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Abstract
The case element is a brief description of the case-related events. Extracting the case elements
in the news text has great significance for downstream case field natural language processing
tasks. In view of the case field relevance and intrinsic relevance of the case elements, this
paper proposes a joint case element extraction method based on case domain correlation and
graph convolutional network: modeling sentence contextual information by bi-directional
long short-term memory networks, then using it to predict the case field correlation for
guarantying the elements’ relevance of cases by joint learning; and modeling the dependency
relationship of candidate elements by graph convolutional network to capture its intrinsic
relevance. The experiments show that the method proposed in this paper improves accuracy
rate by 6. 6% in extracting case elements.

Keywords Case element · Case field correlation · Joint learning · Graph convolutional
network

1 Introduction

In recent years, the natural language processing of texts in the legal field has received more
and more attention from scholars. The current research object of natural language processing
in the legal field is mainly focused on texts in legal documents. How to automatically handle
public opinion texts related to cases is an urgent scientific question. For natural language
texts in the field of the case, the case element is a brief description of the case-correlated
event. This paper defines the case element as five categories of time, place, person, action,
and action object when the event occurred. The case elements reflect the core content of
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Fig. 1 An example of Dependency in news sentences

the case-correlated event, so it has a guiding and restrictive role in the subsequent natural
language processing tasks such as text classification and abstracts in case-correlated fields.

The case element extraction task can be regarded as a special keyword extraction task.
Given a news text, several keywords that meet the definition of case elements are extracted.
According to the definition of the case element, the case element has two features: the cor-
relation of the case field and the relevance between the case elements. These features are
not found in a general keyword. Keyword extraction is a research focus in natural language
processing. At present, there are two main methods for keyword extraction: unsupervised
method and supervised method. Unsupervised keyword extraction research mainly uses sta-
tistical methods to calculate the importance of words in statistical significance [1, 2], but
statistical methods cannot use the semantic relationship of context and the semantic infor-
mation of the words themselves, so the extracted keywords and the sentence where they are
located cannot be determined whether is correlated to the case field. For sentences correlated
to case field and sentences not correlated to case field, it is clear that it is more likely that
case elements are extracted from sentences correlated to the case field. Therefore, whether
the sentence in which the element is located is relevant to the case domain will obviously
affect whether the element is considered as the case element.

Supervised keyword extraction research usually focuses on machine learning meth-
ods, training keyword extraction models through labeled corpora. Some researchers
convert the keyword extraction task into a binary classification problem of words [3,
4], and some researchers regard it as a task to generate keywords from texts [5].
Although these methods can take advantage of the characteristics of words and texts,
they ignore the relationship between keywords. As shown in Fig. 1, "杨文(Yang Wen)",
"遭到(Encountered)" and "伤害(Injury)" are three candidate elements that exist on a
dependency tree, which describe the person and action respectively. It is at the same
time as whether "杨文", "遭到" and "伤害" are case elements. Based on this feature,
this paper converts the case element extraction into a group-level binary classification
problem, that is, determines whether a group of candidate elements are case ele-
ments.

To solving above problems, this paper proposes a method for joint extraction of case
elements based on case domain correlation and dependency graph convolutional network.
The bidirectional recurrent neural network is used to model the context of the candidate
elements to determine whether it has a case field correlation. The graph convolutional neural
network is used to model the dependency between the candidate elements to extract their
associated features, and finally determine whether this group of elements is case elements.
In order to obtain a large amount of training corpus, this paper adopts the method of distance
supervision to obtain labeled case elements in the news through co-occurrence information
[6].

The contribution of this paper includes the following two aspects: 1. A case element
extraction method with joint learning of case field correlation prediction is proposed. By
modeling the sentence context, it is judged whether the candidate elements meet the correlate
characteristics of the case field, and the accuracy of the extracted case elements is improved;
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2. The idea of extracting candidate elements by group is proposed. The associated features
between candidate elements in the group is extracted by using the graph convolutional neural
network.The accuracyof the case element extraction is improvedby integrating the associated
features between the candidate elements in the group.

