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legal text, carrying out experiments to study the model’s performance using real-
world data from China Judgments Online. Our study aims to solve the sequence
and length of legal text in deep learning by performing segments on sequentially
processed paragraphs in a topic-guided manner.

2. Related work

Mikolov, Chen et al. proposed the model of word embedding architectures for
computing continuous vector space representations of words [12], which yield better
results from syntactic and semantic word similarities. Chalkidis, Androutsopoulos
et al. experimentally compared several contract element extraction methods that
use manually written rules and classifiers with word embedding and part-of-speech
embedding on the dataset with gold contract element annotations [3].

Blei and Lafferty used the Latent Dirichlet Allocation model to analyze document
collections and other data distribution in a mixture of topics [2]. Talley, O’Kane et
al. developed a protocol built on Latent Semantic Analysis and Regular Expression
[19], which could be used broadly in force majeure provisions amid business law.
Sulea, Zampieri et al. proposed the technique of text classification methods to
classify the law area from features map utilizing Latent Semantic Analysis and
predict the decision of cases judged by the French Supreme Court [17]. Dieng,
Ruiz et al. developed the dynamic embedded topic model by using dynamic Latent
Dirichlet Allocation and word embedding [5], parameterized by the inner product
between the word embedding and assigned topic.

Hochreiter and Schmidhuber introduced a gradient-based method called long
short-term memory (LSTM) [7], which can learn to bridge minimal time lags by
opening and closing access to the constant error flow within multiplicative gate units.
Cho, Van Merriënboer et al. used two recurrent neural networks (RNN) to model
RNN Encoder–Decoder [4]. One RNN encodes a sequence of tokens of symbols
into a fixed-length vector space representation, and the other decodes the vector
representation into another sequence of tokens of symbols. Jozefowicz, Zaremba et
al. conducted a thorough architecture search to determine whether the LSTM is
best over ten thousand different RNN architectures [8].

Vaswani, Shazeer et al. proposed the Transformer architecture to avoid complex
recurrent or convolutional neural networks in a seq2seq model [21], which is based
solely on attention mechanisms. Peters, Neumann et al. introduced a model of
deep contextualized word representation learned from the internal states of a deep
bidirectional language pre-trained model on a massive volume of a text corpus [14].
Mokanov provided a legal qualification to a set of facts based on fact2law using deep
learning [13]. Krasadakis et al. presented the current state-of-the-art NLP tasks
related to Law Consolidation, highlighting the challenges that arise in low-resource
languages [10].

3. Methodology

3.1. Framework. Legal areas in China are generally subsets of substantive and
procedural laws regimes. The former includes civil law, criminal law, administra-
tive law, tort, economic law, or business law. The latter contains civil procedure
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law, criminal procedure law, and administrative procedure law. Moreover, these
law departments are separated into many different branches to resolve disputes.
Lawyers and clients need to determine the legal area governing the involved dispute
or case. We can introduce a novel model of legal text classification to assist the
legal profession.

Figure 1. Architecture of topic embeddings LSTM

Fig. 1 shows the details and flow of our framework where a case document is
processed through it. Step 1 segments a case document into multiple paragraphs
by using paragraph marks, such as carriage return or line feed, then convert it
into the representation of Bag-of-Words (say term frequency). Step 2 leverages
LDA to map representation of term frequency into the paragraph-topic distribution
assuming a paragraph consists of some latent topics. At the same time, a latent topic
contains many words defined in the vocabulary. Step 3 performs normalization in a
batch to improve the smoothness of the surface of errors that guided the update of
parameters. Step 4 processes the inputs of sequential vectors through the RNN cell
with forgetting gates and memory gates, which may retain contextual information
related to the input sequences. Step 5 reverses the sequential input vectors to feed
the LSTM network to acquire more contextual knowledge. Step 6 gains a series of
outputs of the hidden layer where each RNN cell receives the previous output of the
neuron apart from the current input sequence. Step 7 concatenates two vectors of
the LSTM hidden layer where they are the output of the last sequential status of
RNN cell in bidirectional LSTM. Step 8 feeds the flattened outputs of concatenating
vectors of LSTM to the Softmax function for legal area classification.

3.2. Generative statistical method of a Chinese legal text. LDA is one of
the generative statistical probability models where the latent variables exist, i.e., a
probability distribution over a pre-defined number of topics. In contrast, a topic is
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the collection of many different words defined in the vocabulary mixed with different
proportions. According to the idea of LDA, a Chinese legal text is produced as
follows:

1. Sampling from document-topic distribution related to the legal area may be
performed in a word’s position in the document. A specific topic is assigned
to the word’s position as a latent topic behind this position.

