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In recent years, LegalAI has rapidly attracted the attention of AI researchers and legal professionals alike. Elements of LegalAI are
known as legal elements. These elements can bring intermediate supervisory information to the judicial trial task and make the
model’s prediction results more interpretable. This paper proposes a Chinese legal element identification method based on
BERT’s contextual relationship capture mechanism to identify the elements by measuring the similarity between legal elements
and case descriptions. On the China Law Research Cup 2019 Judicial Artificial Intelligence Challenge (CAIL-2019) dataset, the
final result improves 4.2 points over the method based on the BERT model but without using similarity metrics. This research
method makes full use of the semantic information of text, which is essential in the judicial field of document processing.

1. Introduction

At the heart of the law is language, and natural language
processing technologies have long been used in the legal field
to support many tasks that would benefit from structured
data and automated legal reasoning, such as better search
and information retrieval, compliance checking and decision
support, and better presentation of legal information to pro-
fessional and nonprofessional stakeholders [1]. In July 2016,
the National Strategy for the Development of Information
Technology (NSIDC) proposed the construction of “smart
courts” one of the core objectives of providing intelligent
assistance to judges in handling cases, including case push-
ing, sentencing assistance, and document generation. The
core goal of the construction is to provide intelligent assis-
tance to judges in handling cases, including case pushing,
sentencing assistance, and document generation [2]. This
development for automated analysis, indexing, etc. creates
opportunities for new approaches to improve the legal sys-
tem’s efficiency, comprehensibility, and consistency. For
example, one approach is to extract syntactic elements from

legal documents that satisfy specific semantics. These mean-
ings can be everyday and specific to legal information and
have particular significance for practitioners in private prac-
tice, government, public administration, education, and
research.

Legal documents contain descriptions of the facts of the
case. To improve the efficiency of the legal system, we can
extract key elements from a particular sentence of the case
description. The main goal of the research in this paper is
to extract the key elements from the case description. The
process is shown in Figure 1. The key elements are extracted
from the law by legal professionals and are easy to under-
stand. We extract the relevant elements from the case
descriptions with the help of deep learning algorithms and
the final results are used in the decision-making process.

The method proposed in this paper is suitable for text
data and extracts the key information in the text. The extrac-
tion result is used as intermediate auxiliary information. On
the one hand, it can provide work basis for judicial staff, on
the other hand, it can be used as basic information for down-
stream tasks and finally applied to real life, as shown in
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Figure 2. Furthermore, we outline the application directions
of this study as shown in Figure 3. However, the situation in
actual case descriptions is relatively complex. A sample of

data often expresses multiple semantics of great complexity,
and the relevance of sentences and elements in the legal
domain is vital for understanding the interpretation and

LegalAI

Case description :
……The plaintiff sued. In 1983, the plaintiff and the defendant got
married. In September 1983, they gave birth to a son. In May 1990, a
daughter was born. However, the plaintiff was responsible for all
matters of family life. The defendant often gambled and did not fulfill
his family obligations. Till now, the plaintiff and the defendant have
been separated for more than eight years.……

The relationship between a parent and child
does not disappear with divorce. After parents
divorce, the child remains the child of both
parents.
Divorce is granted for failure to fulfill family
obligations, abandonment, domestic violence,
cohabitation, etc.
If you have been separated for two years due
to discord, divorce is granted.
……

Element :
Married with
children

……

……

……

……

Legal regulation :

The Court held that the
marriage relationship
between the plaintiff and
the defendant was a legal
marriage relationship. They
had a son and a daughter
after the marriage. The
defendant did not fulfill is
family obligations after the
marriage and did not fulfill
his responsibilities as a
husband and father. They
are currently separated for
two years and their
relationship has broken
down.

Fulfill family
obligations

Two years of
separation after
relationship

Figure 1: A block diagram of the proposed research.

