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Abstract. The application of artificial intelligence opens up a new path for admin-
istrative punishment and law enforcement, which is of great significance to the
modernization of the country’s governance capacity. Graph representation learn-
ing has been widely used in many judicial scenarios. Most existing administra-
tive legal documents for cause determination and penalty decision are made by
means of natural language processing. Due to the many representation methods
of information elements in the administrative law enforcement documents, the
identification of the cause of action and the decision of punishment are difficult
to make, which makes the low accuracy and lack of interpretable. In order to
solve these problems, this paper constructs a knowledge graph-based information
embedding method to effectively embed knowledge graphs into the network, and
builds two graph convolutional neural network frameworks based on node classi-
fication and graph classification to realise intelligent assisted case determination
and penalty decision based on graph representation. The experimental results show
that the graph neural network-based framework is a better choice and the results
of multi-task classification are significantly better than using only a single task.

Keywords: Administrative penalties - Graph neural networks - Network
embedding - Complex networks

1 Introduction

In July 2017, China’s President Xi Jinping gave important instructions on the reform of
the judicial system, stressing that “we should follow the laws of justice and combine the
deepening of the reform of the judicial system with the application of modern technol-
ogy”. This requires us to deepen the application of modern technology in the judicial
field, increase the construction and application of information technology, promote the
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upgrading of information technology and intelligence in judicial work, use technology
to enhance judicial efficiency, and promote the overall quality and efficiency of trial and
execution work.

Deep learning, one of the hottest research directions in the field of machine learning
and indeed in computing and the Internet today, has in many ways surpassed previ-
ous machine learning algorithms in terms of predictive accuracy since its introduction,
showing amazing advantages in image processing, natural language, audio recognition
and more. In particular, in recent years, the emergence of convolutional neural networks
(CNN) [1], recurrent neural networks (RNN) [2] and adversarial neural networks (GAN)
[3] have made deep learning algorithms soar and have received a lot of attention from
academia and industry. The emergence of CNN, RNN and GAN in recent years has
led to a surge in deep learning algorithms, which have received widespread attention
from both academia and industry. The application of deep learning opens up new paths
for administrative punishment and law enforcement, and is of great significance to the
modernization of the country’s governance capacity [4, 5].

In this paper, we construct a knowledge graph-based information embedding method
to effectively embed knowledge graphs into the network, and build two graph convolu-
tional neural network frameworks based on node classification and graph classification
to realize intelligent assisted case determination and penalty decision based on graph
representation. In summary, the contributions of this paper are as follows:

i. We are the first to use graph learning techniques to solve cause inference and
sentence penalties.

ii. We propose two frameworks for intelligent assisted penalty decisions based on
node classification and graph classification, which can transform administrative
legal documents into attribute graphs for adjudication decisions.

iii. Experimental results demonstrate the effectiveness of our proposed framework.

2 Related Work

Current deep learning techniques are becoming increasingly sophisticated, and their
end-to-end learning has achieved significant success in text processing tasks by avoid-
ing the error propagation problems associated with heavy feature engineering and natural
language processing tools, achieving performance well beyond that of traditional meth-
ods [6, 7]. In terms of text feature representation, Mikolov et al. proposed word2vec, a
method for training word vectors through neural networks [8]; Later, Joulin et al. pro-
posed fastText [9], an efficient method for text classification and representation learning
based on word vectors, using an n-gram model to more effectively represent the rela-
tionship between words before and after; The proposed pre-training model of BERT
[10] pushed the text feature representation to the top. In text classification matching,
Kim proposed the TextCNN approach [11] to apply convolutional neural networks to
text classification tasks, which capture key n-gram-like information in sentences through
one-dimensional convolutional kernels; Liu et al. proposed a network design that uses
RNNSs for classification problems [12], taking into account the temporal characteristics
of text; A number of network variants, such as LSTM, RCNN, and network models that
introduce the attention [13] mechanism, have since emerged.
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In recent years, with the continuous disclosure of judicial data represented by judi-
cial documents and the breakthrough of natural language processing technology, how
to apply artificial intelligence technology in the judicial field to improve the efficiency
of judicial personnel in the case processing process has gradually become a hot topic
of legal technology research, and some scholars have been studying the legal text pro-
cessing technology related to deep learning. Luo et al. [14] proposed a neural network
approach based on an attention mechanism to integrate the law information into the
charge prediction task to rationalize the charge prediction more and help improve the
efficiency of the legal assistant system. Hu et al. [15] proposed an attribute-attentive
offense prediction model to classify offenses according to legal attributes and manually
tag relevant offense attribute information to significantly improve the prediction accu-
racy of low-frequency and confusing offenses. Zhong et al. [16] used directed acyclic
topological graphs to model logical dependencies among multiple tasks, fusing statutes,
charges and sentences into a unified judicial sentencing framework, achieving consistent
and significant improvements in the effects of all tasks across multiple datasets. To our
knowledge, we have not seen a relevant area where graph neural networks have been
used to intelligently assist in penalty decisions.

