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ABSTRACT

Research on event extraction and constraint encoding of legal cases, using Lawformer as a pre-trained
language model for legal sentence prediction model, constructing MJP-Law model to predict the
sentence of legal cases. The HAN encoder in the model is utilized to extract the inter-sentence relations
in the legal case and construct the relations among the law, the charge, and the sentence period.
Compare the performance of this paper's MJP-Law model with other prediction models on law, charge,
and sentence period, and explore the effects of the three subtasks of law, charge, and sentence period
on the model through ablation experiments, and compare the prediction effects of a single MJP model
and the MJP-Law model on low-frequency charges. In this paper, the MJP-Law model outperforms
other prediction models in terms of prediction performance on statute, offense, and sentence. The four
models of "MJP-Law", "MJP-Law_law", "MJP-Law_SG" and "MJP" had the same prediction performance,
which were 95.54%, 89.86%, 89.73% and 89.81%, respectively. "MJP-Law" and "M]JP-Law_law", "M]P-
Law_SG" and "MJP" have the same performance in law prediction. After removing the sentencing
guidelines and legal sentences, the macro F1 values of the MJP-Law model all showed a decrease.The
predictive performance of the MJP-Law model on low-frequency offenses was better than that of the
single MJP model.

Keywords: event extraction, constraint coding, MJP-Law model, legal sentence

1. Introduction

Legal sentence prediction is an important task in the field of legal artificial intelligence, which aims to
predict the sentence results of the legal provisions, charges, and sentences involved in the defendant
through factual descriptions. Artificial intelligence has now become an important force to promote
technological innovation and industrial change, and its intelligent and automated characteristics have
powerfully improved the efficiency of all walks of life [1-4]. The legal field is no exception, with the
continuous development of society and the improvement of citizens' legal awareness, the number of
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cases accepted by courts at all levels has increased year by year, and the contradiction of “too many
cases, too few people” has brought a heavy workload to law-related practitioners. In order to alleviate
their work pressure, intelligent justice came into being [5-8].

Legal judgment prediction is an important task in intelligent justice, and its main purpose is to
predict the possible verdict of the defendant based on the factual description of the legal documents,
including the applicable legal provisions, suspected crimes, and the possible sentence and other
information, which has been widely concerned by artificial intelligence researchers and legal
practitioners for decades [9-12]. The legal judgment prediction technology alleviates the problems of
heavy burden and pressure of law-related practitioners to a certain extent, and is a key technology of
the intelligent legal assistant system. On the one hand, it provides convenient references for lawyers,
judges and other professionals and improves work efficiency [13-15]. On the other hand, it can avoid
the judgment bias caused by the non-uniformity of sentencing scale between different judges, and
effectively solve the problems of different judgments in the same case and similar cases not similarly
handled [16-17].

Literature [18] emphasizes the important role of legal judgment prediction for judges, lawyers, and
parties. The legal judgment prediction algorithms released from 2018 to 2022 were investigated,
especially the deep learning, evaluation measures, limitations and other factors involved. And based
on the classification method, the collected information was classified into two channels, criminal and
civil cases, and analyzed the class again according to the prediction techniques. Literature [19] states
that the purpose of legal judgment prediction is to automatically predict the judge's decision under
different legal conditions. Applying the literature review method to summarize the relevant studies
aims to provide an overview of the relevant studies that combine numerous elements of legal judgment
prediction, including datasets, methodologies, and so on. Literature [20] describes that the purpose of
legal judgment prediction is to identify information based on factual findings in order to determine
the outcome of a judgment. The THME network was proposed to address the shortcomings of legal
judgment prediction, which was used in a large-scale dataset of criminal cases, and the results showed
that the method was superior to legal judgment prediction in judgment prediction work. Literature
[21] designed a legal judgment prediction method combined with matching guiding cases after
collecting relevant typical cases, and proposed a multi-feature fusion legal judgment prediction model],
MAGIC, aiming to improve the performance of legal judgment prediction. The experimental results
verify that the method effectively improves the performance of the legal judgment prediction model.
Literature [22] mentions that the development of Al legal judgment prediction model will help the
court proceedings due to the increasing number of cases one by one. And the integration of the model
with the judicial process will not only improve the efficiency of the court, but also legal practitioners
will benefit from this model.