2 RelatedWork

Case element extraction can be regarded as a special keyword extraction task, which is
mainly reflected in correlation of case elements to case fields and interrelationship between
case elements.

There are twomainmethods for keyword extraction: unsupervisedmethod and supervised
method. Unsupervised keyword extraction uses statistical methods to calculate the statistical
characteristics of words to get their criticality. Li et al. [1] extracted the keywords in news
documents by statistically predicting the term frequency-inverse document frequency (tf-idf)
feature of the words. Rose et al. [2] predicted the keyword probability of the word by using
the statistical co-occurrence frequency in the corpus to obtain the statistical characteristics
of the phrase. Li et al. used TextRank algorithm based on graph sorting to extract keywords
[3]. Unsupervised method does not need to label data and has better performance in keyword
extraction task. However, it is not applicable for case field due to statistical characteristics
of words without semantic information and the uncertainty between extracted keywords and
the case field.

In order to extract case semantics, the supervised keyword extraction method can be used.
Supervised keyword extraction methods generally train machine learning models through
labeled corpora. And there are two different understandings in keyword extraction tasks.
One is to perform the binary classification task of converting keyword extraction into words.
FRANK et al. trained naive Bayesian classifier through some artificially selected features
[3]. Turney has trained a decision tree classifier for keyword dichotomies of words [4].
Some use neural network and conditional random field (CRF) model to mark the sequence
of words is essentially based on this idea [7, 8]. And the other understanding of keyword
extraction tasks is using the method of sequence generation. Meng et al. integrated the copy
mechanism into the sequence-to-sequence model (seq2seq) to extract key phrases [9]. Zeng
et al. also used seq2seq model to transform keyword extraction into keyword generation task
and extract keywords for legal issues [4]. Thismethod enables themodel to learn the semantic
information of the sentence through the neural network, but it is difficult to closely combine
the semantics of keywords with each other because of the temporal characteristics of cyclic
neural network. However, case elements do not appear in the sentence in turn, so this method
is not suitable for modeling the correlation semantics among case elements.

In order to capture the relationship between the case elements, we model them in the
form of graph structure. In recent years, relevant researches on neural network have been
applied to the data of graph structure [10, 11], so that neural network can directly calculate the
graph. Bruna et al. [10] first transferred the spectral clustering to deep learning and proposed
graph neural network. Kpif et al. applied the convolutional neural network (CNN), which is
often used in the image field in deep learning, to the graph structure and proposed the graph
convolutional neural network (GCN) [11]. And Niepert et al. connected the nodes in the
graph in the spatial domain, constructing the nodes of the hierarchical structure [12]. Graph
convolution networks have been widely used in natural language processing tasks [13, 14].
Yao et al. trained a deep text classification model by using both words and documents as
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node compositions [13], and some scholars have also improved the GCN to get better results
on some tasks [15, 16]. Zhang et al. used graph convolutional neural network to model the
dependency tree, which significantly improved the accuracy of relational extraction [14].
Therefore, we also use this idea for reference to model the dependency tree through GCN to
extract the relationship between candidate elements in this paper.

Dependency tree is an important tool for natural language processing tasks, which can
directly connect words that are far away but have similar semantic relationships to build a
tree, and model the words in the sentence in turn, resulting in information clutter. Although
many scholars use dependency tree to model and learn word relations with good results,
dependency tree has certain limitations due to the sentence context information outside the
dependency tree. Contextual information outside the dependency tree is helpful for judging
whether candidate elements have case field relevance, which is of great significance for case
element extraction. Therefore, we incorporate contextual information to determine whether
the sentence is related to the case for joint learningwhile usingGCN tomodel the dependency
relationship, so as to improve the model effect.

Large-scale data is necessary but difficult to obtain for neural network training. SinceMintz
et al. have been proposing themethod of obtainingmarked entity-relationship corpus through
distance supervision [19], many scholars’ studies have also confirmed the effectiveness of
distance supervision for annotating relational data [6, 20]. Therefore, we also use the idea of
distance supervision to establish training data due to the case elements are related to describe
the same event from the definition of case element.

