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Cmammio npuceauero anasidy cydosur cnpas, AKUL 2PpYHMYEmMvbea Ha MeKCmosit iHPopMayil,
WO BKANOUAE NOZOBHT BUMO2U, NIOCTABY M03068Y mMa 6id3ue sidnosidava. Bepywu do ysazu ui napame-
MpU, MU MOHCEMO KAGCUPIKYSAMU CcNPasy 0o 00HIcT i3 cemu Kamezopitl, GUSHAYEHUT OAL UiAeTl Ubo2o
docaidorcerna, ma CnpoeHo3ys8amu piuterhsa no Hitl y cydi nepwoi itnemarnuyii. Jas pods’asanns uiei 3a-
dani MU BUKOPUCTIAAU HETUDOHHY MEPEICY HA OCHOBT NPEICMABAEHHA MEKCTNOSUT JGHUT 32€HEPOSAHUL
mosaennesoto modeano XLM\|RoBERTa. Byao nopietano dea nidxodu do nobydoeu maxoi HEGpoHHoT
mepeoici. OQdun 6a3YembCs Ha BEPMUKAALHOMY 00 €0HAHHE YUCAOBUL NPEICTNABAEHD JEKIADKOL DEYEHD
MAKUM YUHOM, WO GOHU YMBEOPIIOMb MAMPUUI0, & NOMiM 3acmocysanni do wei 2D szeopmox. py-
2uti n10x10 NOAARAE 8 MOCAII0EHOMY 00 €OHANHT PEYEHD A 3ACTNOCYBAHHT UWTALHUL HETUDOHHUT MEPEIC.
Ocmarnit nidzid nokasye mporu Kpauli pe3yssmamuy 6 HawoMy eKcnepumMenmi, 6 mot Yac Ax nepuwul
democmpye npocmiwut NPouec HaABUAHHA.

Karomosi crosa: 06pobka npupodnoi mMosu, MOBAEHEST MOJEAT, 320DMKU, UIADHT HEUPOHHT MEPEIHCT

This paper is devoted to the analysis of court cases based on multiple sentences that represent
plaintiff’s claim, claim motivation and defendant’s response. Based on these parameters we classify a
given case into one of seven categories designed for our task and then predict its decision in the first
court’s instance. We use fine-tuned XLM|RoBERTa for this task. There were compared two approaches
for building fine-tuned model’s head. One is based on stacking the numerical representation of multiple
sentences so that they form a matriz and applying 2D convolutions. Second approach is based on
concatenated sentences and application of dense neural networks. The latter demonstrates a slightly
better performance in our experiments, while the former exhibits the simpler training process.

Key Words: Natural Language Processing , language models, convolutions, dense neural networks

Communicated by Prof. M. P. Moklyachuk

1 Introduction rational recommendations for the developing of
the judicial system.

Our research group is working on the project The analysis of legal documents, such as
whose main aim is to find the best way of using AI contracts and claims, constitutes a specific field
for analyzing court decisions of the Unified state of research and application of Natural Language
register of Ukraine (more then 100 million cases) Processing (NLP) algorithms. Special considerati-
to gain efficiency, speed, and valuable insights. ons in such analysis include: length of a document,
This enables us to make faster and more accurate specific legal language, special requirements for
legal research and decision-making, and provide the legal accuracy of the generated texts, etc. The
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length of a document or a series of documents
typically exceeds a limit of 512-2048 tokens per
sequence required by most open source Large
Language Models (LLM), such as BERT (see [1]).
In this paper, we construct an algorithm to predi-
ct court decisions based on documents related to
civil procedure. The cases may have tens of associ-
ated documents, with several thousands of tokens
each. For more details about the dataset see [2].

Another important aspect of the algorithm
under consideration is the multi-sentence input.
Typical NLP algorithms follow the standard
transformer approach to input. This approach
supposes three stages of input pre-processing. In
the first stage, every input sentence is trimmed or
padded so that all sentences have the same length.
In the second stage, every word is encoded using
some standard word embedding, thus creating a
vector representation of each word. Such vectors
then stack one on top of another, forming an input
matrix. Finally, this matrix is added to the matrix
of the same size, representing so-called positional
encodings. The result is a two-dimensional matrix
that represents a single input sentence.