Literature [23] uses machine learning models to predict the IPC portion of a case that may be
applicable by analyzing the basic description of the case, a process that can provide messages such as
penalties and charges. The results of the legal verdict prediction help non-legal people to better
understand the case, in addition to facilitating decision-making by judges and lawyers. Literature
[24] mentions that automated legal judgment prediction has received a lot of attention in the field of
natural language processing in recent years, partly due to the importance of having a good practical
value. The results of research on legal judgment prediction in multiple jurisdictions and multiple
languages are summarized and their research directions are discussed. Literature [25] introduces a
rationale-based legal judgment prediction framework based on the real judgment logic of judges, and
demonstrates through extensive experiments on real datasets that the framework performs better
than other methods and has more practical value due to its good interactivity and interpretability.
Literature [26] discusses the application of machine learning algorithms in the legal litigation
process. It is indicated that the CNN+LSTM model is more helpful for the judiciary to handle the task
as compared to the manual one, which has a higher accuracy rate as compared to the manual one.
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Recommendations were made for the effective utilization of Al techniques in judicial cases.
Literature [27] proposed a novel method for predicting civil case decisions by simulating the logic of
the judge, constructed an external knowledge base including the explanation and application of each
reason, and designed an encoder layer and an interaction layer, which was verified to be effective
through experiments. Literature [28] indicates that correctly predicting court decisions is a complex
process. The application of machine learning algorithms such as plain Bayes and logistic regression
in order to predict legal cases was utilized and the accuracy of the classifier and the confusion matrix
were evaluated. Literature [29] proposes a new legal judgment prediction framework which
explicitly incorporates retrieved historical cases for legal judgment prediction. It is proved through
experiments on commonly used legal datasets that the model outperforms other baseline models.

The article first combs through the relevant elements of the event extraction concept and selects the
evaluation metrics. The pre-trained language model is used as the encoder of the prediction model to
constrain the decoding of the event extraction results. Then Lawformer is used as the pre-trained
language model of the legal sentence prediction model in this article, and the HAN model is utilized to
capture the inter-sentence relationship of the legal case and encode the relevant crime composition.
The relationships among the three subtasks of law, crime, and sentence are constructed to simulate
the judge's trial of the case to construct the Lawformer-based legal sentence prediction model (M]P-
Law). Compare the prediction results on the law, charge, and sentence of the MJP-Law model in this
paper with other prediction models to verify the prediction performance of the MJP-Law model.
Explore the effect of relevant modules in the model through ablation experiments and analyze the
predictive effect of the model on low-frequency charges.

2. Event extraction and constraints
2.1. Event Extraction Tasks

2.1.1. Relevant concepts. As natural language processing techniques continue to advance, event
extraction techniques are increasingly being used and studied [30].

The following are definitions of some key terms used in event extraction tasks:

Event: refers to a specific event narrated in a piece of text, which usually includes the event's trigger
word (a sign of the event's occurrence) and the event's thesis element (the key information of the
event).

Trigger word: refers to a special word or phrase that is a grammatical or semantic marker for some
kind of event (e.g., arrest, explosion, occurrence). Trigger words are used to identify the location of a
possible event in the text and to extract further details about the event (e.g., participants in the event,
location, time, etc.).

Event Thesis Elements: refers to the components of an event, including information about the
subject, time, location, etc. of the event. This information is usually organized into a fixed template for
describing various aspects of the event. For example, an event thesis element may describe “the subject
of something that happened at a certain time in a certain place”. By annotating events in text with
theses, event information can be better understood and analyzed.

Event extraction refers to the extraction of event information from unstructured text, such as people,
places, time and other event elements, and the identification and classification of event types.
According to the different objectives of the task and the different datasets, the event extraction task
can be divided into different subtasks:

Event Trigger Word Recognition: identifying words or phrases in the text that may indicate the
occurrence of an event, mostly verbs or nouns.

Event Trigger Word Classification: classifying the events indicated by event trigger words into
different types, it is a typical classification problem, which focuses on the detection of event sentences
and the classification of event sentences.
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Event Argument Recognition: refers to recognizing event-related arguments from natural language
texts, including arguments of trigger words and arguments of other semantic roles (e.g., time, place,
participants, etc.).

Event Argument Classification: the goal of event argument classification is to categorize the
identified event arguments to determine the type of semantic roles they belong to. For example, an
event argument can be classified as “person”, “organization”, “place”, etc. The event triggers are
identified and the event triggers are classified into the following categories.

Event trigger word recognition and event trigger word classification can also be referred to as event

recognition or event detection tasks.