Legal text

Legal knowledge graph

Information
extraction

Query and corresponding
answer

Legal intelligent robot

Figure 2: The research results in this paper can eventually be used as supporting information for the construction of the above application
scenarios. This includes legal intelligent consulting systems and for legal intelligent robots, etc. [3, 4].

2 Wireless Communications and Mobile Computing



application of the law [5]. In the process of building a “smart
court,” the element identification task plays an important
role, aiming to extract key elements from legal documents
automatically. The purpose is to extract key elements from
legal documents automatically. For example, “The plaintiff
Zou Mou A claims: I gave birth to a son named Zou Mou
B with the defendant Pan Mou on June 6, 2010; on Novem-
ber 1, 2010, both parties registered for divorce and agreed
that The defendant would raise Zou Mou B and I would
pay monthly alimony,” Support, payment of alimony, and
payment of alimony monthly. This information has a signif-
icant reference value for the trial outcome and is critical in
the trial process. Trial experts generate the critical elements
based on case analysis. The extracted results can be used in
practical operations in the judicial field, such as case sum-
mary, interpretable class case push, and related knowledge
recommendation. This paper proposes a new method for
identifying legal elements, which can learn the complex
semantic information in the documents and help uncover
the key elements of legal documents, and is of outstanding
technical significance and practical importance for promot-
ing the development of “smart court.”

2. Related Work

Legal research is usually the process of finding the informa-
tion needed to support legal decisions. In practice, this usu-
ally means searching for content relevant to the particular
matter at hands [6]. LegalAI also has its exclusive notation,
named legal elements. The extraction of legal elements
focuses on extracting key elements, such as whether some-
one has been killed or whether something has been stolen.
These elements are known as the constituent elements of a
crime, and we can directly convict an offender based on
the outcome of these elements. These elements bring inter-
mediate supervisory information to the judgment prediction
task and make the model’s predictions more interpretable.
In natural language processing, several classical coding
models are used to extract features [7–10] and perform ele-

ment recognition tasks. They can automatically extract key
information from text and apply it to downstream tasks.
Typical algorithms include ML-KNN [11] based on the
KNN algorithm, ML-DT [12] based on the decision tree
algorithm, and Rank-SVM [13] based on the SVM algo-
rithm; Yildirim et al. [14] analyzed text to extract noun
phrases from it and trained a support vector machine classi-
fier to determine whether the noun phrases were genuine
attributes; Chen et al. [15] compared conditional random
fields with a variety of other methods for element recogni-
tion, including hidden Markov models and association
rule-based statistical methods, and the experiments show
that conditional random fields are more suitable for element
recognition tasks. However, machine learning methods often
use phrases as features for classification, ignoring contextual
information.

In recent years, deep learning has achieved perfect
results on text classification task. Kim [16] used the
TextCNN method to perform text feature extraction after
obtaining vector representations of text, which can capture
local semantic information; Liu et al. [17] used the deep
learning method RNN to capture global contextual informa-
tion by passing information from one moment to the next,
which can also achieve good results. However, the position
of words in the sentence in the case description of legal doc-
uments has a more critical impact on the case outcome.
Although we can capture local or global contextual informa-
tion by CNN and RNN, we cannot express the position
information of words and the interrelationship of other
words in the text simultaneously [17, 18]. The above algo-
rithms require a large amount of labeled data for training
and are very costly. To overcome this limitation, a method
called “transfer learning” (in this paper, fine-tuning is used
as a transfer learning technique) is introduced in this paper
[19, 20]. The basic rule of this approach is to reuse the model
trained for a specific task as a starting point for the model
trained for the target downstream task. In the last two to
three years, migration learning has shown extraordinary
results in most computer vision tasks [21, 22], and in today’s

Elements recognition

Applications

Assignment of claims
by creditors
Reminder of repayment 
Refusal to honor
repayments
……

Prison term prediction
Judgment
prediction

Question
answering

Similar case
matching

Online consultation

Intelligent voice interaction

Case retrieval

Accusation prediction

Laws and regulations predictionKnowledge
guided

Figure 3: An overview of the application directions of this research.
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practice, researchers rarely train deep learning models from
scratch. Transfer learning, previously restricted to CV tasks,
can now also be performed in the natural language process-
ing domain, introducing recent language representation
models [23–25], and the latest technology, Google’s BERT
[26]. Transfer learning performs well in natural language
understanding tasks.