In our project we are working on prediction
of various characteristics of the civil procedure.
The characteristics of interest are: first instance
decision, whether it was appealed, decision in
appeal, final decision, the process duration, associ-
ated costs and etc. Predicting these values based
on the whole text of the case documents is a
nearly unfeasible task since civil procedure may
last for years, and a stock of associated documents
may include tens or even hundreds of various
documents. To circumvent this problem, we have
manually labelled a subset of documents specifyi-
ng particular sentences or text fragments that, we
think, are relevant to the algorithm we develop.
Among others, we have chosen claim, claim moti-
vation and defendant’s response as three main
elements to base our algorithm on. Each of these
elements is a relatively short fragment of text
that can easily be passed through the existing
open-source LLMs. But each LLM takes only
one sentence as input, while we have three. Our
approach is to use LLMs to derive a contextual
numeric representation of each text fragment and
then build another neural network to predict
values of interests based on these representations.
As mentioned above, we use claim, claim motivati-
on and response as input text fragments, and after
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passing them through the LLM, we have got three
768-dimensional vectors.

When stacking these vectors, we got a 3 x 768
matrix as input to our algorithm. Since matrix-
type inputs are typical for convolutional neural
networks widely used in computer vision, we deci-
ded to utilize a convolution-based approach. It is
worth mentioning that the use of convolutions in
text analysis is not an entirely new idea. See, for
example, [10]. As an alternative approach, we can
use a dense neural network with all our inputs bei-
ng flattened into one long vector.

We developed and evaluated three models
(small, medium and large) for each approach
and compared the results. As a result of our
experiments, we have found that a dense network
approach performs slightly better in terms of hi-
gher accuracy, although it uses more parameters
and takes a bit longer to train. The best of our
convolutional models demonstrated comparable
performance with smaller number of parameters
and simpler training process. We believe that
convolutional approach for analysis of multi-input
NLP models is a perspective one and deserves
more attention in the future research.

The approach based on convolutions of matri-
ces created by word embeddings has been proven
to be fruitful, as presented in [5, 6]. It allows
analysis of a single sentence and uses general
word embeddings that miss the context, but such
methods demonstrate good results on relatively si-
mple tasks, like sentiment analysis (see [8]). Paper
[3] is devoted to 1D convolutions based on word
order, and [4] contains a detailed discussion on 2D
convolutions applied to one-hot word representati-
on. Convolutions applied to word embeddings for
a lexical analysis were used in [7, 15|, while [11] is
devoted to a semantic clustering problem.

An
contextual meaning of the words in a pre-
transformers era was developed in |9]. The authors
built a convolution-based model to obtain a latent
semantic representation for a given text. Another
work of a similar kind, where convolutions are
applied for development of semantic embeddings
from hashtags, is [12].

interesting approach to capture the

Finally, the paper [13] is devoted to general di-
scussion about application of convolutions in text
mining and natural language processing.

The paper is organized as follows. In Section 2
we describe the initial phase of data processing.
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We move on to the category prediction in Secti-
on 3. The different approaches for decision predi-
ction are considered and compared in Section 4.
The conclusion remarks are given in Section 5.
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2 Initial Phase

We started with about 700 labeled court cases,
each including the data that is described in
Table 1:

Table 1: Variables and their description

variable description average length
claim fragment of text describing the essence of a claim 12300

claim justification fragment of text motivating the claim 12300
response fragment of text that includes defendant’s response 12300
category categorical parameter describing a type of a case 7 categories in total
decision decision in the first instance 4 types

Our analysis pursued three goals:

1. to identify whether the categories are balanced
and have impact on decision;

2. to predict the category by a claim;

3. to predict the decision by claim, claim justifi-
cation and response.

We used simple descriptive statistics to exami-
ne our categories. We found out that categories are
unbalanced, with roughly 55-60% of cases being
judged in favour of plaintiff.

The second task (category prediction) is a
very important practical problem. The corpus of
judicial documents does not include good categori-
zation, while it is essential for such problems.
Different types of civil procedure require di-
flerent sets of documents to submit, have different
chances to win the case, and have different durati-
ons and associated costs. That is why categorizati-
on itself is a crucial problem. We used dense neural
network to predict categories.