2.1.2. Evaluation of indicators. If the position of the prediction made for the trigger word agrees with
the position of the labeling made, the trigger word identification made is judged to be correct. After
the trigger word is accurately identified, if the event subtype corresponding to the predicted trigger
word agrees with the result of manual labeling, then it is judged as the correct trigger word
classification.

In event extraction, three items, precision (P), recall (R) and F1 value (F1), are usually used as the
basic evaluation metrics. Among them, precision in which refers to the ratio of the number of correct
instances extracted by the model to the total number of extracted instances, this metric is used to
measure the accuracy of the event extraction model. Recall refers to the ratio of the number of correct
instances extracted by the model to the total number of correct instances, which is used to measure
the comprehensiveness of the event extraction model, and F1 value refers to the weighted average of
precision and recall, which is used to measure the overall performance of the event extraction model:

Precession = Lx 100% (1)
TP + FP
Recall = Lx 100% (2)
TP+ FN

2TP

Fl=—— = x100% (3)
2TP+ FP+FN

Where TP (true cases) refers to the number of correctly extracted and predicted positive cases, FP
(false positive cases) refers to the number of incorrectly extracted but predicted positive cases, and FN
(false negative cases) refers to the number of incorrectly extracted but predicted negative cases. The
magnitude of F1 is generally used to measure the superiority of event extraction methods. In event
extraction, the evaluation metrics do not only consider the correctness of the event type, but also the
completeness and correctness of the event thesis elements. Therefore, the evaluation needs to evaluate
the information of event type, event thesis element, and trigger word.

2.2. Pre-training language models

The event extraction task is an NLP task, so it requires advanced natural language processing
techniques in addition to an understanding of events and event-related knowledge. The abstract
mathematical model established for the objective characteristics of natural language is called a
language model (LM), which is an abstract tool for describing natural language and is a key technology
to make natural language understandable and analyzable by computers. Natural language is a symbol-
based information medium created by human beings, and unlike digital signals such as images and
audio, symbols in natural language are discrete and do not have spatial continuity. This also leads to
the fact that in the early stage of modeling for natural language can only be done by studying the
complex grammar syntax laws, which results in the construction of natural language processing
system is costly, and the information is redundant, and the flexibility is very poor.

After the birth of word embedding technology, natural language has been able to take advantage of
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deep learning, such as convolutional neural networks, Long Short-Term Memory (LSTM) networks
with stronger sequence encoding ability, and Gated Recurrent Unit (GRU) neural networks, which have
greatly improved the performance of various NLP tasks. However, word representations obtained by
word embedding techniques are static and have no way to cope with the case of multiple meanings of
a word, and inspired by the field of computer vision, the idea of constructing a pre-trained language
model that can dynamically adapt to contextual environments to replace static word embeddings has
begun to emerge.The ELMo bi-directional language model utilizes a bi-directional LSTM as an encoder
of the text on top of pre-trained word embeddings, and outputs the word vector representations with
contextual context-aware word vector representation.

However, since the encoder used in ELMo is LSTM, its context-awareness and training time are
affected by the recursive algorithm, and LSTM is not a suitable encoder for pre-training language
models. In the same period, Transformer, which is based on multi-head attention mechanism for text
encoding, greatly improves the above problems, and breaks the distance limitation of information
transfer between contexts through the attention mechanism for context-awareness and realizes the
parallelism of text encoding. So the language model based on Transformer began to appear.

Thanks to the powerful ability of Transformer, and the increase of training corpus, the subsequent
pre-training language models with excellent performance basically take Transformer as the basic
model, and transfer more energy to the setting of pre-training tasks, the setting of language model and
the construction of corpus. Due to its large parameter scale and large-scale corpus participation in the
pre-training phase, the pre-trained language model has the ability to far exceed the expectations of the
initial distributed feature representation. At present, the pre-trained language model has the potential
capability and foundation to solve various NLP tasks, and the research after this paper will also be
carried out with the Transformer-derived model as the basic encoder.

2.3. Constraint Decoding

Constraint decoding is the process of placing restrictions on the generated results when generating
event information in a generative event extraction task [31]. Typically, generative models generate a
large amount of event information, many of which do not conform to predetermined rules, are illegal
or unreasonable, so constraint decoding is needed to ensure that the generated event information has
a certain degree of legitimacy and reasonableness. The method of constraint decoding can be to filter
the generated events or to introduce certain restriction rules in the generation process. Constraint
decoding can improve the accuracy and reasonableness of the generated event information, and it can
also help the model learn the correct generation strategy. Through constraint decoding, the generated
event information has higher correctness and better meets the actual demand, it can also limit the
generation space of event information, which makes the generation of the model more efficient, it can
standardize the generation format of the event information and improve the readability of the
generated event information.