For the element recognition task of legal documents, this
paper proposes a semisupervised migratory learning
approach based on BERT’s contextual relationship capturing
mechanism to accomplish element recognition by measur-
ing the similarity between legal elements and case descrip-
tions. The core idea of this approach is to use the transfer
learning capability of the BERT pretrained language model
to represent each sentence of the text and Chinese element
features and finally use cosine similarity to measure the sim-
ilarity between the sentence feature vector and the Chinese
element feature vector, to predict whether the Chinese label
is a critical element of the text.

3. Methods of Legal Element Recognition

3.1. Element Recognition. In the judicial domain, the primary
purpose of the case element recognition task is to automati-
cally extract critical factual descriptions from the case
description. The results of the case element recognition can
be used in practical business requirements in the judicial
field, such as case summaries, interpretable case pushing,
and relevant knowledge recommendation. After the relevant
paragraph of a given judicial document, the system analyzes
and judges each sentence to identify the critical case ele-
ments. Table 1 shows that the recognized elements can
determine the final judgment results. It shows that legal ele-
ments are important for downstream tasks.

Table 2 shows the three sentences in the instrument. It is
important to note that each sentence in the instrument cor-

responds to a variable number of category labels, which may
contain one or more or even no critical elements at all. The
labels are represented using English characters and have cor-
responding Chinese semantics, as in Table 3. The Chinese
semantics is given by the relevant experts in the field and
is a vital reference for the orientation of judicial outcomes.

This task covers three areas in total, including marriage
and family, labor disputes, and loan contracts. Before the
element identification task, the English labels in the dataset
needed to be replaced using Chinese labels. The Chinese
semantics of all tags needed to be judged and whether there
was a contextual connection with each sentence. If two sen-
tences are contextually related, they are tagged, indicating
that the tag belongs to the critical elements of the sentence
and is stored in the list; if it is not tagged, it means that
the tag does not belong to the critical elements of the sen-
tence and no other processing is done.

3.2. BERT Model. The BERT model is a language representa-
tion model based on a large amount of unsupervised data
trained by Google released in 2018, using transformer’s pow-
erful information extraction capabilities to build pretrained
language models with strong generalization capabilities
using massive amounts of data. The BERT model uses the
encoder part of transformer [27], and its model structure is
shown in Figure 4.

The transformer is a self-attention based model that uses
the encoder-decoder structure in seq2seq, where both the
input and output are sequences. The decoder decodes this
fixed-length vector into a variable-length output sequence.

This idea is based on RNNs, unlike RNNs, where the
gradient of each input depends not only on the computation
of the current step but also on the data of the previous time
steps. Therefore, RNNs have the disadvantage of not being
parallel and running slowly. Elements also take into account
the relationship between any two elements of the input [28].

The structure of the encoder in the transformer model is
shown in Figure 5. The input to the encoder is a word
embedding representation of a sentence, which is fed into
the self-attention layer with the location information of each
word in the sentence. Self-attention computes the relation-
ship of each word in a sentence to other words, embedding
the semantic information of the whole sentence into the
word vector, and is the most powerful module in the
encoder part.

Previous work on pretraining representations, such as in
OpenAI, GPT, and ELMo, is one-way and shallow bidirec-
tional, respectively, whereas BERT is deep bidirectional. Bert
removes the constraints provided by the one-way approach
by using a masked language model as a pretraining target.
BERT uses three embedding layers in its input

Table 1: Results of elemental analysis.

