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ABSTRACT 
The continuous improvement of judicial construction has led to the emergence of a large amount of 
judicial data on the Internet, and how to make full use of judicial data to promote judicial openness, 
fairness and efficiency has become an important issue in the construction of judicial informatization. 
In the article, the word vector generation technique is used to obtain the annotation sequence of legal 
text, and then the BiLSTM model is combined with the CRF model to realize the recognition of legal 
text entities, and the Adam algorithm is used to optimize the training of the model, so as to improve 
the recognition effect of the model on legal text entities. The GCN model in the graph representation 
learning algorithm is introduced, and the legal text entity recognition results are used as inputs for the 
construction of sequential and semantic relationships, and the GCN-BiLSTM model for legal text entity 
relationship extraction is constructed by combining the graph representation attention network and 
the BiLSTM model. Based on the self-constructed legal text dataset, the validation analysis of the above 
model is carried out through simulation experiments.The accuracy of the BILSTM-CRF model in legal 
text entity recognition is 85.67%, which is 7.35% higher than that of the single LSTM-CRF model. The 
GCN-BiLSTM model improves its accuracy by 2.14 percentage points compared with the CasRel model 
in extracting the entity relationships of legal texts with multi-entity overlapping. Combined with the 
legal text entity relationship extraction results, the knowledge map of legal cases can be constructed 
to provide accurate knowledge relationship support for sorting out the veins of legal cases. 

Keywords: word vector generation, BiLSTM model, CRF model, graph representation learning, GCN 
model, legal text entity 
 

1. Introduction 

Graphical learning algorithms, also known as graph representation learning algorithms, is a method 
of representing data as graph structures and learning them, which is widely used in the ϐields of data 
mining, machine learning, and social networks. It can effectively deal with unstructured data and 
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reveal the features and patterns of data from global and local perspectives. It is of great signiϐicance in 
the analysis of entity relationship of legal text [1-2]. 

With the development of the Internet, there are more and more legal texts, how to quickly extract 
key information from massive legal texts to help people understand the legal knowledge and improve 
the efϐiciency of case handling has become a current research hotspot [3-5]. Entities and entity 
relationships are the key information in the text, and extracting the entities and entity relationships in 
the legal case text can provide data support for constructing case knowledge graph [6-8]. Currently, 
the main problems of entity-relationship extraction applied in the legal ϐield are that there is no clear 
boundary character to identify the word boundary in Chinese case text, and lexical information usually 
plays a crucial role in determining the entity boundary [9-12]. The current entity-relationship 
extraction model lacks the access to the word feature information in the sentence, and the structure is 
complicated. In addition, some of the case texts have overlapping entity relations, i.e., one entity 
corresponds to multiple relations, which affects the accuracy of entity relation extraction [13-16]. 

With the acceleration of the process of ruling the country according to the law, various laws and 
regulations have been introduced one after another, but there are numerous cases of illegal and 
criminal behavior every year, which leads to the intensiϐication of the contradiction of “too many cases, 
too few people”. Starting from the annotation of legal text, the article uses the Skip-gram model to 
obtain the word vector sequence of the legal text, and obtains the contextual information of the legal 
text through the BiLSTM model, and then combines the CRF model to globally optimize the labels, so 
as to improve the entity recognition effect of the legal text. Based on the GCN model in the graph 
representation learning algorithm, the entity recognition results are used as inputs to construct 
sequence relations and semantic relations, and then the graph representation attention network is 
introduced to improve the feature extraction ability, and then the BiLSTM model is combined to obtain 
the contextual features of the entity relations of the legal text, and then the legal text entity relation 
extraction model based on GCN-BiLSTM is constructed. Based on the self-constructed legal text dataset, 
the effectiveness of the above model is explored, and the legal text knowledge graph is constructed by 
combining the results of legal text entity extraction to illustrate the feasibility and research value of 
the method. 

2. Methods of identifying legal text entities 

With the accelerating pace of the construction of the rule of law and the rapid development of artiϐicial 
intelligence technology, the application of artiϐicial intelligence technology in the judicial ϐield is 
becoming more and more mature. Judicial documents are different from ordinary texts, which usually 
contain a large number of legal terminology and have multiple meanings, etc. Intelligent labeling and 
extraction of the relevant entities of the transcripts and other textual materials can signiϐicantly 
improve the efϐiciency of the case, and the relevant research is of great signiϐicance. However, the 
traditional Chinese named entity recognition model has the problem of insufϐicient extraction ability, 
in this regard, the development of deep learning-based legal text entity recognition helps to better 
realize the extraction and analysis of legal text entity relationship. 

2.1. Legal Text Annotation and Word Vector Generation 

2.1.1 Marking of legal texts. In the actual legal provisions, all legal provisions are set up around the 
establishment of a legal relationship to begin with, the establishment of a legal relationship, ϐirst of all, 
need to follow certain principles, such as the establishment of a relationship involving property 
interests, need to follow the principle of fairness. The construction of a legal relationship requires 
three elements, namely, the subject of the legal relationship, the object of the legal relationship and the 
content of the legal relationship. The body of knowledge in the legal ϐield is shown in Figure 1. In 
different legal relationships, the subject and object are referred to differently. The core part of the 
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content of the legal relationship contains the rights and obligations of the subject and object in the 
legal relationship. 