3. Lawformer-based legal judgment prediction model construction

This chapter proposes a new multi-task judgment prediction model MJP-Law based on Lawformer.The
structure of the MJP-Law model is shown in Fig. 1, which includes a case description coding module, a
relevant crime composition coding module, and a multi-task learning module.
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Fig. 1. MJP-Law model structure

3.1. Lawformer word embeddings

Lawformer is the first pre-trained model designed specifically for the judicial domain [32]. Three
attentional mechanisms are included in Lawformer, namely sliding window attentional mechanism,
extended sliding window attentional mechanism and global attentional mechanism.

Given the case description text d =1{s,,5,,...,5,}, " isthe number of sentences, the ird sentence
S; ={Wy, Wy5»....W;}, W; denotes the Jth word in the ith sentence, and ¢ denotes the sentence
length. W, After Lawformer word embedding, we get the vector representation X;, which is
calculated as:

x; = Lawformer(w;) (4)

3.2. HAN Encoder

The case description text belongs to long text, which contains multiple types of information elements
such as the cause, passage, and result of the case with typical hierarchical structure, and the HAN
model is utilized to capture the inter-sentence relationship of the text.The HAN encoder consists of
word level coding module and sentence level coding module.
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3.2.1. Word-level coding. The word level coding module uses a model structure that combines BiGRU
and Attention to obtain a vector representation of a sentence by coding a sequence of word levels.

The BiGRU model is able to encode from both forward and reverse directions to learn contextual
information. Sentence X, ={x,;,X;,,...,X;} after word embedding is taken as the input of BiGRU, which
is encoded in both directions to obtain the hidden layer state Ey,ﬁy respectively, and is spliced to
obtain the output %;. The computational procedure is as follows:

i = GRU(x,) (5)
= GRU(x,) (6)
hy = [Ezf’fﬁf] (7)

In order to find the words that contribute more to the semantic expression of the sentence, the
attention mechanism is introduced for encoding. The attention mechanism assigns weights to each
word in the sentence according to the degree of contribution. Real words have a higher impact on the
semantic expression of the sentence and will be assigned higher weights; these words represent the
core semantics of the sentence. Imaginary words have less impact on the semantic expression of the
sentence and will be assigned lower weights and do not affect the core semantic expression of the
sentence.

Specifically, the hidden representation #; is first obtained by a single-layer perceptron, and then a
normalized exponential function (Softmax function) is used to calculate the association similarity
between the hidden representation ¥; and the vector representation u, of the sentence context,
which in turn obtains the corresponding probabilistic weights @;, @; representing the degree of
contribution of the word in the corresponding position to the semantic expression of the sentence, and
u, representing the core semantics of the sentence, from the random initialization of the model
parameters that are obtained by the The update is realized in the neural network training. Finally, the
vector weighted summation is used to obtain the final vector representation of the sentence ;. The
specific computational procedure is as follows:

u, = tanh(W,h, +b,) (8)
exp(uijTuw)
[ T N
! Z eXp(uiiTuw) (9)
- i
S, = Z a;hy (10)
J

where W, and b, are the weight matrix and bias vector, respectively.

3.2.2. Sentence-level coding. Similarly, the sentence level encoding module adopts the model

structure combining BiGRU and Attention, where sentences form a text paragraph, and the feature

extraction of the text paragraph information is accomplished by encoding the sentence vector 3.
Firstly, the vector representatiﬁonﬁ s; of the sentence is input into BiGRU, and after two-way

encoding, the hidden layer state L,L is obtained respectively, and the two vectors are spliced to get
the output L,. The computational process is shown as follows:

L,=GRU(S)) (11)

L,=GRU(S)) (12)

!

L=[L,L] (13)

1 1
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Attention mechanism is used to measure the importance of each sentence in the text, assigning
higher weights to sentences with high importance and lower weights to sentences with low
importance.