Case description:
……the plaintiff sued. In 1983, the plaintiff and the defendant got
married. In September 1983, they gave birth to a son. In May 1990,
a daughter was born. However, the plaintiff was responsible for all
matters of family life. The defendant often gambled and did not
fulfill his family obligations. Till now, the plaintiff and the
defendant have been separated for more than eight years. ……

Married with children Yes

Fulfill family obligations No

Two years of separation after discord in a relationship Yes

Case result: (the plaintiff won the case.) divorce granted

Table 2: Sample data.

Sentence Label list

Sentence 1 []

Sentence 2 [“DV1”]

Sentence 3 [“DV1”, “DV4”, “DV2”]

Table 3: Chinese semantic information of character tags.

English characters Chinese semantics

DV1 Semantics1

DV2 Semantics2

DV4 Semantics3
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representation, where the token embedding converts words
into a fixed 768-dimensional vector representation of the
[CLS] and [SEP] tokens are appended to the beginning
and end of the tokenized sentence; they are used as the input
representation for the classification task and to separate the
input text. If given a pair of text inputs, the segmentation
embedding of BERT can perform the text classification task.
An example of this is to classify two texts if they are seman-
tically similar. Thus, the texts are concatenated and fed to
BERT, which differentiates the texts with the help of seg-
mented embeddings. The positional embedding in BERT
uses the learned positional embedding; this is done using
the function used to compute the positional encoding in
the transformer. The positional embedding used here under-
stands the relative position, not just the absolute position.
This is achieved by adding a sine function to a 768-
dimensional vector representation of the word, which
depends on the position of the word I in the sentence
sequence, and the position of j in the embedding feature
position, which produces slightly of the same word in differ-
ent positions. The final input embedding is the sum of the
three embeddings.

BERT uses a novel approach to use bidirectionality by
pretraining the “masked language model” and “next sen-
tence prediction” rather than pretraining the language
model. All word point tokens are masked 15% of the time,
with words replaced by [MASK] tokens 80% of the time,

Transformer encoder 

 Text input

Vectorized representation of text

T1 T2 TN

Trm Trm Trm

Trm Trm Trm

E1 E2 EN

...

...

...

...

Figure 4: BERT model structure.

Encoder

Input embedding

+
Positional
encoding

Self-attention

Add & norm

Self-attention

Add & norm

Output embedding

Figure 5: Transformer encoder structure.
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random words 10% of the time, and words remaining
unchanged the rest of the time. The model attempts to pre-
dict the correct value of the masked words based on the con-

text given by the unmasked words in the sequence.
Technically speaking, predicting the output words requires
three steps:

legal instrument Semantic similarity measureBERT model representation

Divorce Labor Loan

Data preprocessing

...
...

Sentence 1 Trm Trm Trm

Trm Trm Trm

...

...

...

...

Sentence 2

Sentence 3

Sentence n-1

Sentence n

Element1

Element2

Element20

T1 T2 TN

E1 E2 EN

Figure 6: Element recognition framework diagram.

Input: a list of each sentence and corresponding label in the legal document doc, datafsen1 : ½lab11, lab12,⋯�, sen2 : ½lab11′ ⋯ �, ::,
sen2½lab11, lab12,⋯�g;
Output: Each sentence of the legal instrument and all combinations of elements, and a 0, 1 label. If the label is 0, then the sentence
does not contain the element; if the label is 1, the sentence contains the element. T = ½fl, ðsen1, lab1Þg, fl, ðsen1, lab2Þg,⋯, fl, ðsen1
, lab20Þg,⋯, fl, ðsen2, lab1Þg,⋯, fl, ðsenn, lab1Þg,⋯, fl, ðsenn, lab20Þg�
1. T =∅
2. For sen in doc do
3. For i =1 to 20
4. Algorithm 1 Data preprocessingif labi in data[sen]: l =1
5. Else: l =0
6. T.attend({l, (sen, labi)})
7. End for
8. End for
9. Return T

Algorithm 1: Data preprocessing.

