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ABSTRACT

With the development of Internet and social media, large-
scale legal resources are available now and are very helpful
for legal professionals. Although many law application solu-
tions can provide information management and search ser-
vices, it is still a big challenge to find the relevant law provi-
sions to the complex law cases. Due to the semantic complex
of various law provisions and law cases, traditional methods
cannot precisely characterize the deep semantic distribution
of legal cases. In this paper, we propose a neural attention
model for automatically matching reference law provisions.
In this proposed model, we employ word by word atten-
tion mechanism to calculate pairwise comparisons between
cases and law provisions and then an output LSTM layer is
used to summarize the comparisons and output the labels.
The experimental results show that our model performs bet-
ter than both traditional SVM classification algorithm and
LSTM representation model.

CCS Concepts

eInformation systems — Expert systems; eComputing
methodologies — Natural language processing; Neu-
ral networks;
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1. INTRODUCTION

Internet and social media are changing the working styles
of legal professionals. Large-scale online laws, reference law
cases and other legal documents are available in the internet
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and social media. Such large-scale rich resources are very
helpful for judges, lawyers, and other legal professionals.

Most of the law application solutions can provide informa-
tion management and search services on regulation, law and
reference cases. They effectively enhance legal professionals’
working efficiency. However, legal research is still an expen-
sive and time consuming process, for lawyers and judges.
Lawyers and judges often spend a lots of time to prepare
the law cases. For each case, they need to analyse the detail
facts, collect amounts of evidences and find the relevant law
clauses, reference cases and other legal citations and sup-
ports. Currently, it is still a big challenge how to quickly
find the relevant law clauses to the complex law cases. Each
complex law case may be related to several law provisions
and the reference law provisions may be quite different be-
cause of a little differences of case details. There are also
latent relevant law provisions. For example, if the defen-
dant in a case turns himself in, the case may be relevant to
probation provisions and probation period provisions. Due
to the semantic complex of various law clauses, law cases,
traditional rule-based or keyword-based methods can not ef-
fectively characterize the deep semantic distribution of the
legal documents. Hence, we attempt to employ deep learn-
ing technology to capture both explicit and hidden semantic
association among various high-level law clauses, hypothesis
and the details of law cases.

We propose a deep semantic match algorithm for auto-
matically matching reference law provisions. We define the
task as a classification task to label matching or not, given a
case brief and a law provision. A neural attention model is
proposed to learn automatically from training data. In the
proposed model, we first employ word by word attention on
top of two LSTM encoders which encoding case briefs and
reference law provisions respectively and calculate attention
weights and comparisons of each case word’s representation
and law provision’ representation vector after the encoding
process. Then an output LSTM layer is used to summarize
the compare results and output the labels. The experimen-
tal results show that our model performs better than both
traditional SVM classification algorithm and LSTM repre-
sentation model.

The novelties and main contributions of this paper are



summarized as follows:

e To the best of our knowledge, this is the first work that
explore matching reference law provision task.

e We present a new neural attention model to label ref-
erence law provision.

e We report empirical results on a real legal judgement
datasets and show the effective performance for this
task.

The proposed algorithm is integrated into our semantic
compliance advisor solution. Our compliance advisor solu-
tion focuses on semantic compliance checking on contracts,
regulation and law cases, which provides semantic related-
ness detection and comparison, relevant reference case find-
ing and compliance checking for legal professional. It can
effective help legal professionals to prepare the law cases
and reduce the compliance risk in their daily work.

2. RELATED WORK

Recurrent neural networks(RNNs) have been used to im-
prove language model [6] and sentence embedding[7]. RNN
inputs text sequentially by taking a single token at each time
step and producing a corresponding hidden state. The hid-
den state is then passed along through the next time step
to provide historical sequence information.

Although a great success in a variety of tasks[2, 5], RNNs
have limitations. It is difficult to train RNNs with the stan-
dard affine hidden units on long input sequences because the
gradients tend to either vanish or explode. Because RNNs
has to compress all information captured in the past time
steps into the current fixed length vector, it is not good at
memorizing long or distance sequences [10] Researches have
proposed to overcome the limitations. The gradient explod-
ing problems is addressed by a gradient clipping method [8]

To deal with the vanishing gradients, gated and interal
short-term memory variants of an RNN unit have shown to
be effective. [4, 3]. In machine translation task, in order to
improve the result in translating longer sentences, Research
[1] propose to use attention in RNN models, which allows
RNNs to selectively focus on the most task-relevant parts
of input sequence, assign importance weights to those parts
and join them into a single representation.

Our method is motivated by the central role played by
the neural attention mechanism in machine translation [1].
We use a neural attention model to finding reference law
provision according to case briefs.

3. APPROACH
3.1 Problem Definition

As mentioned above, our task is to find reference law pro-
vision of the facts of cases. In this paper, we define the
problem as a binary classification task. Given a case and
a law provision, the model will give a label of matching or
not.