Contract Legal relationship

Principles of civil law

Object of legal relation

Subject of legal relation

Content of legal relationship

Responsibility

Obligation

Rights

Perform

Enjoy

Premise

 

Fig. 1. Legal domain knowledge system 

In this paper, the "BIO" annotation strategy is adopted, combined with the entity type right (right) 
in the legal ϐield, which is denoted as "RIG", and the annotated characters can be obtained from the 
annotated characters as the right entity in the input text, and the obtained entity identiϐication tags 
are set as role (RUL), contract (COT), moral principle (PRI), data document proof (MAT), legal 
relationship (CON), right (RIG), and responsibility (DUT) , Obligation (OBL), Legal Acts (BEH), Money 
(MON), Deϐinitions (DEF), Illegal and Criminal Acts (ILL). 

Entity labeling was performed on the original legal text using the annotation tool Wizard Labeling 
Assistant to “.” , “;”, “:” for each legal text clause to ensure the sample size for subsequent entry into 
model training. After the legal text is divided into sentences according to the deϐined symbols, there 
are 1578 legal statements in total, and the legal statements are labeled with entities, and ϐinally the 
entity labeled ann.ϐile of the law is obtained. Combining the positional information of term entities and 
the original legal txt.text, we get the named entity recognition dataset of legal text labeled with “BIO” 
annotation strategy (Law). 

2.1.2 Word Vector Generation Techniques. In this paper, we propose a multi-feature word vector 
generation model is constructed based on Skip-gram algorithm, and use the negative sampling 
algorithm to assist the training of the model, the main principle is to use the center word to predict the 
background words in the upper and lower range of the text [17]. Skip-gram model is a neural network 
structure consisting of input, mapping, and output layers, and the training of the model is essentially 
the training of the neural network. That is, the weight parameters of the neurons are constantly 
adjusted by the gap between the input sample data and the real value, so as to improve the accuracy 
of the model. 

Assume that the size of the dictionary is N   and the set of indexes of the dictionary is 
{0,1, ,| | 1}V V   . Given a corpus C , the words in corpus C  are mapped one-to-one with the words 

in the dictionary and a word index is created. Let the word indexed as i  in the dictionary be iw . This 

word has two vector representations, the background word d
iu     and the center word d

iv   , 

where d  denotes the vector dimension. Based on this theory, let the word cw  with index c  in the 

dictionary be the center word and let the word ow  with index o  in the dictionary be the background 

word, then the conditional probability of generating the background word ow  given the center word 

cw  is: 
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The loss function of the model is: 
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where T  denotes the length of the text sequence, w  is the word corresponding to the moment of 
time step t , and m  is the size of the background window. 

In the process of minimizing the loss function, the Stochastic Gradient Descent (SGD) algorithm is 
used to calculate the minimum value, and the process of training the model using this method is as 
follows: ϐirstly, a subsequence is randomly selected in each iteration and the loss value of the sample 
is calculated, and then the gradient value is calculated using this sample, and ϐinally, the parameters of 
the model are updated according to the results obtained. In this case, the key to calculating the gradient 
value of the loss function is to ϐind the logarithmic conditional probability of the background word to 
the center word, then: 

 )lol gog ( | ) ( exp( )o c o c i c
i
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Differentiating the above equation yields the gradient of any center word vector ev , computed as 
follows: 
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Similarly, the gradient of any background word vector cu  can be derived in this way. 
In the process of training the model, because the above formula will introduce the background word 
vector of the whole dictionary in the process of calculation, and at the same time accumulate the terms 
of the dictionary size into the loss function. This makes the computational resource overhead become 
large, and greatly extends the training time of the model, seriously affecting the efϐiciency of model 
training. To address this situation, this model uses the negative sampling method to approximate the 
model training. 

2.2. BiLSTM and CRF modeling 

2.2.1 BiLSTM modeling. Long Short-Term Memory (LSTM) networks are a class of temporal recurrent 
neural networks obtained by structural modiϐication of Recurrent Neural Networks (RNN), which 
effectively solves the problems of gradient explosion and gradient vanishing that often occur in RNN, 
and is able to better capture long dependencies in the front and back texts of legal texts. 

The single base structure of LSTM internally includes three gate structures and one unit state. The 
gate structures are an input gate, a forgetting gate, and an output gate, which control the transfer of 
information, allowing the LSTM network to autonomously decide when to read in, discard, or output 
information to better process long text sequences [18]. 

The input gate determines the effect of new input information on the state of the cell at the current 
state of time and is calculated as: 

 1( [ , ] )t i t t ii W h x b     (5) 

where   is the Sigmoid activation function, ,i iW b  is the weight matrix and bias vector of the input 
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gate, respectively, 1th   is the hidden state of the  1t   time step, and tx  denotes the input sequence 
of the current time step. 

The forgetting gate determines how much of the previous time unit state is retained in the current 
time state and determines how much the past time unit state affects the current one, and is calculated 
as: 

 1( [ , ] )t f t t ff W h x b     (6) 

where fW  and fb  are the weight matrix and bias vector of the forgetting gate, respectively. 
The output gate determines which information about the cell cell state will be output and 

determines how much the current cell state affects the ϐinal hidden layer, and is calculated as: 

 1( [ , ] )t o t t oo W h x b     (7) 

where ow  and ob  are the weight matrix and bias vector of the output gate, respectively. 
The cell state stores the long-term state information of the text and is calculated as: 

 1 1* * ( [ , ] )t t t t C t t CC f C i tanh W h x b      (8) 

The hidden layer state update is represented as: 

 *tanh( )t t th o C  (9) 

where * denotes the element-by-element multiplication, tanh  is the hyperbolic tangent activation 
function, and cw  and cb  are the weight matrices and bias vectors of the state units. 

