) The adjacency matrix does not consider the directed edges pointing to each other, if there is a directed 

edge of AWord  pointing to BWord , in the dependent adjacency matrix, only the existence of arc 

adjacency is considered, and if it exists, then the corresponding positions of AWord  and BWord  in the 

matrix are assigned the value of “1”. 

5) Ignore the “mPUNC” directed edges and their pointing relationships in the dependent syntactic 

structure graph, and do not consider the dependency of punctuation on words. 

6) Considering the dependency on itself in the dependency adjacency matrix, i.e., the diagonal values of 

the matrix are all “1”, which indicates the self-cyclic dependency of the word and strengthens the word's 

own characteristics. 

7) The units in the Chinese dependent syntactic analysis structure diagram are represented by words, 

such as "leave" composed of "leave" and "open". For a unit composed of words, the dependency matrix 

considers the dependencies between all the words that make up the words, and the position of the 

combination of the same word is assigned as "1", and if there is a dependency between the words, the 

position of all the word combinations is assigned as "1". For example, in the above example, there is an 

AGT directed edge between "Composition" and "Zhang Yu", and in the dependent adjacency matrix, the 

matrix row represents "Spectrum", and the corresponding matrix column represents that all positions of 

"Spectrum", "Song", "Zhang" and "Yu" are assigned a value of 1. 

2.3. Relationship extraction model based on dependency graph convolution 

Aiming at the structural characteristics of dependent syntactic trees, DGGCN uses GraphSage to model 

dependent syntactic trees so as to more accurately understand the semantics of sentences and the 

dependencies between nodes. The structure of DGGCN is shown in Fig. 1. The model mainly consists of 

an embedding layer, an SRU encoding layer, a dependency graph encoding layer, a named entity 

recognition task and a relationship prediction task. 

BiSRU
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Fig. 1. Model structure 

2.3.1. Embedding layer. The construction of neural network models requires a large amount of data, 

and for NLP tasks, text is the input to the model. However, the raw text data cannot be used directly as 
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input to the model, so it is necessary to convert the raw text into a form that can be processed by the 

computer, i.e., the text words are converted into the form of vectors. 

2.3.2. SRU coding layer. The text is fed into the SRU encoder after generating word vectors through 

BERT, which serves to extract the contextually relevant semantics of the words and provides a 

parameter sharing layer for multi-task learning, through which two related tasks can exchange 

information so that the model learns a unified representation of multiple tasks with stronger 

generalization ability. 

LSTM uses the gate mechanism to solve the long distance dependency problem of RNN, which has 

three gate functions, namely input gate, output gate and forgetting gate. The state of the previous unit is 

remembered inside the unit by the three gate functions, as well as the features of the current time step. 

The formulas for the three gate functions are: 

 ( )t i t i t I ii W x U h b       (6) 

 ( )t o o t I oo W x U h b       (7) 

 ( )t f t f t I ff W x U h b       (8) 

 ( )t t g t g t l g t t lc i tanh W x U h b f c          (9) 

, ,t t ti o f  represents the output state of the input gate, output gate and oblivion gate respectively, and tc  

represents the cell state, which can be seen that LSTM needs the hidden layer representation of the 

previous moment when calculating the state of each gate 1th  , which leads to its serial computation.GRU 

combines the input gate and oblivion gate into a reset gate in order to reduce the computation and time 

cost, and the number of parameters is reduced compared with that of LSTM, but it still needs to be 

computed in a serial manner. 

As an improved RNN model, SRU inherits the advantages of RNN and reduces the training time of the 

model significantly.SRU also has a forgetting gate and a reset gate, and its formula is as follows: 

 ( )t f t ff W x b   (10) 

 ( )t r t rr W x b   (11) 

where ,t tf r  represents the output of the forgetting gate and reset gate, respectively, and it can be seen 

from Eq. Both gate functions do not contain the hidden layer representation of the previous time step 

1th  , which is due to the fact that SRUs place the more computationally intensive matrix operations on 

the input moments during training so that they can be computed in parallel. 