Input: Combination T of sentences and elements of legal instruments
Output: List of elements for each sentence
1. result =∅
2. For t in T do
3. Using the BERT model for sentence t.sen and element t.lab representations, it obtains the sentence vector bs, bl
4. Calculating similarity using cosine similarity
5. Calculation using schematic functions:

X = similarityðds, dlÞ = ds:dl/kdsk×kdlk =∑n
i=1dsi × dli/

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑n

i=1ds
2
i

q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑n

i=1dl
2
i

q

6. If I(x) =1: Result[t.sen].Attend(t.lab)
7. Else: Continu
8. End for
9. Return result

Algorithm 2: Element identification method for Chinese legal documents.

6 Wireless Communications and Mobile Computing



(1) A classification layer is added to the top of the
encoder layer

(2) The embedding matrix is multiplied by the output
vector to convert it into the dimensionality of the
vocabulary

(3) The probability of each word in the vocabulary is
calculated using softmax

MLM captures the relationship between two sentences,
vital for questions and answers and natural language infer-
ence tasks. To better understand the relationship between
two sentences, the BERT authors used next sentence predic-
tion, simply a classification task to discover whether sen-
tence B follows sentence A. 50% of the training examples
were correct, and the rest were randomly selected to generate
a pair of incorrect sentences.

3.3. Legal Element Recognition Method. In summary, this
paper proposes a legal element recognition method (BERT-
LER) based on the BERT model and completes the charac-
terization of text data by using the transfer learning ability
of the BERT model. Then, this paper extracts the elements
of sentences by calculating the cosine similarity of sentences
and elements, as shown in Figure 6. First, we preprocess the
legal documents into a single sentence. Each sentence and all
the elements form a sentence combination. Second, the sen-
tence combinations need to be represented vectorially and
by calculating the semantic similarity. We identify the criti-

cal elements of the sentences based on their relevance and
finally output all the key elements of each sentence.

The specific process is as follows. Algorithm 1 introduces
the data preprocessing part, and Algorithm 2 introduces the
method proposed in this question.

4. Experimentation and Analysis Subheadings

The results and discussion may be presented separately or in
one combined section and may optionally be divided into
headed subsections.

4.1. Experimental Data. The dataset used in this paper is
from the 2019 China Law Research Cup Judicial Artificial
Intelligence challenge and is selected from legal documents
publicly available on the Chinese judicial documents web-
site. Each row of the data represents the result of a sentence
of a part of a paragraph extracted from a judgment docu-
ment, as well as a list of the sentence’s element labels. The
three main areas of adjudication are marriage and family,
labor disputes, and loan disputes, with 2,740 cases, including
1,269 marriage and family cases, 836 cases of labor disputes,
and 635 cases of loan disputes. The data were all annotated
by professionals with a legal background, and each of the
three fields has 20 element labels and the Chinese semantics
they represent, as shown in Tables 4–6.

4.2. Evaluation Indicators. The evaluation metrics used in
this paper include microaverage F1 values and macroaver-
age F1 values.

The F1 value is an indicator that combines P and R and
is calculated as follows.

Fβ =
β2 + 1
� �

∗ P ∗ R

β2 ∗ P + R
: ð1Þ

In particular, at this point, the F value is based on a
weighted summation average of P and R. β > 0 measures
the relative importance of R to P and is usually taken to be
β = 1, at which point the formula degenerates to the stan-
dard F1 value, as shown in the following equation.

F1 = 2 ∗ P ∗ R
P + R

: ð2Þ

Macroaveraged F1 values (“Macro F1”) are obtained by
first counting the indicator values for each class and then
averaging them arithmetically over all classes, as shown in
the following equation.

Macro F1 =
1
k
〠
n

i=1

2 × Pi × Ri

Pi + Ri
, ð3Þ

where “k” is the number of categories, and “i” is the “i”
category.

The microaverage F1 value (“Micro F1”) is a global con-
fusion matrix created by counting each instance in the data-
set without classification and then calculating the

Table 4: Marriage and family domain element label.