Bidirectional Long Short-Term Memory Network (BiLSTM) is further improved on the basis of LSTM 
by considering both the information of the current time step and the subsequent time step of the input 
sequence.BiLSTM consists of two independent LSTM networks, which process the input sequence 
according to the forward and inverse sequences, respectively, and obtains the forward LSTM th


 and 

the inverse one th


 denoted as: 

 1LSTM( , )t t th x h 
 

 (10) 

 1LSTM( , )t t th x h 
 

 (11) 

The ϐinal hidden layer representation is obtained by concatenating the two bidirectional LSTM 
outputs th . Then: 

 ,t t th h h   
 

 (12) 

Thus, the model can be made to obtain the information of the sequence's preamble and subsequent 
states at each time point. Thus BiLSTM is able to understand the contextual information more 
comprehensively and is more suitable for tasks such as predicate recognition, semantic role labeling, 
etc. than LSTM. 

2.2.2 CRF model. Conditional Random Fields (CRF) is a discriminative undirected graph model with a 
conditional distribution of associative graphical structure ( | )P y x   that does not require direct 
modeling of the dependencies of input variables x  [19]. 

Let X   and Y   be random variables, and the Markov random ϐield of output Y   conditional on 
input variable X  is called the conditional random ϐield, X  is an observation of Y . Let ( , )G V E  
be an undirected graph, and the nodes of the undirected graph correspond one-to-one with the 
elements in the random variable Y , assuming that each variable in Fig.  G  satisϐies Markovianity, i.e.: 

 \{ } ( )( | , ) ( | , )v V v v n vP Y X Y P Y X Y  (13) 

where vY  denotes the random variable corresponding to node v , and ( )n v  denotes the node that is 
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edge-connected to node v . 
Since the CRF is essentially a Markov random ϐield given a sequence of observations X  , the 

conditional probability of the conditional random ϐield can be written as: 

 
1

( | ) ( , )
( ) c c

c

P Y X X Y
Z X

   (14) 

where ( ) ( , )Y c c
C

Z X X Y     At the same time, inϐluenced by the maximum entropy model, the 

potential function is generally deϐined in the form of an exponential and an eigenfunction is introduced: 

  ( , ) exp , ,c c k k c
k

X Y f C Y X    
 
  (15) 

where k   is the weight corresponding to the characteristic function and kf   denotes a Boolean 
characteristic function. 

Therefore, the conditional probability of a conditional random ϐield has the general form: 

  1
( | ) exp , ,

( ) k k c
k

P Y X f C Y X
Z X

   
 
  (16) 

( ) ( ( , , ))k k c
Y k

Z X exp f C Y X   of them. 

2.3. BiLSTM-CRF modeling 

2.3.1 Model framework and design. In this paper, the BiLSTM-CRF model is used for the task of 
sequence annotation and named entity recognition of legal texts, and the structure of the BiLSTM-CRF 
model is shown in Figure 2. The probability of each word corresponding to each label is obtained using 
the BiLSTM model using SoftMax for normalization, however, each label does not exist independently, 
and there are certain constraints between them. While CRF can better learn the dependency 
relationship between each label, global optimization can make the annotation processing more 
accurate and efϐicient. 
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Fig. 2. The structure of the BiLSTM-CRF model 

BiLSTM is a combination of a forward LSTM and a backward LSTM to obtain a forward t -moment 
hidden layer output th


  and a backward t  -moment hidden layer output th


  spliced together 

[ , ]t th h
 

 to fully utilize the contextual information. 

2.3.2 Optimized training of recognition models. In order to avoid the local minima problem in the 
model, and to improve the prediction speed and accuracy of the model, the algorithm of the model is 
optimized.Adam's algorithm is an extension of stochastic gradient descent method, based on the 
adaptive estimation of low-order matrices.The algorithm calculates the ϐirst-order moment estimation 
and the second-order moment estimation of the model, and according to the results, it sets different 
dynamic learning rates for each model, and continuously updates the model parameters through each 
iteration. update the model parameters.Adam not only saves the historical gradient squared 
exponential decay averages, but also the past gradient exponential decay averages, so the update 
preserves the previous direction to a certain extent.Adam's model training is optimized as follows: 

 1 1 1(1 )t t tm m g     (17) 

 2
2 1 2(1 )t t tv v g     (18) 

where im  is the ϐirst-order momentum of the current gradient, tv  is the second-order momentum 
of the current gradient, tg  is the current gradient value, 1  is the ϐirst-order matrix exponential 
decay rate, and 2   is the second-order matrix exponential decay rate. Since tm   and tv   are both 
zero vectors initially, the decay rate may be biased toward the zero vector at the initial time, so a bias 
correction is needed, and the formula is as follows: 

 
1

ˆ
1

t
t t

m
m


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  (19) 
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2

ˆ
1

t
t t

v
v




  (20) 

where ˆ tm  is the corrected gradient band-weighted average and t̂v  is the corrected gradient band-
weighted biased variance. 

 1 ˆ
ˆt t t

t

m
v

 
  
  (21) 

Where   is the default value of 810  and   is the learning rate with an initial value of 0.01. 

3. Extraction of legal text entity relationships in conjunction with graphical 
representations of learning 

At present, courts at all levels have accumulated large-scale electronic case ϐiles and other data 
resources in the process of informationization construction, which contain massive case information, 
judicial knowledge and judges' experience in handling cases, and are important court big data assets. 
How to accurately and effectively extract the legal elements needed by judges or case handlers in the 
massive judicial data is the ϐirst condition of judicial informatization construction. Legal elements refer 
to key information such as plaintiff, defendant, and case in legal documents, and to extract these key 
information from the documents, it mainly relies on named entity recognition and entity relationship 
extraction techniques in the ϐield of natural language processing. Recognizing and extracting legal 
entity relationships in legal documents in the judicial ϐield and efϐiciently and accurately transforming 
legal documents in text form into structured information is one of the urgent needs for the 
construction of intelligent courts. 