2. Sampling from topic-word distribution related to the thesaurus and text
may be carried out in a position of word assigned to a specific latent topic.
A certain word of the pre-defined vocabulary is given to the position of the
word.

3. The above steps are repeated until all words are generated in a docu-
ment. The specific process can refer to https://gitee.com/cupkzyw/legal-
bi-lstm/blob/master/images/gendocument.pdf.

3.3. Topic Embeddings LSTM. A collection of Chinese legal text is denoted as
D with the collection, where | D | is the number of samples in the collection D.
Term frequency is taken into consideration to characterize the input, and there are N
terms in the pre-defined vocabulary. Thus D can also be described as equation 3.1:

(3.1) D =

 d11 · · · d1n · · · d1N
...

. . . dmn
. . .

...
d|D|1 · · · d|D|n · · · d|D|N

 .

Each document is processed into a vector, referring to times of occurrences of
the n-th term in the vocabulary. We aim to find out a set of θ and ϕ to minimize
the distance of Kullback–Leibler divergence based on the observed evidence on the
training corpus, and the optimal θ and ϕ are denoted as θ∗ and ϕ∗. Thus, the
output of LDA include θ∗ and ϕ∗, i.e.

(3.2) θ∗ =

 θ11 · · · θ1k · · · θ1K
...

. . . θmk
. . .

...
θ|D|1 · · · θ|D|k · · · θ|D|K


and

(3.3) ϕ∗ =

 ϕ11 · · · ϕ1v · · · ϕ1V
...

. . . ϕkv
. . .

...
ϕK1 · · · ϕKv · · · ϕKV

 .

θmk is known as the probability of topic k in the document m. In the same way,
ϕkv is referred to the probability of the word v within the topic k. Due to the length
of Chinese legal text, we consider segments.

Definition 3.1 (Document Segmentation). Given A = ⟨D,T,W ⟩, D is the collec-
tion of corpus, T is the collection of topics, and W is the collection of words. If
m ∈ D, m × R = {p1, p2, . . . , px, . . . , pX} denotes that document m contains X
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paragraphs. A×R reflects new datasets through segmentation for D in case T and
W .

According to segmentation, the document m is divided into |X| separate para-
graphs, where each of them is fed to LDA to infer. In other words, the LDA model
has been fully trained on datasets A×R, i.e., pre-trained model. Thus, the inference
result of m is as follows:

(3.4) out (m) =

 em11 · · · em1k · · · em1K
...

. . . emxk
. . .

...
em|X|1 · · · em|X|k · · · em|X|K

 .

Definition 3.2 (Paragraph Embedding). Given emx is a vector representing the
paragraph x in document m, and the dimensionality of emx is K. emx is defined
as follow:

(3.5) emx = [emx1, emx2, . . . , emxk, . . . , emxK ] ,

where emxk is referred to probability of topic k in paragraph x of document m, then
the K dimensional vector emx−1 representing the topic distribution of paragraph
x−1 of document m is fed to the LSTM cell of sequential status x−1 as sequential
data. Similarly, the vector emx representing the topic distribution of paragraph x of
document m is fed to the LSTM cell of sequential status x, and emx+1 representing
the topic distribution of paragraph x + 1 of document m is fed to the LSTM cell
of sequential status x + 1. Furthermore, each LSTM cell also receives the output
vector of the LSTM cell of the previous cell, as is shown in Fig. 2.

Figure 2. Topics distribution embedding into sequence context

Each LSTM cell can handle the vector in the sequence through input, forget
and output control gates. The activate function of a control gate is sigmoid. The
structure of topic embeddings LSTM is set up, which means that a set of functions
is determined. What needs to be done at the next step is to solve a set of un-
known parameters by machine learning which iteratively updates parameters with
optimization amid training on Chinese legal text corpus.
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3.4. Algorithm. Our approach can leverage embeddings of topic models to en-
hance LSTM for long texts. Topic models establish abstract semantic associations
based on topics, and LSTM cells are embedded with contextual sequences. As
mentioned above, the proposed topic embeddings LSTM consists of three parts:

(1) Topics-based paragraph representations. The document m in the dataset
D is split into Xm paragraphs, the original dataset D turns into the new

dataset D, i.e., D = A × R, including
∑|D|

m=1Xm samples, and D would
be fed to LDA topic model for unsupervised training. LDA initialization is
performed when preprocessing is complete, where the number of topics K is
crucial to paragraph embeddings in LSTM. The suitable K could be found
by analyzing perplexity and coherence in the K loop.