3 The Proposed Framework

This paper proposes two frameworks for assisting penalty decisions from node
classification and graph classification perspectives.

3.1 The Framework for Intelligent Assisted Penalty Decisions Based on Node
Classification

This framework constructs the entire administrative penalty instrument data as an admin-
istrative penalty network, where each administrative penalty instance is a node and the
connected edges between nodes are determined by the relevance of the type of offence
and the fact of the offence between penalty instances. Specifically, for single task clas-
sification, the penalty category of each administrative penalty instance is used as the
label of the node to train the node classification model; for multi-task classification,
the penalty category and penalty basis of each administrative penalty instance are used
as different labels of the node to train the multi-task model; for multi-label fusion, the
penalty category and fine amount of each administrative penalty instance are fused into
one label.

3.1.1 Label Generation

The label generation rules are as follows:

(1) The generation of penalty category label: In the “penalty category” field, each
category is divided by a semicolon. Firstly, all the penalty categories are counted and
labelled numerically. Secondly, one hot vector is generated for each administrative
instrument, setting the position of the penalty category to which the administrative
instrument is set to 1.
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(2) Fine amount label generation: As each administrative instrument penalty instance
involves a different fine amount, the fine amount interval is set for labeling. The
interval division rules are shown in Table 1 and Table 2.

Table 1. Label division rules of fine amount (unbalanced label)

Amount of penalty ($ million) Label
0 0
0-1 1
1-10 2
10-50 3
50-100 4

Table 2. Label division rules of fine amount (balanced label)

Amount of penalty ($ million) Label

0 0 (20000 records)
0-0.1 1 (20972 records)
0.1-0.5 2 (14596 records)
0.5-10 3 (12020 records)
>10 4 (10000 records)

(3) Penalty basis label generation: In the “penalty basis” field, there are specific legal
provisions. Firstly, the legal basis of all instruments are counted and labeled numeri-
cally. Secondly, one-hot vectors are generated for the legal basis of each administra-
tive instrument, and the corresponding position of it involved in the administrative
instrument is set to 1.

3.1.2 The Generation of Sentence Vectors

Two different approaches are used for vector generation at this stage. The first method
is generated by word2vec; the second is generated by Bert. Firstly, using python’s jieba
splitting, the type of offence and the fact of offence for each instance of the administrative
instrument are split; secondly, the splitting results are eliminated by stop words; finally,
the results are input into the two models respectively to obtain the sentence vectors of
the corresponding models.



320 X. Chen et al.

3.1.3 Graph Structuring Stage

The cosine similarity between any two sentence vectors is first calculated from the
obtained sentence vectors, and a graph adjacency matrix with weights is constructed
from the similarity matrix. Where each case is treated as a node in the graph. The cosine
similarity can be formulated as follows:

> i1 (Xi X i)
\/Z?:](Xi)z X \/Z?=1(}’i)2
Next, the interval corresponding to the weights is set and the resulting cosine simi-

larity matrix is converted into an adjacency matrix with a weighted graph. The weight
correspondences are shown in Table 3.

cos(9) = (D

Table 3. Weight corresponding conversion table

Cosine similarity interval Weight
0-0.5 0
0.5-0.6 1
0.6-0.7 2
0.7-0.8 3
0.8-0.9 4
0.9-1 5
1 0

3.1.4 The Stage of Graph Neural Network

We built a two-layer GCN [19] model to learn the administrative penalty document node
vectors, which are then classified by a one-layer MLP. For multi-label classification,
the penalty category and penalty are classified by two different MLP according to two
different labels.

A two-layer graph neural network is as follows:

Z =f(X,A) = softrmax(AReLU (AXW ©)yw D) )
1~~ 1

where A = D_TAD_i, X is the attribute matrix.

3.2 The Framework for Intelligent Assisted Penalty Decisions Based on Graph
Classification

Each administrative penalty instance is constructed as a network, and the nodes of
the network are phrases in the text of the type of offence and the fact of the offence
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in that penalty instance. The connected edges between the nodes are determined by the
correlation between the phrases, and the word vectors of the phrases are used as attributes
of the corresponding nodes. The penalty category of each administrative penalty instance
is used as the label of the corresponding network to train the graph classification model.
The final result is a graph mining-based intelligent aid for cause determination and
penalty decision.

Specifically, the label generation rules and word and sentence vector generation
phases are the same framework as the intelligent assisted penalty decision based on
node classification, differing mainly in the graph generation and word vectorisation, and
graph neural network phases.