3.1. Graph Representation Learning and GCN Modeling 

3.1.1. Graph representation learning algorithm. Graph representation learning is a technique for 
studying how to learn effective representations from graph-structured data. Graph-structured data is 
a common data type that can be used to represent relationships (edges) between entities (vertices). 
However, traditional machine learning methods often cannot directly deal with graph-structured data, 
and graph-structured data has complex topologies and relationships, which makes learning effective 
graph representations challenging [20]. 

Graph representation learning can be formally deϐined as follows: 
Given a graph ( , )G V E , where V  is a collection of nodes and E V V   is a collection of edges. 

Each node v V   may have a corresponding attribute feature d
vx   . The goal of graph 

representation learning is to learn a mapping function : kf V    that projects a node v  to a low-
dimensional vector k

vz   while preserving the graph structure and attribute information. 
Graph representation learning can be categorized as follows: 

1) Factorization-based approach. The graph representation learning problem is transformed into a 
low-rank matrix decomposition problem, where the node representations are obtained by 
decomposing the adjacency matrix or Laplace matrix of the graph, and the node representations are 
learned by optimizing the objective function. 
2) Random-walk based approach. Generate node sequences by simulating the random wandering 
process on the graph, and then learn the node representations using sequence modeling techniques. 
Classical algorithms include DeepWalk and Node2Vec. 
3) Neural network-based methods. Learning the representation of nodes in a graph by designing a 
speciϐic neural network structure, including methods based on graph convolutional neural networks 
(GCN). 

In order to achieve effective extraction of legal text entity relationship, this paper mainly adopts 
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graph convolutional neural network in graph representation learning, combines it with BiLSTM model 
to achieve legal text entity relationship extraction, and provides a new reference for optimizing legal 
text data and promoting judicial intelligence. 

3.1.2 Graph Convolutional Neural Networks. The graph neural network (GCN) model equates 
information aggregation operations on graph data to signal ϐiltering on graph data, and this class of 
methods transforms the graph data to the graph frequency domain via the graph Laplace matrix, which 
is then processed using the corresponding convolution kernel, i.e., a matrix ϐilter [21]. Namely: 

 ( * ) (( ) ( ))T T
Gf g U U g U f   (22) 

Where g  is the graph convolution kernel function, which is the ϐilter in the spectral domain, f  is 
the initial eigenvectors of the nodes, and U  is the matrix consisting of the eigenvectors of the graph 
Laplace matrix. The spectral domain method ϐirst uses the graph Fourier transform to map g  and f  
to the frequency domain for Hadamard product, and after obtaining the convolution result equivalent 
to the feature aggregation operation in the frequency domain, it is ϐinally mapped to the original spatial 
domain using the graph inverse Fourier transform. Moreover, another representation of the above 
equation is given as: 

  ˆ( * ) ( ( )) , [1, ]T
G lf g U diag g U f l n   (23) 

where ˆ( ( ))ldiag g    is the diagonal matrix with ˆ( )lg    as an element and  ˆ( ( ))ldiag g    is the 
convolution kernel. l  is the l th eigenvalue of the graph Laplace matrix. 

After a series of simpliϐications, the form of the graph neural network spectral method evolves as: 

 ( ( ) )Ty Ug U x   (24) 

where ( )ldiag    , ( )g    are convolution kernels while ( )    is a nonlinear activation function 
and x  is a node feature. Then: 

 
1

0

( ) ( )
K

k k
k

g T 




     (25) 

where k  represents the coefϐicients of the Chebyshev polynomials of the k nd order, ( )kT   is the 
Chebyshev polynomials of the k  th order, while 

2

m

I
ax

      is the scaled diagonal matrix 
consisting of diagonal elements from the eigenvalues, and maxx  is the maximum eigenvalue of the 
matrix. Then: 

 
1 1

0 0
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K K

T T
k k k k

k k

y U T U x T U U x   
 

 

       (26) 

The Laplace matrix, 
TL U U  , can be obtained by bringing in: 

 
1

0

( ( ) )
K

k k
k

y T L x 




    (27) 

where 2 / maxL L I  . It can be seen from Eq. (26) that the use of Chebyshev polynomials to form the 
convolution kernel eliminates the need for further eigenvector decomposition of the Laplace matrix, 
reducing the computational complexity of the spectral method. On this basis, computing the 
Chebyshev polynomials using recursive Eq. 1 2( ) 2 ( ) ( )k k kT L LT L T L        can further reduce the 
computational complexity by initializing 0 1( ) , ( )T L I T L L    . The graph convolution formula for the 
GCN model can be expressed as: 

 
1 1

2 2H D AD X
 

    (28) 
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where X   is the input feature matrix, , ij
j

A A I D A   
 , A  are the adjacency matrices of the 

graph. After the second-order approximation operation the graph convolution neural network model 
has the local aggregation interpretability, the above equation can interpret the graph convolution 
operation as the feature aggregation operation of neighboring nodes. 

3.2. Legal Text Entity Relationship Extraction Model 

3.2.1 Sequence relations and semantic relations. The description of the case in the legal text involves 
the speciϐic plot information of the case, and the description of the case not only contains key 
information such as the time, place, subject, speciϐic events, related disputes and reasons, but also 
includes some descriptive non-key information. Therefore, in this paper, the graph representation 
learning algorithm is used for the construction of sequence relationship and semantic relationship, 
which lays the foundation for the extraction of entity relationship in legal text. 