3 Method

In this section, we describe the proposed model for extracting case elements. Because legal
documents are normative, this paper extracts case elements from legal documents based on
rules to build a knowledge base of case elements, where case elements are stacked in groups.
Then it collects the news data based on the case element knowledge base, and labels the
case elements in the news text according to the co-occurrence information. At the same time,
because the case elements have the case field correlation, the case field relevance label of the
sentence can be labeled at the same time. During training the model, the contextual encoding
of the sentence is obtained by modeling the entire sentence, which is used to predict whether
the sentence has a case field correlation, and the candidate element components are partially
modeled by dependency graph convolutional networks to obtain a dependency encoding,
which is then combined with the contextual encoding information to predict whether the
candidate element group is a group of case elements. Figure 2 shows the core process of case
element extraction in this paper.

As shown in Fig. 3, the case element extraction model proposed in this paper contains
five layers: pre-processing layer, word embedding layer, context modeling layer, depen-
dency modeling layer and predicting layer. Suppose that we input a sentence of news
D = { w1...wn} in which w means a word in the news document. The pre-processing layer
constructs the dependency syntactic tree of the sentence through dependency analysis, and
then obtains the core syntactic part of the sentence according to the part-of-speech pruning to
obtain the candidate elements of the sentence describes as { w*1...w*m} , and get candidate
elements are formed into adjacency matrix A through mutual syntactic relationship. The
word embedding layer converts words into word vectors described as { e1...en} through a
word vector matrix. The context modeling layer uses bidirectional long short-term memory
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Fig. 2 The core process of case element extraction

Fig. 3 Model of case element extraction in this paper
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network(BiLSTM) to model the entire word sequence to obtain the vector of the sentence En.
The dependency modeling layer models the adjacency matrix A of the candidate elements
to obtain the dependency vector E1. The predicting layer predicts the case field correlation
of this sentence through the vector representation En of the sentence and predicts whether
candidate elements are case elements through En and E1, and calculate the losses separately.
Detail is described in this section below.

3.1 Pre-processing Layer

In order to extract the dependent syntactic information for the dependency modeling layer,
the pre-processing layer first analyzes the input sentence to its dependency relationship
through dependency syntactic analysis, then prunes through the part-of-speech and inter-word
dependencies, and intercepts components that have a first-order relationship with subject-
predicate object as a subtree. Suppose that the input sentence of the news text is D =
{ w1...wn} , pre-processing layer processes it to getwords { wi...wk} in dependency subtree.
For ease of description, these words are represented by { w*1...w*m} .

3.2 Word Embedding Layer

The input word sequence {w1, w2...wn} ∈ Rv represents the sentence which is to be
extracted, V is the size of the vocabulary. We pre-train a word vector matrix M ∈ RV∗d
through a large number of referee documents.

ei = wi · M (1)

(1) can map each word wi into a d-dimensional vector ei ∈ Rd . In the same way, candidate
element word w*i in { w*1...w*m} extracted by dependency analysis is also mapped to
vector e*i ∈ Rd .

3.3 Context Modeling Layer

Natural language texts have temporal characteristics so that recurrent neural networks can
effectively model them. In particular, long short-term memory networks(LSTM) has a better
result because it can solve the problem of long-distance dependence [21]. In this paper, we
use bi-directional long short-term memory networks(BiLSTM) to model the word sequence
{ w1...wn} of the input sentence. Suppose that wt is the word inputted at moment t, BiLSTM
work at time t like the formula as follows:

it = σ(Wi × wt +Ui × ht−1 + bi ) (2)

ft = σ
(
W f × wt +U f × ht−1 + b f

)
(3)

ot = σ(Wo × wt +Uo × ht−1 + bo) (4)

c̃t = tanh(Wc × wt + bc) (5)

ct = it � c̃t + ft � ct−1 (6)

ht = ot � tanh(ct ) (7)
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Ht = [�ht; ←
h t] (8)

where i t , f t and ot denote input gate, forget gate and output gate separately, deciding what
information the LSTM cell stores, discards, and outputs.W and b and U are trainable param-
eters, ht-1 represents the external state of the last time,� denotes vector element product,