Marriage and family
Element
label

Chinese semantics

DV1 Married with children

DV2 Maintenance of a child with restricted capacity

DV3 With a community of property

DV4 Payment of alimony

DV5 Division of real property

DV6 Live apart after marriage

DV7 Second divorce proceedings

DV8 Monthly child support payments

DV9 Granting of divorce

DV10 Have joint debts with spouse

DV11 Premarital personal property

DV12 Legal divorce

DV13 Failure to meet family obligations

DV14 Existence of children born out of wedlock

DV15 Appropriate help

DV16 Failure to comply with the divorce agreement

DV17 Compensation for damages

DV18
Two years of separation after discord in a

relationship

DV19 The children live with a non-parent

DV20 The personal property after the marriage

7Wireless Communications and Mobile Computing



Table 5: Labeling of elements in the field of labor disputes.

Labor dispute
Element label Chinese semantics

LB1 Dissolution of labor relations

LB2 Payment of wages

LB3 Payment of financial compensation

LB4 Failure to pay total remuneration for work

LB5 Existence of labor relations

LB6 No labor contract signed

LB7 Sign a labor contract

LB8 Payment of overtime wages

LB9 Compensation for payment of double wages for unsigned labor contracts

LB10 Paying compensation for injuries at work

LB11 Not initiated at the labor arbitration stage

LB12 Non-payment of compensation for unlawful termination of labor relations

LB13 Economic redundancies

LB14 No bonus payment

LB15 Illegal collection of property from workers

LB16 Special types of work

LB17 Payment of death benefits|funeral benefits|pensions

LB18 Cancellation by the employer with prior notice

LB19 The legal person status has been lost

LB20 With mediation agreements

Table 6: Labeling of elements in the area of borrowing disputes.

Borrowing disputes
Element label Chinese semantics

LN1 Assignment of claims by creditors

LN2 The amount borrowed x million yuan

LN3 With proof of borrowing

LN4 The lender has a relationship with the financial institution

LN5 Repayment of a loan

LN6 Company| unit|other organizations loans

LN7 Joint and several warranties

LN8 Reminder of repayment

LN9 Interest payments

LN10 Conclusion of warranty contracts

LN11 Have a written commitment to repay the loan

LN12 The security contract is invalid | withdrawal|release

LN13 Refusal to honor repayments

LN14 Exclusion of the guarantor’s warranty

LN15 The guarantor is not liable for the guarantee

LN16 The pledgee is associated with the company

LN17 The lender does not provide the loan on the agreed date|amount

LN18 Many people borrowing

LN19 Assignment of debts by the debtor

LN20 The agreed interest rate is unknown

8 Wireless Communications and Mobile Computing



corresponding metric, as shown in the following equation.

Micro F1 =
2 ×Micro P ×Micro R
Micro P +Micro R

: ð4Þ

The Macro F1 value treats each category equally, so rare
categories mainly influence its value, while the Micro F1
value considers each document in the document set equally,
so common categories more influence its value. The perfor-
mance criteria of the model in the 2019 China Law Research
Cup Judicial AI Challenge are evaluated using the score,
which is calculated using “Micro F1” and “Macro F1”, as
shown in the following equation.

Score =
Macro F1 +Micro F1

2
: ð5Þ

4.3. Experimental Results. To verify the effectiveness of the
new method, we conducted six experiments. TextCNN,
DPCNN, and LSTM [29] were used as baselines. As shown
in Figure 7, the migration learning method is used to achieve
text vector representation, and cosine similarity is used to
achieve element recognition with good results. The results
show that the recognition of Chinese legal elements based

on transfer learning and semantic relevance is feasible for
element recognition in the judicial domain.