Then we can consider the learning-based classification tasks.

N

The training set consists of N examples {A%, BY, YZ =1,
where the input case A" is a sequence of word tokens aj, a3, ...a;,,

and the input law provision B is a sequence of word tokens
i

1,05, ...bfb and the output Y* = (yi,%3%) is an indicator vec-
tor encoding the label and the number of output classes is
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Figure 1: The architecture of Neural Attention

Model

2 in this paper. We assume that each word token a’,b; is
represented by its word embedding vector a’, b’ € R? of
dimension d. At test time, we receive a case A and a law
provision B and the goal is to predict the correct label Y’

3.2 A neural attention model for matching ref-
erence law provision

The core model consists of the following three compo-
nents(see Figure 1), which are trained jointly: word by word
attention, compare measurement and RNN output layers.

3.2.1 Word by word attention.

Attentive neural networks have recently demonstrated suc-
cess in a wide range of tasks such as machine translation[1],
image captioning[11] and sentence inference[9]. The idea is
to allow the model to attend over past output vectors. In
this paper, for matching reference law provisions, we use
word by word attention mechanism to soft align words in
the law provisions and cases. We use two LSTMs to encode
cases and law provisions respectively. Then each output
state of the first LSTM attends the second LSTM’s output
vector and attention weights «; and comparisons are cal-
culated over all output vectors of law provisions for each
output state h; in the case brief.

This can be modeled as follows:

hy = (Comp(Z;-":lakjh;-, hk),Zg-":laijomp(h;-,hk) (1)

exp(eis)
- 2
Ak 2;€l‘p(€kj/) ( )

exj = W tanh(W°h} + W'hy, + WComp(hj}, ki)  (3)

where hj, is the compare result of output state hy of case
brief and the output vectors of law provision h’, all matrices
W' contain weights to be learned and the function Comp
is the compare function we will explain next. Note that
the compare result hf is an concatenation of two parts: 1)
compare result of hy and an aggregate of vector h’ with the
attention weights; 2) an aggregate of compare result of hy
and each state hj. We also assume the soft align weight au;
is relevant to the comparison of hj and h;-.

3.2.2  Compare measurement.

We define the compare function for comparing two states
as follows:

Comp(X, y) = (COS(J], y)? L2EuChd(m7 y)v ‘l’ - y|7 T * y) (4)



where cosine distance(cos) and element-wise multiplication
measure the distance of two vectors according to the an-
gle between them, L2 Euclidean distance (L2Euclid) and
element-wise absolute distance difference measure magni-
tude differences. In another perspective, cosine distance
and L2 Euclidean distance measure the sum distance and
element-wise multiplication and absolute distance measure
the element-wise distance in each dimensions of the vectors.
In this paper, L2 is set as 0.01.

3.2.3 RNN output layers.

After word by word attention, each output state of cases
has a compare result with the law provision and then an-
other LSTM is used to sequentially summarize the compare
results. We take the last state of the LSTM as compare re-
sult representation and on top of the LSTM layer, we use a
linear layer and a log-softmax layer as the final output layer,
which outputs the matching or not label.

3.3 Network learning

To train our models, we use stochastic gradient descent
(SGD) to minimize the negative log likelihood loss function
and the backpropagation algorithm to compute the gradi-
ents. For the output layer, we employ dropout with a con-
straint on l2-norm of the weight vectors. The dropout rate
is 0.2 and the Il constraints is 3. Training is done through
stochastic gradient descent over mini-batches with the size of
50 and Adadelta update rule[12] and the number of epochs
is set to 200. The encoding LSTM layer we use in this paper
are bidirectional LSTM and the numbers of cell are all set as
20. The hidden state in the output linear layer is set as 50.
In our experiment, we use initialized randomly word vectors
for each word and learn them as parameters during training.
The dimension of word vectors is set to 50.

4. EXPERIMENT
4.1 Dataset

As there is no benchmark or published dataset for ref-
erence law provision matching, we conduct experiments on
a real-world dataset collected from a set of Chinese credit
card fraud judgements. We extracted the case briefs and
reference law provisions from each judgement as positive
samples. Table 1 shows an example case briefs and its two
reference laws. We also randomly construct negative sam-
ples with case briefs and non-reference law provisions about
credit card fraud.

We use 10000 case brief and law provision pairs as training
set, 2000 pairs as validation set and 4000 pairs as test set.
In each set, the positive-negative ratio is about 1:1. Then
we do word segmentation on the datasets and use accuracy
as our evaluation metric.

4.2 Compared models

To compare with the proposed model, we also evaluated
the following methods on the constructed dataset.

e SVM. We use TFIDF of words to represent case briefs
and law provisions, the output of compare function we
defined in this paper as features and SVM algorithm
to do classification.

e LSTM. We use two LSTMs to represent case briefs
and law provisions respectively, a compare layer of the

function we defined in this paper with the last state
of the two LSTM as input to give compare results and
last a linear layer and a log-softmax layer to give the
label.