After the SRU network, the hidden unit representation 0 1 2{ , , , , }nh h h K h  is obtained for each moment, 

but since the inputs further away in time have less influence on the current moment and the closer in 

time have more influence when SRU is extracting long-distance dependencies, the SRU extracting 

sequence features in a single direction will be more influenced by the inputs at the current moment. In 

order to better model the temporal relationship, a bidirectional SRU encoder is used to capture the 

temporal features in both directions simultaneously, and then the features from the same moment are 

fused to obtain the final feature expression for each moment, and the merging formula is: 

 t t th h h  (12) 

where th  and th  represent the output hidden states of the SRU encoder at the forward and backward 

moments t , respectively, and the final output of the moment th  is obtained by splicing the hidden layer 

representations in these two directions. 

2.3.3. Entity recognition tasks. The entity recognition task uses the feature vector output from the 

dependency graph encoder, which already has contextual information to the same amount of the 
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probability that each word corresponds to an entity label can be obtained by using softmax numbers [28]. 

But the labels obtained in this way are locally optimal labels. In some cases, there is a strong dependency 

between the outputs of each moment. For example, in the lexical labeling task, there is a sequential 

relationship between different lexemes, which is constrained by language properties. And CRF can find 

out the optimal joint probability of the whole annotation sequence. Therefore this model adds a CRF 

layer to constrain the annotation task during entity recognition. 

For the input sequence 1 2 3{ , , , , }LH h h h K h  of the CRF layer, whose corresponding entity label is 

2 3{ , , , , }I nY y y y K y , the CRF probability distribution of the input sequence can be calculated by the 

following equation: 

 
1, ,

0 0

( , )
i i i

L L

y y H y

i i

score H y A F


 

    (13) 
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( | )

exp( ( , ))
y
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score H y

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1,i iy yA


 denotes the parameter transferred from entity label iy  to 1iy  , while ,H iF y  denotes the score 

of the i th word labeled iy . 

2.3.4. Relationship prediction tasks. The feature vector of the sentence encoded by the dependency 

graph is 2 3{ , , , }I nH h h h Kh , and the feature vector corresponding to the entity word in the sentence is 

{ ,..., }e p qhH h , because the entity may involve multiple words, the feature of the encoded entity word is 

pooled to obtain two feature vectors 1 2{ , }e eh h  representing the entity, and the feature vector 

1 2 3 1( , , , , ), ,...,s k k eh pool h h h K h h h H H    of the sentence is obtained by pooling the non-entity node at 

the same time, and then the sentence feature is concatenated with the entity pair feature and input into 
the softmax classifier to predict the category to which it belongs, and the formula is expressed as: 

  1 2max s e ey soft h h h  (15) 

Each dimension of the output vector y  represents the probability value of belonging to that 

relationship category. 

2.3.5. Multi-task learning. Multi-task learning is the simultaneous learning of multiple related tasks 

that together influence the whole model. The optimization direction of multi-task learning is jointly 

determined by multiple related tasks, and it represents the co-optimal solution of multiple tasks. In this 

paper, we use learning with auxiliary tasks to divide the model into a main task of relation extraction and 

an auxiliary task of entity recognition, and use entity recognition information to provide a kind of statute 

bias so as to improve the learning performance of relation extraction to make the model able to explain 

multiple tasks at the same time. The formula for multi-task learning is as follows: 

 , ,

T

m j m m j my w x    (16) 

where mw  is the weight of the m nd task, mjx  is the j th sample of the m th task, ,m jy  represents 

the corresponding output, and m  represents the noise. The information sharing of multiple tasks in Eq. 

is achieved by sharing features with shared hidden layer neurons, which makes the network 

generalization ability more powerful by optimizing multiple loss functions at the same time. 

Let X  be the input sample, iY  be the label for entity recognition and the relationship category for 

relationship extraction respectively, the total loss can be expressed as: 

 1,

1

( , ) ( , )
K

total k i i i

i

Loss X Y Loss X Y


  (17) 
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Where i  is the weight of iLoss  is a measure of the contribution of each task's loss to the total loss, 

by default, when there are K  tasks, the loss of each task accounts for 1/ K  the total loss, but the 

weight of each task in the model is inconsistent, so the loss weight for each task needs to be determined 

individually, and it is very time-consuming to manually regulate the i  In this paper, we use a dynamic 

weight search to automatically select the appropriate i  Specific formulas are shown in Eq. (18) and Eq. 