[; ] denotes the concatnating operation. �ht and ←
h t denote the hidden layer tensor of the

forward and backward process separately. By processing the word sequence recurrently,
BiLSTM encodes the sentence to H1...Hn ∈ R2q where 2q is the hidden layer dimension
of BiLSTM. We concatnate the final results which the forward and backward operations
BiLSTM makes respectively as a final vector representation of the sentence, the formula is
as follows:

En = [H1[: q]; Hn[q :]] (9)

where Eg denotes the result of context modeling layer.

3.4 DependencyModeling Layer

For the dependency subtree { w*1...w*m} built in section A, we treat these words as nodes
of the graph, the dependency syntactic relations between words as edges of nodes, to build
an undirected graph. To generate the adjacency matrix A of this dependency tree, we set
Aij = 1 to indicate that there is an edge between w*i and w*j. Learning from the method
of Marcheggian et al. [22], the self-loop of each node is also added to the graph as an edge,
which means Aii = 1. In this paper, we use graph convolutional neural networks (GCN) to
model the graph. In layer k, GCN calculates the feature g(k)i of node i like the formula as
follows:

g(k)i = RELU

⎛

⎝
m∑

j=1

Ai jW (k)g(k−1)
j + b(k)

⎞

⎠ (10)

whereWk and bk denote the weights matrix and bias respectively for layer k of GCN, RELU
denotes a non-liner activation function. h is the input word vector e*i when k = 0.

At the top layer of the GCN, we affine all nodes into a tensor through a layer of fully
connected network, the formula is as follows:

El = tanh(Wl × G + bl) (11)

where

G = [g(l)1 ; g(l)2 ...; g(l)m ] (12)

l denotes the depth of GCN, tanh denotes a non-liner activation function, El is the output of
the dependency modeling layer.

3.5 Predicting Layer

The predicting layer is divided into two sub-layers: the case field correlation predicting layer
and the case element predicting layer.
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3.6 Case Field Correlation Predicting Layer

Context encoding Eg is a semantic space vector representation of the entire input sentence D.
In this paper, we give Eg to a softmax classifier to predict whether the sentence is correlated
to the case field. The formula is as follows:

p̂g
(
yg|D

) = so f tmax(Ws × En + bs) (13)

ŷg = argmax
y

( p̂g(yg|D)) (14)

where ŷg is the predicted result of case field. The training goal is to minimize the cross-
entropy loss between the predicted value and the real label, and the loss Jg is formulated
as:

Jg = −1

2
(yg−0 log ŷg−0 + yg−1 log ŷg−1) (15)

3.7 Case Element PredictingLayer

Both the results of context modeling and dependencymodeling are decisive for the predicting
of candidate elements.We concatenate Eg and El as input to the case element predicting layer,
formulated as:

E = [En; El ] (16)

Then, we use a softmax classifier to predict whether the candidate element group is a
group of case elements. The formula is as follows:

p̂(y|D) = so f t max(We ∗ E + be) (17)

ŷ = argmax
y

( p̂(y|D)) (18)

where ŷ is the predicted result. If ŷ is 1, the model predicts that the candidate element group is
a case element group, and components in the case elements are supplemented by a complete
dependency tree in the original sentence. The reason to operate supplement in the tree is that
the pruning operation may lose some information in the oraginal sentence.