The Sequence Relationship Graph (SEG1) is denoted as ( , , )q q qG V E A  . Where , qV E   and qA  
denote the set of nodes, the set of edges and the adjacency matrix respectively. There are two kinds of 
nodes in the sequence relation graph, the word nodes are the words appearing in the text 

1 2{ , ,..., ,..., }i lFact h h h h , and the main nodes are the representation nodes of the whole document. The 
edges in the text sequence relation graph are classiϐied into two kinds: ϐirst, the edges between word 
nodes are generated according to a ϐixed-size sliding window, which connects the center node of each 
sliding window to other nodes; second, the edges between the document node (master node) and 
other word nodes. Speciϐically, the text sequence relationship graph is deϐined as: 
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Where the weights of the edges ,w w
ije   between the word nodes in the adjacency matrix are 

calculated based on the frequency and distance of occurrence of word pairs , ,,n i n jv v   during sliding 
in a ϐixed-size sliding window, and the weights of the edges between the word nodes and the document 
nodes ,

,
w d
i je  are 1, and the weight value of the edges between each word and itself , ( )w w

ije i j  is 1. 
The semantic relation graph (SEG2) is denoted as ( , , )m m mG V E A , where , mV E  and mA  denote 

the set of nodes, the set of edges and the adjacency matrix, respectively. There are two kinds of nodes 
in the semantic relation graph, the word nodes are the words appearing in the text 

1 2{ , ,..., ,..., }i lFact h h h h , and the main nodes are the representation nodes of the whole document. The 
edges in the semantic relation graph are categorized into two kinds: one is based on the edges between 
words, which are determined based on the similarity of word embedded representations, and the 
other is the edges between the document nodes (master nodes) and other word nodes. Speciϐically, 
the semantic relationship graph is deϐined as: 
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Where the weight of edge ,
,
w w
i je  between word nodes in the adjacency matrix is calculated based on 

word similarity, i.e., the value of cosine similarity between individual word pairs, and the weight ,w d
ije  

of the edge between a word node and a document node is 1, and the weight value of the edge between 
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each word and itself ,
, ( )w w
i je i j  is 1. 

3.2.2 Graph Representation of Attention Networks. The GCN-BiLSTM model constructed in this study 
is in the form of directed graphs, but the traditional GCN faces a performance bottleneck due to the 
limitation of ϐixed weights when dealing with directed graphs. In this paper, based on sequential and 
semantic relations, the attention mechanism is integrated into the information transfer between 
different relations, which makes it capable of capturing more detailed relationships between relations 
and dynamically adjusting the attention weights between relations according to their characteristics 
and similarities. As a result, each relationship can focus on its important neighbor nodes in the process 
of information transfer and weightedly aggregate the feature vectors of the neighbor nodes. Therefore, 
this study designs an element graph attention network (EGAT) to incorporate the attention 
mechanism into the node information transfer process of the GCN-BiLSTM model and obtains a graph 
representation of the GCN-BiLSTM model. 

Speciϐically, for target node iv , the attention coefϐicients i jv ve  are ϐirst computed one by one with 
its ϐirst-order neighbor nodes, then: 

 |([ ]),|
i j i j iv v v v j ve a Wh Wh v N   (33) 

where 
lv

h  and jv
h  denote the vector representations of node iv  and its ϐirst-order neighbor nodes 

currently involved in the computation, respectively, and 
lv

N  denotes the set of ϐirst-order neighbor 
nodes of node iv  . W   is a shared parameter matrix for linear transformation of node vectors, || 
denotes the splicing operation, and ( )a   is used to map the spliced high-dimensional features to a 
real number. 

To ensure that the weight representation of the nodes is relatively balanced and reasonable in range, 
the attention coefϐicients are normalized using the ( )Softmax   function, then: 
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Here, )·(LeakyReLU  denotes the activation function. 
After that, the current node's representation is updated by weighted summation of all ϐirst-order 

neighboring nodes based on the computed attention coefϐicients. Then: 
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where ( )    is an activation function and 
lv

h    is an update feature of node iv   fused with 
neighborhood information. 

On this basis, in order to enable the model to capture features at different levels, this paper further 
introduces multi-head attention. This is a self-attention based strategy that employs multiple attention 
heads working in parallel to enhance the ϐitting and representation ability of the model. The process 
is: 

 '

1
( ) || ( )

i j v i j ji

K
k k

v v N v v v
k

h K a W h 


   (36) 

where || denotes the splicing operation and K  denotes the number of heads in multi-head attention. 
Each attention head in the multi-head attention mechanism obtains a vector representation 

lv
h   and 

the ϐinal output is the splicing result of the K  set of vectors. 
Finally, in this paper, the maximum pooling ( )MaxPooling    function is used to process all the 

elemental node vectors ( )
lv

h K  in the GCN-BiLSTM model, and the most representative features are 
extracted from each node, which constitutes the ϐinal representation 

ig
H  of the GCN-BiLSTM model, 
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then: 

 ( ( ))
i ig vH MaxPooling h K  (37) 

3.2.3 GCN-BiLSTM modeling. Based on the sequential and semantic relations of legal texts, GCN and 
BiLSTM models are combined to construct a GCN-BiLSTM model for extracting entity relations of legal 
texts, and its model architecture is shown in Figure 3. The model mainly contains ϐive modules, i.e., 
input module, sequence relationship and semantic relationship module, GCN module, BiLSTM module 
and output module. 