(19). 
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Where kw  is the relative decline rate, i.e., the ratio of each sub-task to the loss of the previous epoch 

round, T  is the weight difference, the larger T  represents the smaller weight difference between each 

task, and finally the percentage of each loss is calculated by exp mapping. Let nerL  be the loss of entity 

recognition and reL  be the loss of relationship prediction. The total loss function formula of this model 

is as follows: 

 1 2total ner reL L L    (20) 

3. Experiments and analysis of results 

3.1. Experimental setup 

3.1.1. Data sets. This chapter is fully experimented on three public datasets, ACE05, NYT, and 

WebNLG, and the specific statistical information of the datasets is shown in Table 1. 

Table 1. Three public data set information 

Dataset Relation types 
Sentences 

Training Test 

ACE05 6 743 1724 

NYT 12 64527 6000 

WebNLG 246 5378 821 

In order to demonstrate the validity of overlapping relationships, this chapter categorizes the NYT 

and WebNLG datasets into three categories: normal, entity pair overlap (EPO), and single entity overlap 

(SEO). The number of each category is shown in Table 2. A sentence is normal if neither the head entity 

nor the tail entity in the triad is the same; a sentence is single entity overlap if one and only one of the 

triad head or tail entities is the same; and a sentence is entity pair overlap if both the head entity and the 

tail entity in the triad are the same. In a detailed analysis of the extraction of overlapping relations, the 

results for the different categories are then discussed. 

Table 2. Number of overlapping categories 

Dataset 
Normaal SEO EPO 

Training Test Training Test Training Test 

NYT 39215 5500 16532 1378 9845 1002 

WetNLG 1745 257 3542 623 312 28 

3.1.2. Parameter setting. The model in this section sets the hidden state of Bi-LSTM to 200; 

300-dimensional Glove is chosen as the fixed word embedding; char and POS embeddings are randomly 
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initialized with 30-dimensional vectors; the threshold is set to the default value of 0.5; the learning rate of 

Adam's optimizer is set to 0.001; and the relationally-weighted Bi-GCN is a 2-layer one, with 0.5 

attenuation applied between the two layers, and the feature sizes of 256. 

3.1.3. Evaluation indicators. In this paper, precision rate, recall rate, and F1 value are used as 

evaluation metrics for model evaluation. 

Precision rate is the ratio of the number of correctly categorized positive example samples to the 

number of all samples predicted to be positive examples, denoted by P. In this paper, each data 

corresponds to a sentence, which corresponds to a known relationship category, and a predicted 

relationship category will be obtained after model training, with the current category as a positive 

example and other categories as negative examples. That is, the ratio of positive examples predicted to be 

correct by relation extraction to the total amount of data that is the sum of positive examples predicted to 

be correct by relation extraction and negative examples predicted to be correct but actually positive. 

Recall is the ratio of correctly categorized positive case samples to the total number of samples 

predicted to be positive cases, denoted by R. In this paper, it is the ratio of positive cases predicted 

correctly in the relational prediction category to the total of all data that are positive cases in the 

relationally extracted prediction category. 

Since the precision rate and the recall rate are dynamically changing, where the precision rate is also 

called the checking accuracy rate and the recall rate is also called the checking completeness rate, in 

order to better take into account the actual evaluation situation, the reconciled average of the two, i.e., F1, 

is used to express it. 

 
TP

P
TP FP




 (21) 

 
TP

R
TP FN




 (22) 

 
2 P R

F
P R

 



 (23) 

Where TP is a positive case where the actual relationship category of the data is positive and the 

predicted relationship category is also positive, FP denotes a negative case where the actual relationship 

category of the data is negative but the predicted relationship category is positive, and FN denotes a 

positive case where the actual relationship category of the data is positive but the predicted relationship 

category is negative. 

3.2. Comparative Experimental Results and Analysis 

In order to prove the effectiveness of the DGGCN model proposed in this paper, not only the 

NovelTagging model, CopyR model and OrderRL model are compared, but also the following baseline 

models are added:. 

Multi-trunQA: A novel multi-round dialog approach is proposed to achieve entity-relationship 

extraction, where entities and relationships are extracted through contextual dialog. 

Span-level: this model models all possible spans and performs joint entity and relationship extraction. 

Dy GIE: a generalized framework for information extraction tasks using dynamically constructed span 

graphs to share span representations. 

GraphRel: an end-to-end relationship extraction model that constructs a relationship-weighted graph 

and considers the interactions between entities and relationships. 