(2) Alignment fill paragraphs embeddings. The collection D is put on the

trained LDA model, and the new one D̂ is inferred, aiming at paragraph em-
beddings. The original document m is mapped into [pm1, pm2, . . . ,
pmxm , . . . , pmXm , pmXm+1, . . . , pmXmax ], where pmxm is represented by
[emx1, emx2, . . . , emxk, . . . , emxK ]. pm1, pm2, . . . , pmxm , . . . , pmXm are para-
graphs in the document m, Xmax is the maximal number of paragraphs in
all documents, and zeros fill pmXm+1, . . . , pmXmax to align LSTM input.

(3) Embeddings data normalization. Z standard is performed on embeddings

to avoid optimization difficulties. We can calculate µk = 1
Xmax×|D|

∑|D|
m=1∑Xmax

x=1 emxk, and µk is the mean of topic No. k in all documents.

At the same time, we may construct σk
2 = 1

(Xmax−1)×(|D|−1)

∑|D|
m=1∑Xmax

x=1 (emxk − µk)
2, and σk

2 is the variance of topic No. k in all docu-

ments. Then, we update emxk with emxk−µk
σk

.

4. Experiments

4.1. Data Description. Chinese legal text corpus comprises 1,103 cases acquired
from China Judgment Online written in Chinese. Judgments with the legal area,
which the corresponding court labeled, were published on the Internet. Unlike
English, Chinese corpus requires performing preprocessing, i.e., word segmentation.
When we split an English sentence, it is easy to get tokens of words by a few spaces
and punctuations. However, a Chinese sentence is composed of several Chinese
characters arranged continuously in a row. A Chinese word token is constituted of
a Chinese character or more Chinese characters, and there are no spaces between
the words in a Chinese sentence. Thus, the n-gram span of a Chinese word is
determined by the contextual meaning, and we utilized Python library Jieba to
handle Chinese word segmentation.

4.2. Experimental setup. LDA model maps to a set of functions, where param-
eters theta in document-topics distribution and phi in topic-words distribution are
unknown. The theta and phi may be resolved by optimizing Kullback-Leibler diver-
gence in the training sample. A part of the dataset is set aside for the testing, and
the rest is divided into three folds, where two folds are used for training, one fold is
used for validation, and it is performed alternately three times. Hyper-parameters
need to be set up in advance, such as alpha, beta, and K, where alpha is the prior
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probability of theta, beta is the prior probability of the phi, and K is the number of
topics. Hyper-parameters in LSTM involve the number of cells of the hidden layer,
the number of LSTM layers, learning rate, batch size, epochs, dropout, word em-
bedding, and max length of a sentence. Hyper-parameters setup is shown in Table
1.

Table 1. Setup of Hyper-parameters

Hyper-parameters Description

K the number of topics in LDA
alpha priori probability in Dirchlet of document-topics distribution
beta priori probability in Dirchlet of topic-words distribution
iter parameters theta and phi update frequently
nhid the number of cells of the hidden layer, for example 50
nlayers the number of LSTM layers
lr learning rate
batch size samples of a batch
epochs run the full dataset more times
dropout randomly selected neurons are ignored during training
embsize related to K, for example 100
sen max len related to paragraphs, for example 40

This work implemented the model functionality utilizing Python language and
PyTorch, and some third-party libraries are used including torch.nn, torch.optim,
nnet.lstm, nnet.blstm, torch.autograd, and so on. The 1080Ti GPU of the cloud
server was rented from AutoDL Cloud, and the version of CUDA is 11.6. The
1080Ti is operating at a frequency of 1481 MHz, which can be boosted up to 1582
MHz, and memory is running at 1376 MHz. The total parameters of our model
can be calculated according to 4 × ((embedding size+hidden size) × hidden size +
hidden size) × max len, and the system has the memory footprint of 120MB. Each
epoch took 32–35 seconds.

5. Results and Discussion

In order to decide the optimum number of topics to be extracted using LDA for
topic modeling for Chinese legal texts, topic perplexity and topic coherence scores
are always used to measure how well the topics are extracted. Visualization of
a topic model can refer to https://gitee.com/cupkzyw/legal-bi-lstm/blob/master/
images/visualizationtopicmodel.pdf. The result is shown in Fig. 3. We can infer
that a specific number of topics is 100 if the overall score of perplexity and coherence
is taken into consideration according to the mentioned situation.

According to the subdivision of Chinese legal practice area, we set the number
of topics (num topics) as 100. The dimensionality of input data fed to the LSTM
network is 100. The fine-tuned hyper-parameters contain learning rate (lr), dropout,
size of batch (batch size), size of the input (emb size), epochs, and so on. The
criterion function is cross-entropy, increasing as the predicted probability diverges
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Figure 3. Perplexity and coherence under different topics

from the actual label. We select Adam as the optimizer considering the momentum
and gradient descent [22]. The result of accuracy on the test dataset follows as Fig.
4.