We conducted experiments using three types of cases in
the judicial field, including 1,269 marriage and family docu-
ments, 836 labor dispute documents, and 635 loan dispute
documents. According to Table 7, the prediction results of
marriage and family documents are good. Although the Bert
model has strong generalization ability, a lot of data is also
required for fine-tuning. In the experimental results,
TextCNN performs better, because some elements in the
data sample can be directly extracted by keyword matching.
CNN has the ability of local feature extraction, so it has good
performance in dealing with these problems. However, the
gradient will disappear after the LSTM sequence length
exceeds a certain limit, so it does not achieve the best
performance.

To verify the effectiveness of our method, we conduct
three independent experiments based on the BERT model.
The first two groups use the two main downstream tasks
of BERT, the single-sentence classification task, and the
sentence-pair classification task. They use the two main
downstream tasks of BERT, the single-sentence classification
task, and the sentence-pair classification task. Sentence pair
classification is done by forming sentence pairs for 20 ele-
ments in a legal document and determining the contextual
relationship between them. The last set of experiments
(BERT-LER) is the method proposed in this paper. Although
BERT can learn global semantic information, the learned
features are difficult to map to the correct elements.
Although BERT-SP also considers the semantic information
of elements, this is only reflected in the vector representa-
tions. As described in the last paragraph of introduction of
BERT model, BERT still matches whether two sentences
have a contextual relationship by probability in doing the
sentence pair matching task. In this paper, however, by

Comparision of score results

Sc
or

e

Model

80

75

70

65

55

50

60

TextCNN DPCNN LSTM BERT-SS BERT-SP BERT-LER

69.38

66.06

69.21

65.16
66.73

70.93

Figure 7: Comparison of experimental models.

Table 7: Comparative results of different methods.

Model
Divorce Labor Loan

MiF1 MaF1 MiF1 MaF1 MiF1 MaF1

TextCNN 78.7% 65.9% 76.4% 54.4% 80.3% 60.6%

DPCNN 81.3% 64.0% 79.8% 47.4% 81.4% 42.5%

LSTM 80.6% 67.3% 81.0% 52.9% 80.4% 53.1%

BERT-SS 83.3% 69.1% 76.8% 43.7% 78.6% 39.5%

BERT-SP 82.8% 67.6% 79.2% 47.1% 80.0% 43.7%

BERT-LER 83.1% 69.6% 80.9% 54.6% 81.0% 56.5%

9Wireless Communications and Mobile Computing



measuring the similarity between sentences and elements,
element recognition is really done from the semantic point
of view, which effectively improves the accuracy of
recognition.

In addition, why are the results in the area of marriage
and family significantly better than in the area of labor dis-
putes and lending disputes? As shown in Table 8, the simi-
larity of key information and element labels of sentences is
high in marital and family instruments. However, in the field
of borrowing disputes, the model has difficulty in recogniz-
ing most domain-specific terms such as financial institutions
and companies. In the field of employment contracts, more
semantic understanding is needed to recognize legal ele-
ments. Therefore, the recognition results improved after
semantic correlation analysis using cosine similarity, further
validating the effectiveness of the method in this paper.

5. Conclusions

In this paper, a new method is proposed to solve the prob-
lem of judicial instrument element recognition. The method
not only adds global semantic information to the sentence
vector representation of the instrument using the BERT pre-
training model. Moreover, the semantic information of ele-
ment labels is utilized in the recognition of elements. On
the one hand, the article makes full use of the semantic
information of the text; on the other hand, it indirectly
solves the problem of unbalanced data distribution. After
obtaining global semantic information, we use cosine simi-
larity to analyze the interrelationships between sentences
and elements. Finally, we completed the element recognition
task. The experimental results show that the BERT pretrain-
ing model gives the method good transferability, and the
method in this paper has good results under various kinds
of data of justice.

We hope that the ideas and methods presented will
prove useful for the analysis of many other types of legal
cases. Next, we take into account the relevance of the differ-
ent elements. The result of element extraction will not only
be related to the semantics of the sentence. We will deter-
mine the final extracted elements of the sentence by judging
the correlation between the identified elements based on the
probability of their simultaneous occurrence. Finally, the
accuracy of recognition is improved.
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