4.3 Experiment results and analysis

Model accuracy
SVM 0.806
LSTM 0.891
Our model 0.911

Table 2: Experimental results.

Model SVM LSTM Our model
case brief with not- matching matching
provision 1 matching
case brief with not- not- matching
provision 2 matching matching

Table 3: Labels of the case brief and reference law
provisions in Table 1 from SVM, LSTM and out neu-
ral attention model.

Tabel 2 shows the comparison of the proposed neural at-
tention model with compared method on the constructed
evaluation dataset. We have the following observations: 1)
First of all, we can see models with RNN encoder (LSTM
and our neural attention models) perform better than SVM.
This shows the effectiveness of learning represent by RNN
encoder. 2) Our proposed neural attention model performs
better than LSTM model. This shows the effectiveness of
learning word soft-alignment by attention models.

Furthermore, Table 3 shows labels of the case brief and
reference law provisions in Table 1 from SVM, LSTM and
our neural attention model. We can find the SVM failed to
match provision 1 and provision 2, LSTM matched provision
1 but failed on provision 2 but our model can match both
provision 1 and provision 2. This may because LSTM can
learn important features from corpus automatically. But the
global-level representation cannot match provisions such as
provision 2 with probation period which is latent relevant to
the case brief because of the defendant’s confessing. But in
our proposed attention model, each word is compared to the
law provision through word by word attention mechanism
and the provision 2 may be matched because word confess-
ing, probation in the case brief are related. This suggests
in matching reference law provision task, pairwise compari-
son by attention mechanism are relatively more import than
global-level representations.

S. CONCLUSION

How to quickly find relevant law provisions to the com-
plex law cases is a big challenge due to the semantic complex
of various law provisions and case details. In this paper,
we propose to use neural attention model for automatically
matching reference law provisions. In the proposed model.
we first use two LSTM encoders to represent case briefs and
law provisions respectively and employ word by word atten-
tion mechanism. At last, an output LSTM layer is used to



Case brief

Reference law provision 1

Reference law provision 2

KEILNHR, HE ANREDIEESFHNE
B, LEEXERFR, BEROR, il
TIEWFERKT, SHERFIER
& NFPLRIRERC S MR EH R VER
SERESERE, IEREESIEs, HiEE
T BTHENGEEET, B
7 RAT AR IR B4 2 FR I,
YRR TG T I 4, W HIE & AT
A MR IERHE (The Court finds that,
on the purpose of illegal possession, de-
fendant Wu maliciously overdraft credit
card in relatively large quantities, dis-
rupted the financial order and thus con-
stituted the crime of credit card fraud.
Prosecutor accused of criminal facts are
clear and sufficient evidence, convicted.
In view of his confessing, repayment of
principal and interest and pre-paying
fines in the proceedings, he is applied to
probation.)

B—HILTAZKE FMERZ—, #i1E
ARERED), BHECRR, LRELT
HEEM S E Mm%, HL— Rl E=+
AU TN e, BBERESERLM™E
BETH, LRFELEHEUTERER. 3
AR FTTU E R+ AT i4; ... (Article
196 Whoever commits fraud by means of a
credit card in any of the following ways shall,
if the amount involved is relatively large, be
sentenced to fixed-term imprisonment of not
more than five years or criminal detention
and shall also be fined not less than 20,000
yuan but not more than 200,000 yuan; if the
amount involved is huge, or if there are other
serious circumstances, he shall be sentenced
to fixed-term imprisonment of not less than
five years but not more than 10 years and
shall also be fined not less than 50,000 yuan
but not more than 500,000 yuan;...)

£ = ZR R A 5 18 BT IR Oy [ A
FHLL E—FLIF, HEAEDST A
o B BATET i 5% 7 2% 36 B3 R S [ 40 7R
WU ERFLT, HEAEDOT .
R ERER, NHAHRTEZ HE
18 . ( Article 73 The probation pe-
riod for suspension of criminal deten-
tion shall be not less than the term orig-
inally decided but not more than one
year, however, it may not be less than
two months. The probation period for
suspension of fixed-term imprisonment
shall be not less than the term originally
decided but not more than five years,
however, it may not be less than one
year. The probation period for suspen-
sion of sentence shall be counted from
the date the judgment is made final.)

Table 1: .An example of case briefs and reference law.

summarize the compare result calculated from the attention
and output the label. We evaluated our model in real dataset
from Chinese legal judgements. The experiment result show
that our model performs better than SVM classification al-

gorithm and LSTM model.

In this paper, we try to match reference law provisions
with case briefs which are summarized by human. Future 8]
work will focus on matching relevant law provisions accord-

ing to original case facts.
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