The training goal of the case element predicting layer is also tominimize the cross-entropy
loss between the predicted value and the label. The loss is calculated as follows:

Jl = −1

2
(y0 log ŷ0 + y1 log ŷ1) (19)

Finally, we will jointly train the two prediction tasks, that is, the total loss of the model
will be added, as follows:

J = J l + Jg (20)

4 Experiments

In this section, we introduce the data set, the experimental hyperparameters and the baseline
model we used. The effectiveness of the proposedmethod is verified by contrast experiments,
and the effectiveness of the parts of the method is verified by ablation experiments.
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4.1 Data Set

Experimental corpus is the basis of training model, which directly determines the accuracy
of the experiment. At present, no relevant public standard corpus has been found. In order to
verify the effectiveness, two parts of experimental corpus need to be prepared: the corpus of
legal documents and the corpus of news texts.

There are many ways of news reporting, but basically the news is uploaded in the form of
Internet. Therefore, the carrier of news is web pages, and the basic composition of web pages
is HTML language. By analyzing the HTML code of the news website, writing a network
crawling program to automatically grab the news text information from the Internet, crawling
the news text from the Han Yue news website using the web crawler technology based on
XPath, and writing different templates for different websites using the scratch framework.
Through the template, you can locate the title, time and time of the news Text and other
detailed information, so as to search for accurate and detailed information.

Legal documents are normative, which is very suitable for obtaining the knowledge base
needed by the research. Through the processing of large-scale documents collected in the judi-
cial documents network, the judicial documents corpus needed for the research is obtained.
Firstly, the structure of the legal document obtained from the judgment document network
is the same as that of the relevant documents. Through simple structured processing, it can
be expressed in the form of a dictionary, and the content of the legal document can be
directly parsed into different components according to the fields. Due to the provisions of the
document, the wording of the case description sentence in the legal document is relatively
standardized, which is generally the structure of "time, defendant + place + behavior +
behavior object". Through the word segmentation and part of speech tagging of the case
description sentence, the rules are constructed based on the drafting rules of the legal docu-
ment, so as to extract the time, place, task Verbs and verb objects are the five elements of the
case.

After crawling to the corresponding document data and news data from the judgment
document network or news website, this paper selects JSON data format, processes the data
in the form of ’key name: key value’, stores the corpus with local files, and obtains the local
corpus file.

Based on the correlation between case elements, this paper adopts a way of labeling based
on distant supervision.

The usual sequence tagging task is carried out manually, because words have different
ambiguities based on different contexts. If the corpus is searched according to a word, its
meaning in the corpus can not be accurately labeled.

The idea of distant supervision is that when two words with mutual relationship appear
together, their meanings will be constrained by each other. The case element annotation
process adopted in this paper is as follows:

The first step is to extract the case element knowledge base from the judgment document
data. Due to the relevance of case elements, this paper saves the elements of each case in
groups.

Second, when dealing with news corpus, if multiple elements of a group of elements in
the case element knowledge base appear in a sentence at the same time, we believe that the
group of words in this sentence is a group of case elements.

Thus, we can mark the corpus of news text and case elements we need.
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By analyzing and cleaning 17,191 documents in the judgment document network through
rules, 4311 groups of case elements are obtained and constructed as the case element knowl-
edge base. 3449 news documents are crawled through distant supervision, and the dataset is
constructed by sentence.

Finally, the quality of the data set is checked by manual evaluation.

4.2 Hyperparameter Settings

There are five nodes pruned by the dependency tree and replaced byUNK for the components
that do not appear in the tree. The dimension of the word embedding layer we set is 300
dimensional, the context modeling layer dropout is set to 0.25, and the dependency modeling
layer dropout is set to 0.4, the Adam optimizer is used for optimization, and the batch_size
is 20.

4.3 Baseline Models

Due to the few researches on the task of case element extraction in the academic field at
present, this paper designs a comparative experiment for the task data set according to the
following methods:

(1) Considering the case element extraction task as a Chinese sequence tagging task. There
are twomain experimentalmethods: Using themethod of combiningBiLSTMwith CRF
(hereinafter referred to as BiLSTM + CRF) and the method of Lattice LSTM (Zhang
et al.,2018) (hereinafter referred to as Lattice).

(2) Considering the case element extraction task as a keyword generation task, that is, given
a document to generate the case elements. Based on this idea, the seq2seq model based
on copymechanism (Meng et al.,2017)(hereinafter referred to as copyRnn) for sequence
generation.