     

      

Softmax

1r

BiLSTM

2r 3r 4r nr

BiLSTM BiLSTM BiLSTM BiLSTM

 1S     2S 3S 4S nS…

…

     2h 3h1h 4h nh

1s 2s 3s
4s sn

SEGSEG SEG SEG SEG

SEGSEGSEGSEGSEG

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

1w 2w 3w 4w nw

…

Word 
embedding

Position 
entry

O
utput layer

E
A

G
T

 layer
B

iL
S

T
M

 layer
S

E
G

 layer
B

iL
S

T
M

-C
R

F

 

Fig. 3. The structure of the GCN-BiLSTM model 

The input module is based on the legal text named entity recognition results obtained from the 
BiLSTM-CRF model given in the previous section, and then it enters the sequence relation and 
semantic relation modules for encoding, the GCN layer applies the graph convolution operation to 
update the node features, the BiLSTM layer aggregates the node features to get the features of the 
whole graph, and ϐinally outputs the legal text entity relation extraction results through the SoftMax 
layer. In the training process, for each sample of legal text, their graphs each go through the same 
embedding module to get the ϐinal representation. 
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4. Legal Text Entity Relationship Identification and Extraction Validation 

With the continuous development of artiϐicial intelligence technology, the new technology has brought 
more possibilities for upgrading various industries. Among them, “intelligent justice” is the focus of in-
depth research by major organizations. In judicial practice, large-scale judicial data, transcript 
information and judicial documents provide empirical guidance for studying historical cases, 
analyzing crimes and deciding case outcomes. How to use these data efϐiciently and accurately to help 
legal professionals in the judicial ϐield to read and analyze the texts has become a key issue to be solved 
nowadays. This paper proposes a GCN-BiLSTM-based entity relationship extraction model for legal 
texts, which provides theoretical support for the development of intelligent justice by obtaining the 
relationships between entities in legal texts. 

4.1. Validation of legal text entity identification 

4.1.1 Substantive identiϐication of legal texts. In order to verify the effectiveness of the BiLSTM-CRF 
model proposed in this paper in legal text entity recognition, the recognition validation is carried out 
for 12 different types of legal text entity categories given in the previous paper. For the entity 
recognition performance of the model, this paper adopts the common evaluation metrics of precision 
rate, recall rate and F1 value for evaluation in the experiments. Based on the Law dataset constructed 
in the previous paper, the Adam gradient descent method is utilized to train the BiLSTM-CRF model, 
and then the model validation is carried out on the validation set and test set. Figure 4 shows the legal 
text entity recognition results of BiLSTM-CRF model. 

As can be seen from the ϐigure, when the BiLSTM-CRF model established in this paper is used for 
legal text entity recognition, the mean values of precision rate, recall rate and F1 value on the 12 entity 
categories are 74.23%, 77.89% and 79.65%, respectively, and the overall recognition rate is above 70%. 
The legal text entity categories with the highest precision rate, recall rate and F1 value are Deϐinition 
(DEF), Responsibility (DUT) and Material Instrumental Testimonial (MAT), with values of 85.58%, 
83.58% and 84.98%, respectively, which are all above 80%. This indicates that the BiLSTM-CRF model 
designed in this paper has a high legal text entity recognition accuracy, and the legal text sequences 
generated by Skip-gram word vector technology, using the BiLSTM model to obtain its forward 
features and combining with the CRF model to globally optimize the probability of each entity labeling, 
and then to improve the effect of recognition of legal text entities. 

 

Fig. 4. Legal text entity recognition results 
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4.1.2 Comparison of the performance of different models. In order to validate the effect of the BiLSTM-
CRF named entity model proposed in this paper, this paper adopts an experimental comparison 
approach, combining the current mainstream named entity recognition methods such as LSTM-CRF 
model, BERT-BiLSTM model, IDCNN-CRF model, and BERT-IDCNN-CRF, with the BiLSTM-CRF model 
proposed in this paper on the same dataset and the experimental results are evaluated by using 
precision, recall and F1 values. The experimental results of different models on Law dataset are shown 
in Table 1. 

Based on the data comparison in the table, the following conclusions can be drawn: 
1) In this experiment, the accuracy, recall, and F1 value of IDCNN-CRF model are 80.46%, 83.38%, and 
81.49%, respectively, and those of BERT-BiLSTM model are 81.15%, 84.26%, and 82.37%, respectively, 
although the overall effect of BERT-BiLSTM model is better than IDCNN- CRF, but the difference 
between the two is not large, and the ϐinal F1 value only differs by 0.88%, but the IDCNN-CRF model 
takes less time to train than the BILSMT-CRF model. 
2) In this experiment, the accuracy, recall, and F1 value of the LSTM-CRF model are 78.32%, 81.15%, 
and 80.64%, respectively, while the BERT-IDCNN-CRF model obtains an accuracy of 84.23%, a recall 
of 87.64%, and an F1 value of 86.15%, which is 3.08% higher than the LSTM-CRF model, 3.38% and 
3.78%, respectively. It indicates that comparing with a single LSTM structure, the BERT+IDCNN model 
is able to achieve the extraction of contextual features of legal text from the realization of the global 
perspective to provide the model with labeled sequences, which effectively improves the recognition 
results of the model. 
3) Comparing the BERT-IDCNN-CRF model, the performance of BILSTM-CRF model with word vector 
technique in this paper is 85.67%, 89.51%, 88.96% in accuracy, recall, and F1 value, which is 7.35%, 
8.36%, and 8.32% higher than the single LSTM-CRF model, respectively. It is fully demonstrated that 
bidirectional LSTM can combine legal text character vectors, sentence markers and location 
information to encode vectors, providing word vectors incorporating more semantic information for 
the downstream task with greater semantic characterization capability. 