Figure 4. Test accuracy with different epochs

The four sets of hyper-parameters are individually shown, i.e., (batch size = 8,
dropout = 0.1, lr = 0.01, nlayer = 1), (batch size = 8, dropout = 0.1, lr = 0.001,
nlayer = 1), (batch size = 16, dropout = 0.1, lr = 0.01, nlayer = 1), and (batch size
= 8, dropout = 0.1, lr = 0.01, nlayer = 2). The result from the above figure may
suggest that the test accuracy curve varies to the different hyper-parameters. The
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curve in the left-top gradually ascends when lr is equal to 0.01, whereas the initial
ups and downs of the curve in the right-top is followed by flattening at the position
where epochs are 28 when lr is equal to 0.001. The fluctuating curve of the left-
bottom is flattened at the position where epochs are 8 when batch size is equal to
16, and the curve located in the right-bottom is rapidly converged where epochs are
3 when nlayer is equal to 2.

Due to the varied hyper-parameters, an explanation for the different performance
on the test accuracy could be related to optimization and overfitting. The update
step of parameters is too tiny when lr is equal to 0.001, which would lead to the
training loss of function trap at a local minimum point. The overfitting could have
happened on the training when batch size is equal to 16, which stopping training
early could alleviate. However, the performance is the best when nlayer is set to
2, reflecting that the model structure of two layers may correct model bias better
than one layer.

In order to analyze the performance of our model, the methods of SVMs (support-
vector machines), KNNs (k-nearest neighbors), DTs (decision trees), RFs (random
forests), MLP (multi-layer perceptron), AdaBoost (adaptive boosting), and NB
(naive Bayes) are used to compare with topic embeddings LSTM, as is shown in
Table 2. The default set of hyper-parameters in our model is (batch size = 8,
dropout = 0.1, lr = 0.01, nlayer = 1).

Table 2. Precision, recall, and F1 of each method

methods precision recall F1

positive/negative positive/negative positive/negative
our model (default) 0.859/0.976 0.98/0.836 0.916/0.901
our model (lr=0.001) 0.952/0.825 0.8/0.959 0.869/0.886
our model (batch size=16) 0.882/0.896 0.9/ 0.877 0.891/ 0.886
our model (nlayer=2) 0.923/0.957 0.96/ 0.918 0.941/0.938
SVMs 0.753/0.772 0.754/0.771 0.75/0.772
KNNs 0.698/0.872 0.898/0.639 0.786/0.738
DTs 0.941/0.641 0.41/0.976 0.571/0.774
RFs 0.747/0.621 0.428/0.866 0.545/0.723
MLP 0.736/0.751 0.728/0.759 0.732/0.755
AdaBoost 0.793/0.753 0.706/0.83 0.747/0.789
NB 0.597/0.842 0.912/0.431 0.722/0.57

The above table demonstrates that our model outperforms SVMs, KNNs, DTs,
RFs, MLP, AdaBoost, and NB no matter what hyper-parameters is set to which of
four groups. The maximum positive precision is 0.952 when lr is equal to 0.001 in our
model, whereas the maximum negative precision is 0.976 when hyper-parameters
are set to default in our model. The best positive precision is DTs with 0.941
amid SVMs, KNNs, DTs, RFs, MLP, AdaBoost, and NB, and the others are all
lower than 0.8. However, DTs yields a relatively low negative precision with 0.641.
Our model (default) takes the lead in positive recall with 0.98, whereas DTs has
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the advantage in negative recall with 0.976. Our model (nlayer=2) exceeds other
methods in the positive and negative F1 with 0.941 and 0.938. At the same time,
the best positive and negative F1 is individually KNNs and AdaBoost with 0.786
and 0.789 amid SVMs, KNNs, DTs, RFs, MLP, AdaBoost, and NB.

6. Conclusions

In this work, we have proposed the topic-modeling framework of topic embeddings
LSTM to discover features of topics distribution embedding into sequence context
in Chinese legal texts. Topic embeddings LSTM models each document with se-
quentially processed segments in topics distribution inferred by LDA training on
the Chinese legal corpus. Each segment embedding is a context-varying vector in
the embedding space of the document. Using perplexity and coherence metrics,
our model can learn the best the number of topics and the size of embeddings.
We applied the model to classify the Chinese legal corpus. Experimental results
imply that our model outperforms SVMs, KNNs, DTs, RFs, MLP, AdaBoost, and
NB in terms of precision, recall, and F1 while providing intuitive interpretation by
visualization of a topic model.
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