The results on the dataset ACE05 are shown in Table 3, which contains a large number of nested 

entities and is commonly used to detect entity nesting in entity relationship extraction tasks. Despite the 

fact that it contains 37.5% overlapping entities, the entity recognition performance of the DGGCN model 

proposed in this paper still reaches an impressive 93.7%, which is a 1.2% improvement over the DYGIE 
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model. This shows that the model proposed in this chapter has a strong ability to solve the entity nesting 

problem. For the relationship extraction task, which has only a small number of overlapping 

relationships in this dataset, the F1 value of the DGGCN model reaches 68.4%, which is an increase of 

1.1% over the DYGIE model.The Multi-trunQA model treats the entity-relationship extraction task as a 

multiple-round Q&A task, where the question query encodes important information about the entities 

and relationships that need to be recognized by the model, and this information can be used to solve the 

long-range entity pair problems, but the multiple encoding leads to high complexity. From the table, it 

can be observed that the span-based model works better compared to this sequence-tagging-based 

approach. 
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Table 3. Data set ace05 results 

System Enity Relation 

Multi-trunQA 0.889 0.643 

Span-level 0.901 0.669 

DYGIE 0.925 0.673 

DGGCN 0.937 0.684 

This section also shows results on the NYT and WebNLG datasets, which contain a large number of 

overlapping triples, such as SPO and EPO.The results on the NYT and WEBNLG datasets are shown in 

Table 4.The proposed model has a substantial improvement in precision, recall, and F1 value compared 

to the baseline model, and the improvement of the baseline model is 2.9% and 3% in the F1 value in the 

NYT and Web NLG datasets, respectively, compared to that of the baseline model. The best-performing 

OrderRL model achieves 2.9% and 3% improvement in F1 value, respectively, over the baseline model on 

the NYT and Web NLG datasets. Therefore, the DGGCN model acquires edge information while 

obtaining features of neighboring nodes, enriches the interaction between entity spans and relationships, 

and can effectively solve entity nesting and ternary relationship overlapping with superior performance, 

and the F1 value is ahead of the baseline model. 

Table 4. Results from nyt and webnlg data sets 

Modell 
NYT WebNLG 

Prec Rec F1 Prec Rec F1 

NovelTagging 0.665 0.358 0.461 0.566 0.234 0.324 

CopyR 0.651 0.607 0.628 0.418 0.405 0.412 

GraphRel 0.68 0.641 0.66 0.488 0.452 0.47 

OrderRL 0.82 0.713 0.762 0.674 0.64 0.657 

DGGCN 0.875 0.722 0.791 0.706 0.669 0.687 

3.3. Ablation experiment results and analysis 

In order to further verify the role of each part of the model on the overall performance of the model, this 

paper conducts experimental analysis on each part of the model. 

The experimental results are shown in Table 5, from which it can be seen that, with other conditions 

remaining unchanged, the entity and ternary extraction results are improved by 0.5% and 4.3%, 

respectively, when using the relational dependency matrix compared with the dependency matrix 

constructed by the NLP tool. There is a significant improvement in recall and F1 value when considering 

the relationship of relationship to entity interaction. It indicates that considering the entity relationship 

interaction has a positive effect on the results of the model. 

Table 5. Comparison of model solution results 

NYT 

Method Entity Triples 

 P R F1 P R F1 

Tree+ 94.1% 95.2% 94.7% 81.5% 57.4% 67.7% 

DGGCN 94.8% 95.8% 95.3% 86.7% 60.3% 72.4% 

The visualization of relationship distances under the NYT-based dataset is shown in Fig. 2, where the 

vertical coordinate indicates the distance and the horizontal coordinate indicates whether or not the 

relationship spatial dependency matrix is used, where NYT_Tree+ indicates that it is not used and NYT 

indicates that it is used. From dark to light in the heatmap one can indicate the distance between the 

predicted relationship and the correct relationship label in the NYT dataset, thus seeing the impact on 
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the prediction results. In the control group experiment it can be seen that most of the colors on the right 

side are darker than those on the left side. Therefore, it can be judged that the proposed DGGCN model 

has a high prediction effect on the vast majority of relationship categories, and it can be determined that 

the model has a high recognition ability in relationship distance identification. 