Firstly, the hidden representation u; is obtained by single-layer perceptron, and then the Softmax
probability function is used to calculate the association similarity between the hidden representation
u; and the text passage representation ¥, to obtain the weight of the corresponding sentence «;,u,
represents the core semantics of the text passage, which is obtained by random initialization, and
parameter updating is carried out by backpropagation. Finally, the vector representation /% of each
sentence and the corresponding weight ¢; are weighted and summed to get the text paragraph
representation P.The computational procedure is shown below:

u, =tanh(W.L +b,) (14)
iy exp(u, u,)

T exp(uu,) (15)

P:Zaihi (16)

where b, and W, denote the bias vector and weight matrix of the single-layer perceptron,
respectively.

3.3.  Relevant Criminal Composition Codes

Crawl the corresponding criminal composition of the charges on ChinaFindLaw.com, go to classify the
charges by binary classification, input the case description into the support vector machine classifier,
according to the output of the probability magnitude of each charge, get the ™ charge that has
relevance to the case, and find the corresponding criminal composition through these charges. The
relevant crime composition C; is embedded to get the word embedding representation
E ={e,e,,...,e,}. where, i€[l,m], k are the number of words. It is expressed by the following
formula:

E, = Lawformer(C,) (17)

CNN is used to learn the textual features that constitute the relevant crime. The computational
formula is shown below:

hi:VVm®ej +bm,j€[1,k—h+1] (18)

j+h-1

Where “®” is the convolution operation, W, and b, denote the convolution matrix and bias
vector respectively, and /4 is the size of the upper and lower sliding windows.

Since these 7 crime components are related to the same case description, in order to capture the
associated features with the case description, vector summation is used to obtain the related crime
component coding representation of the case description M . The computational formula is shown
below:

The vector representation P obtained at the case description coding end is further vector spliced
with the vector representation M obtained at the crime composition coding end. This is represented
by the following equation:

Q=[P,M] (20)
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3.4. Multi-task learning module

In order to simulate the judge's trial thinking, multiple fully connected layers are used to construct the
relationship between the three subtasks of law, charge and sentence.

In predicting the charge, the splicing vector O is used to obtain f, through a multilayer
perceptron, and f; is used as a specific representation of the charge prediction task, using the fully
connected layers as classifiers, and the output is transformed into the prediction probability of each
category of the charge using a sigmoid activation function. The formula is calculated as follows:

¥, =sigmoid(W, f, +b,) (21)

where b, and W, denote the bias vector and weight matrix of the classifier for the offense
prediction task, respectively,and J; denotes the prediction probability of each category of the offense.
Similarly, in predicting the statute, the splice vector O is passed through a multilayer perceptron
to obtain f,, f, isused as a specific representation of the statute prediction task, a fully connected
layer is used as a classifier, and the output is transformed into the predicted probability of each
category of the statute using a sigmoid activation function. The computational formula is shown:

v, = sigmoid(W, f, +b,) (22)

where b, and W, denote the bias vector and weight matrix of the classifier for the French bar
prediction task, respectively. 7, denotes the prediction probability of each category of the statute.

In predicting the sentence, the splicing vector O is passed through the multilayer perceptual
machine to obtain f;,and fi,f, and f, are made to be spliced, and the splicing is used as a specific
representation of the sentence prediction task, using the fully connected layer as a classifier, and the
output is transformed into the prediction probability of each category of the sentence using the
sigmoid activation function. The formula is as follows:

¥ =sigmoid (W, - (f;, f. ;) +b;) (23)

where W, and b; are the weight matrix and bias vector of the classifier for the sentence prediction
task, respectively,and 7, denotes the prediction probability of each category of the sentence.

For each sub-task, here the loss is calculated separately using the binary cross entropy loss function,
assigning weights to the loss of each task, and finally the total loss is calculated using weighted
summation. The calculation formula is as follows:

3 |Y;|

Loss==2 4,2 ,(,,log,(3, )+ (1=, )log,(1- 7, ) (24)
=1 j=I
where ¥;; and J,; are the probabilities of one-hot coding and predicted labels corresponding to
the real labels of class J ofthe irdtask, respectively, and | Y, |,4, denotes the total number of labels
and the weight parameter of the i th task, respectively.