In summary, the BiLSTM-CRF model designed in this paper outperforms the current mainstream 
named entity model in legal text entity recognition, and can obtain more accurate legal text entity 
recognition results, laying the foundation for legal text entity relationship extraction. 
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Table 1. Physical identiϐication of different models 

Model Accuracy Recall F1 value 

IDCNN-CRF 80.46% 83.38% 81.49% 

LSTM-CRF 78.32% 81.15% 80.64% 

BERT-BiLSTM 81.15% 84.26% 82.37% 

BERT-IDCNN-CRF 84.23% 87.64% 86.15% 

BiLSTM-CRF 85.67% 89.51% 88.96% 

4.1.3 Impact of hyperparameters on the effectiveness of entity recognition. BiLSTM-CRF model in the 
training process is mainly used in the Adam algorithm for optimization training, the need to adjust the 
learning rate hyperparameters, different learning rate parameters may have a greater impact on the 
entity recognition effect of the model. Based on this, this paper analyzes the effect of different learning 
rates under the model on legal text entity recognition, entity recognition effect under different learning 
rates is shown in Figure 5. 

When the value of learning rate is between 0 and 0.5, the precision rate, recall rate and F1 value of 
BiLSTM-CRF model are closer to each other, and when it is greater than 0.5, there is obviously the 
phenomenon of high recall and low precision rate. This is mainly because the Skip-gram word vector 
generation technique only focuses on the boundary information, not on the type of words, in the legal 
text entity recognition task. When the proportion of the word segmentation task increases, the number 
of recognized entities is much larger than the number of correctly recognized entities, which leads to 
a decrease in the precision rate. Therefore it is important to choose an appropriate learning rate for 
the model in this paper. By observing the F1 values, it can be found that the F1 values corresponding 
to different learning rate values are about 12.5 percentage points higher than the 80.64% of the LSTM-
CRF model, which is because the introduction of the Skip-gram word vector generation technique can 
allow the model to learn additional information under the condition of ensuring that the named entity 
recognition task is adequately trained. -CRF model designed in this paper has certain robustness. 
Taking the above into account, the learning rate of the model in this paper is set to 0.2 as a way to 
ensure that the precision, recall and F1 values of the model have the same trend. 

 

Fig. 5. Physical recognition effects under different learning rates 

4.2. Extraction of legal text entity relationships 

4.2.1 Comparative analysis of different models. In order to verify the effectiveness of the GCN-BiLSTM 
model designed in this paper in performing legal text entity relationship extraction, this paper uses 
the Law dataset to verify the effectiveness of each module in the model in improving the performance 
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of legal text entity relationship extraction. The experimental results are demonstrated using P-R 
curves, and their speciϐic results are shown in Figure 6. Where SEG denotes the Sequential 
Relationship and Semantic Relationship module and EGAT denotes the Graph Representation 
Attention module. 

From the ϐigure, it can be seen that each improvement module plays a certain role in the legal text 
entity relationship extraction performance improvement. After adding the BiLSTM module, the 
precision of the improved model almost reaches the maximum among all the algorithms when the 
recall is about 0.021, but after that the precision decreases faster with the increase of the recall. After 
adding the sequence relation and semantic relation modules the precision of the improved model has 
some improvement compared to the original model, but the improvement is small. After further 
adding the graph representation attention module, the decrease of model precision is effectively 
alleviated with the increase of recall, and the model precision is higher than the original model and 
the model with some modules added after the recall is greater than 0.05. On the whole, each module 
in the GCN-BiLSTM model designed in this paper has certain improvement on legal text entity 
relationship extraction, which can obviously enhance the effect of legal text entity relationship 
extraction. 

 

Fig. 6. The experimental results of the experiment 

This paper also compares the performance of the proposed algorithm with other benchmark models 
for processing legal texts on the Law test set. The benchmark models chosen for the traditional 
approach are the Mintz model, which is the basis of remote supervision, and the feature-based multi-
instance learning method (MIML). Where the Mintz model is out classical model for remote 
supervision and the MIML model is the best model for solving the Mintz problem in the traditional 
approach. In the deep learning approach, BiLSTM and PCNN methods are used in combination with 
Attention Mechanism (ATT) and PCNN with Reinforcement Learning (RL) and compared with the 
proposed method in this paper. Figure 7 shows the test results of different methods on Law dataset. 

As can be seen from the ϐigure, the traditional methods Mintz and MIML are much less effective than 
the deep learning based methods, and the precision drops to 0 when the recall is around 0.25~0.27. 
The BiLSTM+ATT model has a better precision than the other three methods when the recall is around 
0.016, but the precision decreases faster with the increase of the recall. The PCNN+ATT algorithm 
achieves higher precision on the Law dataset, but its precision advantage is less obvious as the recall 
increases.The PCNN+RL model outperforms several other algorithms after the recall is greater than 
0.15, which also indicates that reinforcement learning can effectively improve the performance of the 
deep learning relationship extraction model. The precision of this paper's method signiϐicantly 
exceeds that of the PCNN+RL model and several other methods when the recall is 0.01, and its 
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precision is basically higher than that of other methods after the recall is greater than 0.05. Therefore, 
the area of the P-R curve of the model proposed in this paper is also larger than that of several other 
methods when performing legal text entity relationship extraction, thus verifying the superiority of 
the legal text entity relationship extraction model proposed in this paper. 