3.2.1 Graph Generation and Word Vectorisation

Each case is constructed as a word network, with each word being a node, by calculating
the PMI values between words in each case (text). The word2vec model is used to find
the representation vector of each word in the word network, which is used as the attribute
vector of that word. The PMI is given by the following formula.

PMI = log P 3)
pp()
where p(i, j) = %,p(i) = %. #W (i) refers to the number of sliding windows

which contain the word i, #W (i, j) is the number of sliding windows containing both the
word i and the word j, #W refers to the total number of sliders in the corpus.

3.2.2 The Stage of Graph Neural Network

For graph classification, we learn graph vectors through a two-layer GCN [19] model
and a readout layer [18], and then classify them through a layer of MLP.

4 Results

In this section, we use administrative penalty instrument data to verify the effectiveness of
our proposed framework. The experimental results show that the graph neural network-
based framework is a better choice.

4.1 Evaluation Metric

We use Accuracy [20] and Hamming [21] to evaluate our framework performance. Two
metrics are defined as follows:

(1) The accuracy is defined as the proportion of the total sample that is correctly
predicted, namely
(TP +1TN)

Accuracy = “4)
(TP +7TN + FP + FN)
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(2) Hamming is used to measure the number of times a label is misclassified, i.e. a
label belonging to a sample is not predicted and a label that does not belong to that
sample is predicted to belong to that sample.

. I 1
Hammingos, = = 3 | —[h(xp) Ayj| )

the single-task node classification task uses two different metrics: Hammingjss and
Accuracy. We use 10% of task metrics for Hammingj,ss and the other task metrics
are for Accuracy. We use 10% of datasets for the validation and 20% for the test set.
Obviously, the higher accuracy means the better performance, while the smaller the loss,
the better for Hamming loss.

4.2 Parameters Setting

For the sentence vector generation phase, we follow the base settings of both papers,
where word2vec [17] has a sentence vector dimension of 300 and Bert [10] has the
dimension of 768. For the node classification and graph classification tasks, we set the
number of iterations of the GCN [19] model to 200 and 100, respectively, and the output
node vector and graph vector dimension set to 128.

4.3 Datasets

The administrative penalty instrument dataset is used in this dataset. 82,363 records are
recorded in this dataset, and 71,457 data were obtained after data cleaning for single-task
node classification, label fusion node classification and graph classification, and 65,374
data were used for multi-task node classification. The number of processed dataset is
71,457.

4.4 Experiment Analysis

In this section, we explore the performance of the model in three directions: single-label,
multi-label and multi-label fusion.

Figure 1 gives the results of sentencing penalties for single-label administrative
instruments based on node classification and graph classification. (a) and (b) correspond
to the results of the node classification. The horizontal axis represents the proportion
of the training set and the vertical axis corresponds to the evaluation index. As can
be seen from Fig. 1, the performance of the model tends to increase as the training
ratio increases. Good results were achieved for both the node classification and graph
classification tasks, indicating that the graph neural network based approach is a better
choice.
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Fig. 1. Results of sentencing penalties for single-label administrative instruments

Figure 2 gives the results of multi-labelled administrative instruments based on node
classification for sentencing penalties. It is obvious to see from the figure that the results
for multi-task classification are significantly better than using only a single label.
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Fig. 2. Results of sentencing penalties in multi-label administrative instruments

Figure 3 shows the results of sentencing penalties in multi-label fusion administra-
tive instruments. The three graphs correspond from left to right to label fusion node
classification (unbalanced), label fusion node classification (balanced), and label fusion
graph classification. When fusing the penalty category and the fine amount of the sample
into one label, similar results to the single task are achieved, but when equalizing the
division of the fine amount labels, the results are unsatisfactory. The equalization of the
penalty amount labels caused an imbalance in the fused label categories and so led to
poorer final results.

Overall, our model achieved good results for both the node classification and graph
classification tasks, illustrating that a graph neural network-based approach is a better
choice.
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Fig. 3. Results of sentencing penalties in multi-label fusion administrative instruments

5 Conclusion

In this paper, we propose two intelligent assisted punishment frameworks, which are
graph neural network frameworks based on node classification and graph classification
respectively. To the best of our knowledge, this is the first time that graph learning
techniques have been used to solve such problems. Overall, good results are achieved
for both the node classification and graph classification tasks, indicating that the graph
neural network approach is a better choice. The results for multi-task classification are
significantly better than using only a single label. Similar results to the single task are
achieved when fusing the penalty category and the fine amount of the sample into one
label, but poorer results are achieved when the fine amount of labels are equalized.
The equalization of the penalty amount labels caused an imbalance in the fused label
categories and so led to poorer final results. A possible improvement solution would be
to process the fused labels by removing some of the samples from a few categories or
by combining them into one category.
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