4. Analysis of the results of the experiment

4.1. Experimental setup

In this section, extensive experiments are conducted on two real-world datasets in order to investigate
the effectiveness of the model proposed in this chapter in the judgment prediction task. First, this
section describes the datasets and the preprocessing of the data. Then, some necessary parameters
are provided to better understand the model, followed by comparing the experimental results with
other prediction models. Finally, ablation experiments are conducted to analyze the impact of each
module in the model.
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4.1.1. Data set description. The data used for the experiments in this section comes from CAIL2018
first published in the 2018 China Artificial Intelligence and Law Challenge Cup competition, which
collects more than 5.7 million criminal documents issued by China's Supreme People's Court
constitute. After some cleaning, these data were randomly divided into two complete datasets CAIL-
Small, CAIL-Big. Where this dataset is stored in the format of json, which includes the security
description, the legal text used, the charge and the sentence length.

4.1.2. Experimental setup and evaluation indicators. In this section, the experimental setup will be
described and the evaluation metrics during the training process will be presented.When the M]P-Law
model was trained, the authors of this paper used the Adam optimizer, where the learning rate was set
to 10-4, the corresponding weight decay to 10-6, and the dropout probability was set to 0.5.The
authors of this paper performed the model for 30 epochs training, while setting the batch size of 128
and using word2vec for word embedding dimension of 200. at the same time, the maximum length of
the text for factual description, legal text semantics and charge definition information is set to 350,
150 and 300 respectively, which can cover 80% of the samples. For the inference layer, the top-k with
a k-value of 5 indicating the largest probability value of sentence prediction is selected as the top 5
candidate items. Finally, accuracy (Acc), macro precision (MP), macro recall (MR) and macro F1 (MF1)
are used to evaluate the final model.

4.1.3. Methods of comparison. To evaluate the performance of the proposed method, M]JP-Law model
is compared with the following methods:

1) SVM: This technique uses word2vec word embedding followed by SVM as a text classifier.

2) FLA: Luo et al. use civil law countries can extract the legal text can provide a legal basis for the
prediction of the crime, so a unified model is proposed to jointly model the crime, legal text and
sentence prediction task using neural network methods to capture the interaction between factual
descriptions and knowledge of the applicable law and combined to complete the prediction of legal
sentences.

3) TOPJUDGE: Zhong et al. simulate the case logic of a human judge and model the subtasks as
topological dependencies and further propose a unified multitask learning model that incorporates
topological dependencies into a unified model, which greatly affects the credibility and interpretability
of trial predictions.

4) LADAN: Xu et al. found that the work that exists can well extract semantic information from case
descriptions, but still face the problem of confusion between the charges and legal texts, so propose a
model based on attention and similarity graphs to use the differences between the charges (legal texts)
to differentiate between the confusing charges (legal texts) to achieve improved modeling results.

5) NEURJUDGE: Yue et al. use the intermediate results of the subtask of legal judgment prediction to
divide the factual descriptions into different cases, and use the method of label embedding to combine
the semantics of the information of the charge and the legal provisions into the case facts, to generate
a more expressive factual representation to predict the subtask.

4.2. Performance analysis

The results of the prediction of the different models on the CAIL dataset for the legal texts, charges and
sentences are shown in Tables 1 to 3, respectively. From the analysis of Tables 1, 2, and 3, MJP-Law
achieves the best results, which is not only better than FLA, but also better than TOPJUDGE, LADAN,
and NEURJUDGE.The M]P-Law model performs the best among all the legal sentence prediction
models, which may be attributed to the fact that MJP-Law can simulate the process of a real courtroom
sentence well, and relying on multiple subtasks dependencies and constraint relationships can well
improve the performance of the model. Table 3 shows that there is also an improvement in sentence
prediction, which may be due to the fact that the severity of the circumstances provides favorable
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assistance in sentence prediction.All the methods in the CAIL-Big dataset outperform CAIL-Small,
which is due to the fact that the training data of CAIL-Big is more sufficient.The MJP-Law model has a
more significant improvement in the sub-tasks of charge prediction and sentence prediction, which is
mainly because the consistency constraint of the task labels is used to predict the sentence and charge.
Is the use of consistency constraints on task labels to improve accuracy, and for sentence prediction
utilizes logical reasoning on the severity of the plot to improve the robustness of the model.