4.4 Evaluation Indicator.

We use the precision rate (hereinafter referred to as p), the recall rate (hereinafter referred
to as r ), and the F1 value (hereinafter referred to as F) as the evaluation index where F is
calculated as:

F = 2 ∗ p ∗ r/(p + r) (21)

4.5 Efficiency Analysis

By using different baseline models on the proposed data sets, the results are as follows:
The copyRNN only uses the copy mode, that is, it is trained completely by extracting the

original text, and stops when decodes five time steps at the decoder.
FromTable 1 it can be clearly observed that ourmethod improves the accuracyby6. 6%and

the recall rate by 12. 4%, compared with the case element extraction task which is regarded as
the Chinese sequence tagging task. This shows that the idea of using the relationship between
candidate elements and the case relevance of the sentence to be extracted is valid for this
task.
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Table 1 Efficiency Analysis of
different methods Methods P R F1_score

Our method 0.8299 0.7907 0.8098

BiLSTM + CRF 0.7637 0.6587 0.7073

Lattice 0.7811 0.6664 0.7192

CopyRNN 0.6284 0.3717 0.4671

When using copyRNN to predict, it’s accuracy and recall rate are low, which is because
copyRNN is more inclined to produce words other than the original sentence when used
for keyword extraction, and the relation between the candidate elements and the case filed
correlation of the sentence to be extracted is not used. However, since the case elements in
our dataset appear in the original sentence, copyRNN is not applicable to this task.

4.6 Ablation Experiment

In order to verify the validity of each part of themodel, each layer is eliminated and compared
separately.

When the context modeling layer is not used, the case field correlation predicting is not
used at the same time. Ablation experiment without dependency modeling uses BiLSTM
instead of GCN to model candidate elements.

By deleting the dependency modeling, the model becomes the BiLSTMmethod. There is
a large gap between the performance of the model and the BiLSTM + CRF model, mainly
because the CRF layer can learn the constraints of sentences and add some constraints to
ensure that the final prediction result is effective. These constraints can be automatically
learned by CRF layer when training data. With these useful constraints, wrong prediction
sequences will be greatly reduced.

As can be seen fromTable 2, eachmodeling layerwe proposed has a practical effect on case
element extraction. When the context modeling layer is not used, the accuracy and recall rate
are reduced obviously. Inferring from this, the semantic information modeling of the whole
sentence makes the model utilize the effective information other than the dependency tree.
The recall rate was slightly reduced by 1. 5% and the accuracy by 6%when the dependencies
were modeled without GCN, from which we know that the dependency modeling layer
proposed in this paper directly captures the semantic information of the candidate elements,
which can obviously improve the accuracy of the model.

Joint learning of the correlation of the case field, at the expense of a small number of recall
rates, has improved the accuracy by 8. 7%. It shows that joint learning of the correlation of the
case field effectively biased the model towards predicting the case elements in the sentence

Table 2 Result of Ablation
Experiment Methods P R F1_score

Our method 0.8299 0.7907 0.8098

Context modeling 0.7219 0.7469 0.7341

Dependency modeling 0.7695 0.7753 0.7723

Case field predicting 0.7426 0.8100 0.7748
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associated with the case field as a positive example, which is consistent with our definition
of the case elements and has obvious effect.

5 Conclusion

Aiming at the fact that the defined case elements have case-related characteristics and the
correlation between case elements, we propose a method for joint prediction of case field
correlationwhile extracting case elements.At the same time,we propose the idea of extracting
candidate elements by candidate elements, using graph convolutional neural networks to
extract the association relationship of candidate elements in the candidate elements, and
improving the accuracy of case element extraction by integrating the characteristics of the
association relationship of candidate elements in the candidate elements.

Further research can be carried out by processing the case news text based on the case
elements, such as using the case elements as the guidance information to obtain the core
information of the case text, and then processing the case field summary of the news text.
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