 

Fig. 7. Test results of different methods 

4.2.2 Comparison of overlapping ternary entities. In order to further verify the effectiveness of the 
GCN-BiLSTM model for extraction on overlapping entities of legal texts, comparison experiments were 
conducted with CasRel, which is currently more effective in solving entity overlap, using the method 
proposed in this study in three cases of Normal, Single Entity Overlap (SEO), and Multiple Entity 
Overlap (EPO), respectively, and the results of the experiments are shown in Table 2. 

As can be seen from the table, the accuracy of the GCN-BiLSTM model in the normal type of 
extraction results is 86.17% and the F1 value is 83.28%, which is not much different from that of 
CasRel's accuracy of 85.43% and the F1 value of 83.79%, and the accuracy and the F1 value are both 
improved by less than 1%, which belongs to a slight improvement. This indicates that the two models 
show very little difference in performance for normal types of legal text entity extraction, which shows 
that the GCN-BiLSTM model does not improve the performance of normal extraction types very much. 
However, from the extraction results of single-entity overlapping types, the GCN-BiLSTM model is 
signiϐicantly better than CasRel's extraction results in all the indicators, of which the accuracy, recall 
and F1 value are 1.42%, 2.02% and 0.78% higher than CasRel's, respectively. It indicates that the GCN-
BiLSTM model has a great improvement over the existing model in the type extraction from single-
entity overlap, and the extraction effect has a signiϐicant improvement. In addition, from the multi-
entity overlapping type extraction, the GCN-BiLSTM model has improved both the accuracy and F1 
than the experimental results of CasRel. Among them, the accuracy and F1 values are improved by 
2.14% and 1.06% respectively over CasRel. It indicates that the GCN-BiLSTM model has a great 
improvement over the existing model in the type extraction of multi-entity overlap, and the extraction 
effect has a signiϐicant improvement. Taken together, the GCN-BiLSTM model is better than the existing 
model in solving the single-entity overlap as well as multiple-entity overlap problems in ternary 
extraction, which proves the feasibility of this kind of extraction effect enhancement of ternary entity 
overlap by ϐirst constructing a legal text graph to represent the relationship, and then extracting the 
legal text entity relationships under the speciϐic sequential relationship and semantic relationship. 

Table 2. Triplet entity overlapping comparison experiment results 

Model Index Normal SEO EPO 
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CasRel 

Accuracy 85.43% 80.27% 79.62% 

Recall 82.26% 79.82% 81.46% 

F1 value 83.79% 80.97% 81.58% 

GCN-BiLSTM 

Accuracy 86.17% 81.69% 81.76% 

Recall 84.38% 81.84% 80.85% 

F1 value 84.27% 81.75% 82.64% 

4.2.3 Cases of substantive relationships in legal texts. This paper focuses on the task of entity 
relationship extraction of legal texts, for which the extracted set of entity relationship triples can 
provide data support for the construction of the knowledge graph of legal cases. Through the research 
work in the previous paper, the entity relationship extraction work of the text of the case domain in 
the legal ϐield is completed, and in order to better demonstrate the research results of this paper, a 
case is randomly selected from the Law dataset as an example for illustration. The case has undergone 
entity recognition, graph representation learning and entity relationship extraction work, a total of 6 
ternary groups are extracted, and its entity relationship extraction results are shown in Table 3. The 6 
groups of ternary groups extracted from the case, among which ternary group 4 and ternary group 5 
belong to a single entity overlapping relationship, and the model proposed in this paper can effectively 
extract the overlapping relationship, which further validates the effectiveness of the GCN-BiLSTM 
model. And the legal case text extraction results are visualized, and its visualization results are 
obtained as shown in Figure 8. Different colors in the ϐigure represent different entity categories, and 
the relationship between entities is displayed and processed ah through connecting lines, forming 
entity relationship directed graph, which can more clearly see the association between entities in the 
legal case text. It is of great help in sorting out the case and further shows the research signiϐicance 
and research value of the work in this paper. 

Table 3. Physical relationship extraction 

No Entity 1 Relation Entity 2 

1 Guliang Has_Offence Traffic accident 

2 Guliang Has_Light plot Repentance 

3 Traffic accident Has_According to the rule 
Criminal law of the People's 

Republic of China 

4 Guliang Has_Verdict Fixed-term imprisonment 

5 Guliang Has_Verdict Probation 

6 Guliang Other Liaoning 

Fixed-term 
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Liaoning
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Fig. 8. Physical network visualization 

5. Conclusion 

In this paper, a GCN-BiLSTM model based on graph representation learning is proposed to be used in 
legal text entity relationship extraction, which is based on BiLSTM-CRF model for legal text entity 
recognition, and combines sequential relationship and semantic relationship to construct graph 
representation attention network. In order to verify the feasibility of GCN-BiLSTM in legal text entity 
relationship extraction, the article carries out a simulation comparison test. The accuracy, recall, and 
F1 value of the BILSTM-CRF model constructed in this article are 85.67%, 89.51%, and 88.96%, 
respectively, when performing legal text entity recognition, which are 7.35%, 8.36%, and 8.32% higher 
than the single LSTM-CRF model, respectively. The accuracy and F1 of the GCN-BiLSTM model 
improved by 2.14% and 1.06% over the CasRel model when performing multi-entity overlapping legal 
text entity relationship extraction. Therefore, applying the graph representation learning algorithm to 
legal text entity relationship extraction can obtain the entity relationships in legal text and construct 
a legal knowledge graph based on it, which can provide support for sorting out case information. 
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