Table 1. Results of method legal article prediction for different models on the CAIL-Dataset (%)

Legal article

Model CAIL-Small CAIL-Big
Acc MP MR MF1 Acc MP MR MF1
SVM 80.63 79.91 77.57 77.79 95.25 80.81 78.54 78.84
FLA 83.40 80.40 76.75 80.28 94.82 80.72 77.97 80.44
TOPJUDGE 80.45 77.00 78.91 79.83 91.01 88.28 79.44 79.96
LADAN 83.61 77.17 78.29 79.54 93.28 77.23 80.76 80.27
NEURJUDGE 79.74 83.25 76.43 80.65 94.49 84.25 77.19 81.37
MJP-Law 84.47 85.59 81.41 82.32 96.77 89.68 88.67 89.09

Table 2. Results of method charge prediction for different models on the CAIL-Dataset (%)

Charge

Model CAIL-Small CAIL-Big
Acc MP MR MF1 Acc MP MR MF1
SVM 81.43 76.63 78.50 81.98 87.64 77.16 79.32 82.21
FLA 80.50 77.36 78.96 87.39 85.65 80.34 79.60 88.76
TOPJUDGE 84.56 81.53 83.10 86.92 94.02 82.88 83.41 87.42
LADAN 85.85 79.32 82.88 79.80 88.92 87.92 83.84 81.71
NEURJUDGE 81.70 78.15 79.26 82.49 88.77 84.75 79.93 83.47
MJP-Law 89.79 85.38 83.70 88.12 95.54 89.86 89.73 89.81




3118 S. CONG

Table 3. Results of method term of penalty for different models on the CAIL-Dataset (%)

Term of penalty

Model CAIL-Small CAIL-Big
Acc MP MR MF1 Acc MP MR MF1
SVM 34.47 26.02 26.56 28.34 40.57 39.44 38.89 40.29
FLA 37.13 31.88 29.50 30.18 44.30 40.39 40.29 43.65
TOPJUDGE 37.94 29.82 40.36 38.49 50.83 42.06 42.27 44.72
LADAN 39.66 29.87 37.24 39.73 4791 44.22 41.39 41.45
NEURJUDGE 40.21 30.98 38.27 35.81 50.10 46.60 40.81 45.45
MJP-Law 42.27 35.70 40.89 41.87 55.53 48.28 46.40 47.02

4.3. Analysis of ablation experiments

4.3.1. Characterization de-correlation module effects. In order to verify the effect of the module
combining the sentencing guidelines, and the LJP module combining the legal provisions on the model
performance respectively, this paper conducts ablation experiments, and the results are shown in
Table 4. Where “MJP-Law” is the performance of the current model on the three subtasks, “M]P-
Law_law” denotes the result of removing the module that combines legal provisions, “MJP-Law_SG”
denotes the result of removing the sentencing guideline module. From the results of the ablation
experiments, it can be seen that the removal of each module has a certain impact on the model
performance, indicating that these two modules play an important role in the current model “MJP-
Law”.

For the statute prediction task, a multi-task learning approach was initially used, consisting of three
subtasks, statute prediction, offense prediction, and sentence prediction, which were able to share
weights and feature representation space during training. However, in the current experiment the
statute prediction task was separated separately and prioritized before proceeding to the remaining
two tasks. According to the results, the performance of "MJP-Law" and "M]JP-Law_law" and "M]P-
Law_SG" and "MJP" is the same in terms of legal prediction. The prediction accuracy of "M]JP-Law" and
"MJP-Law_law" were 96.77%, 89.68%, 88.67% and 89.09%), respectively, and the prediction results of
"MJP-Law_SG" and "M]JP" were 96.26%, 89.15%, 88.16% and 88.58%, respectively. This suggests that
the performance gain from splitting the statute prediction task is not due to the fact that the initial
three tasks were trained together in a design where statute prediction, charge prediction, and sentence
prediction shared features effectively to some extent, and some of these features assisted in the
learning process of the statute prediction task. Therefore, when the law prediction task is split
separately, although it gains a separate feature representation, it also loses the auxiliary learning effect
of the other tasks, and this loss offsets the potential performance improvement brought by the
separate feature representation, resulting in no change in the overall performance. Comparing “M]JP-
Law” with “MJP-Law_SG”, it can be found that the macro F1 value of the task decreased by 0.51% when
the sentencing guideline was removed, which indicates that the sentencing guideline has a certain
effect on the task of predicting the law.

For the crime prediction task, removing any of the modules did not affect the performance of the
model, which may be due to the fact that the model has already fully learned and understood the
feature information needed for crime prediction in the original task, and does not need to be further
improved by the assistance of new modules. Second, the performance of the crime prediction task
itself is already very high, so the addition of new modules does not bring significant improvement.