 

Fig. 2. Based on the nyt data set, the distance visualization is based 

In order to further verify whether entity-relationship interaction can improve overlapping 

relationships, this paper conducts experiments on the effect under different overlapping relationship 

types, and the experimental results are shown in Fig. 3. Under Normal relationship, DGGCN 

outperforms CopyRe-One18.3%, CopyRe-Multi17.4% and GraphRel17.7%. Under the EPO relationship, 

DGGCN outperforms the baseline model GraphRel by 5.5%. It outperforms CopyRe-One by 11.7% and 

CopyRe-Multi by 8.7%. Under the SEO relationship, DGGCN outperforms the optimal baseline model 

GraphREL under NYT by 2.2% respectively. It can be seen that CopyRe-One as well as CopyRe-Multi 

models address one-to-one relationships and are not very effective in predicting overlapping 

relationships. It can be demonstrated through experiments that DGGCN has a great improvement over 

the baseline model under the overlapping relationship problem. 



A STUDY ON THE APPLICATION OF GRAPH CONVOLUTIONAL NETWORK 2669 

 

 

Fig. 3. Different relational category f1 values 

The F1 values of the models evaluated in this section for different numbers of triples within a sentence 

are shown in Figure 4, where the horizontal coordinates represent the number of triples in the sentence 

and the vertical coordinates represent the F1 values. In the text with the number of sentence triples of 1, 

DGGCN predicts 0.76 and GraphRel predicts 0.74, exceeding GraphRel by 2%. As the number of triples 

increases, the prediction effect of each model gradually decreases. In the comparison of the number of 

ternary groups in groups 2, 3, and 4, DGGCN exceeds GraphRel by 8.9%, 17.2%, and 11.1%. It exceeds 

CopyRe_Multi 15.9%, 24.5%, and 8.2%. Exceeds GraphRel by 4.8% for the number of ternary groups 

greater than or equal to 5. 

 

Fig. 4. Different triples of f1 

In addition, the learning rate is an important index to improve the accuracy of the model. We set the 
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learning rate of different parameters for comparison, and the results of the comparative analysis are 

shown in Fig. 5. From the figure, it can be seen that on the NYT dataset, the DGGCN model works best 

when the learning rate is 0.001, with a value of 70.3. Similarly, in order to ensure that the embedding 

layer size setting reaches the optimal value, experiments are carried out on Bi-LSTM and GCN with 

different dimensions, and the results of the experiments are shown in Fig. 6, from which it can be seen 

that the number of layers has the optimal value when it is 256, and therefore, finally, we select the 256 

dimensions for the model parameters. 

 

Fig. 5. Changes in accuracy under different learning rates 

 

Fig. 6. Changes in accuracy under different embedded layer dimensions 

3.4. Physical distance analysis 

In order to analyze the performance of the model in the face of long-distance entity relationship 

extraction, this subsection measures the performance of the DGGCN model and the NovelTagging 

method on the NYT-single dataset based on the distance between entities in the relationship as shown in 

Table 6, where the DGGCN model outperforms the baseline model in the numerical case of both 

long-distance > 8 and short-distance ≤ 8 entity relationship NovelTagging, which indicates that even 
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if the distance between entities is long, the DGGCN model can still recognize their relationships well. 

This is because the model constructs a graph when recognizing entity types and relationship types, 

where two entities are directly connected and the distance is shortened to 1. However, there is still a big 

gap between the model's performance in extracting entity relationships between short and long distances, 

so improving the extraction of long-distance entity relationships is still a future research direction. 

Table 6. The performance of the distance between the entity 

Distance Method 
Relationship extraction performance 

Accuracy rate Recall rate F1 

≤8 
NovelTagging 0.612 0.482 0.538 

DGGCN 0.642 0.679 0.656 

>8 
NovelTagging 0.273 0.295 0.281 

DGGCN 0.302 0.413 0.352 

4. Conclusion 

In this paper, we propose a relationship extraction model based on dependency graph convolution with 

precision rate, recall rate, and F1 value as the evaluation metrics of the model, and verify the performance 

validity of the proposed model in this paper based on experiments. Firstly, the effectiveness of the 

DGGCN model is proved on ACE05, NYT and WebNLG datasets respectively, and sufficient 

experiments are conducted on the public datasets NYT and WebNLG, and the F1 value of DGGCN is 

effectively improved by the 2.9% and 3% progresses achieved compared to the OrderRL model. Then the 

extraction effect of the model in entity relations was verified by ablation experiments, and the results 

determined that the model has high recognition ability in relation distance recognition, and DGGCN has 

great improvement under the overlapping relation problem, which indicates the effectiveness of the 

model. 
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