In the sentence prediction task, comparing “MJP-Law” and “M]JP-Law_law”, we can find that the
macro F1 value decreases by 0.59% after removing the legal text and replacing it with the method of
three subtasks co-training. This indicates that the benchmark-type relevant legal provisions defined
in the legal text play a positive role in the sentence prediction task. When the Sentencing Guidelines
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module was removed, all performance metrics decreased significantly, including a decrease of 0.93%
in the macro F1 value, which shows that the Sentencing Guidelines module plays a crucial role in the
sentence prediction task. The module contains guidance details for various sentencing scenarios,
which can provide richer background information and finer judgment basis for the complex sentence
prediction problem. Taken together, compared to the single MJP model, the introduction of the two
modules, legal provisions and sentencing guidelines, significantly improves the performance of the
model, with a 1.29% increase in the macro F1 value, which can be attributed to the legal provisions
provided by the legal provisions as well as the specific guidance for a variety of sentencing scenarios
in the sentencing guidelines module, which is crucial for the model to understand and deal with the
complex sentencing prediction problem.

Table 4. Ablation experiment results (%)

M]JP-Law MJP-Law_law M]JP-Law_SG MJP
Acc 96.77 96.77 96.26 96.26

Legal article MP 89.68 89.68 89.15 89.15
MR 88.67 88.67 88.16 88.16
F1 89.09 89.09 88.58 88.58
Acc 95.54 95.54 95.54 95.54
Charge MP 89.86 89.86 89.86 89.86
prediction MR 89.73 89.73 89.73 89.73
F1 89.81 89.81 89.81 89.81
Acc 55.53 55.02 52.11 51.20
Term of MP 48.28 47.86 47.28 46.87
penalty MR 46.40 46.08 45.82 45.13
F1 47.02 46.43 46.09 45.73

4.3.2. Analysis of low-frequency charges. In this paper, we visualize the confusion matrices of the
prediction results of some low-frequency charges.The results of the confusion matrix visualization of
the prediction results of the MJP and MJP-Law models are shown in Figures 2 and 3, with the vertical
axis denoting the true labels of the models and the horizontal axis denoting the prediction results.

As mentioned in the previous section, data imbalance is a great challenge for crime prediction, in
order to see more intuitively the performance of the model proposed in this paper on low-frequency
crimes, this paper first determines the low-frequency crimes by analyzing the prediction results and
the true labels, and selects the data of the low-frequency crimes from the test set for testing. The
confusion matrix of the prediction results using the MJP model is shown in Figure 2, and Figure 3
represents the confusion matrix of the prediction results using the MJP-Law model proposed in this
paper. It can be observed that the prediction effect of MJP-Law on low-frequency offenses is higher
than the prediction effect of the single MJP model. The prediction accuracy of MJP-Law reaches 100%
in eight low-frequency crimes except “other”, while the MJP model only reaches 100% in the prediction
of “perjury”, and MJP-Law shows better prediction ability than the MJP model, which strongly verifies
the validity of the proposed method. M]JP-Law shows better prediction ability than MJP model, which
strongly validates the effectiveness of the method proposed in this paper.
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Fig. 3. MJP-Law model prediction result confusion matrix

5. Conclusion
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In this paper, we construct Lawformer-based legal sentence prediction model (M]JP-Law) based on
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event extraction and constraints, design experiments to compare the performance of MJP-Law model
with other legal sentence prediction models, and carry out ablation experiments to verify the
effectiveness of each module.

The MF1 values of this paper's MJP-Law model in CAIL-Big dataset for the prediction of statute,
offense and sentence are 89.09%, 89.81% and 47.02%, respectively, which are higher than other
prediction models. The prediction accuracy of the MJP-Law model in this paper achieved the best
results among all models.

"MJP-Law", "M]JP-Law_law", "M]JP-Law_SG", and "M]JP" had the same performance in crime prediction,
which were 95.54%, 89.86%, 89.73%, and 89.81%), respectively. The performance of "M]JP-Law" and
"MJP-Law_law" in legal prediction is the same, which is 96.77%, 89.68%, 88.67% and 89.09%
respectively. The performance of "MJP-Law_SG" and "MJP" in legal prediction is the same, which is
96.26%, 89.15%, 88.16% and 88.58%), respectively.

After removing the sentencing guidelines and statutory provisions, the macro F1 values of the MJP-
Law model decreased by 0.51% and 0.59%, respectively. In contrast to the single MJP model, the MJP-
Law model has superior predictive accuracy on low-frequency offenses.
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