Finally, the most important goal of this
research is to predict the first instance’s decisi-
on. To do this, we used our three text variables

as predictors and developed two families of neural
networks: one is based on 2D convolutions and
another is based on dense neural networks.

The actual problem that needed to be
solved was converting text parameters into
numeric vectors. Our text data are in Ukrainian
language, so we used a variant of XLM/RoBerta
large language model adapted for the Ukraini-
an language only. This model demonstrates fast
inference while sharing the overall performance of
the original XLM/Roberta model. We removed
the head of the model and used the last layer
as our numeric representation, which allowed us
to convert all our text data into 768-dimensional
numeric vectors used in our further analysis.

3 Category prediction

In order to predict categories we experimented wi-
th dense neural networks. There were used claim
as the predictor and achieved about 98% accuracy
on the test dataset with such model.

On the pie chart (Fig. 1) we can see how many
cases belong to the top six categories.

Figure 1: Category’s distribution
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We can see that the most popular category
includes about 50% of all cases, the second and
third include about 15%, the fourth is about 9%,
and the rest is 5% and below, which makes our
categories distribution quite unbalanced.

The model we developed uses claim text vari-
able as its input (it is encoded as 768-dimensional
numeric vector), which is passed through the two
dense layers of 512 neurons each before the final
classification layer. We used ReLu activation for
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dense layers and softmax for the last one.

We trained our model for 20 epochs with
cross-entropy loss function, Adam optimizer and
learning rate of 10~* and obtained 95% accuracy
on a test dataset.

Since our dataset is imbalanced, we evaluated
the performance of each category prediction by
calculating Precision, Recall and F1 score, which
gives the following results.

Table 2: Prediction performance

category total number TP FP FN Precision Recall F1

1 99 98 8 1 0.92 99 0.96
2 16 16 0 0 1 1 1

3 18 17 1 1 0.94 0.94 0.94
4 34 34 0 0 1 1 1

5 6 6 0 0 1 1 1

6 22 22 0 0 1 1 1

7 2 2 0 0 1 1 1

where TP is True Positive, FP is False Positi-
ve and FN is False Negative. Let the category
under consideration is category 1, say. Then True
Positive means the number of correct predicti-
ons, True Negative means number of prediction
for 1 category while the true category is different
and False Negative means prediction for another
category while the true category is 1. Here

R TP B TP
recision = op + FP  Total Positive’
TP
Recall = TP+ FN
TP

~ Total number of positive instances’

Precision * Recall

Fl=2+ Precision + Recall
We can see that model misclassifies the first
category, which is expected having the imbalance
of the dataset. At the same time we can see
that the model’s prediction performance is even
(homogeneous) across all categories.
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4 Decision prediction

As for the term ’decision’, we are using one of
the following outcomes from the final judgment
of the first-instance court: ’complete satisfacti-
on of the claim’, ’decline the claim’, ’partially
satisfy the claim’ or ’other’. For the decision
prediction we built and evaluated two families
of deep models. One of the area of our interest
was evaluation how 2D-convolutions (Conv2D)
perform themselves in multi-sentence input setup.
Normally, 2D-convolutions are used in computer
vision problems, and they are known to be effecti-
ve in capturing spatial effects, such as identi-
fying an eye or an ear in a certain area of an
image. In our case, each element of the numerical
representation obtained from the large language
model contains some particular information about
the sentence. Our motivation was caused by
the fact that there is at least vertical spaci-
al alignment between elements of the input
matrix. In addition to that, other experiments wi-
th convolutions, 1-D convolutions, in particular,
demonstrated promising results in reducing the
number of parameters required, improving the
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training process and learning valuable insights
from the original numerical sequences representing
inputs.

For this purpose, we developed three models
(small, medium and large) based on convoluti-
ons and three models based on dense networks.
Our goal was to evaluate the performance of
convolution-based models, their difficulty to train
and approximate dependence of a number of
parameters.

It is appeared that decisions of about 60% of
all cases in our dataset were ”"complete satisfacti-
on of the claim”. It is worth mentioning that we
only used a subset of civil cases related mainly to
pension and social aid, that’s why the percentage
of ’positive’ decisions is so high. So, 60% is our
baseline.

All Conv2D models take input of the size
3 x 768. We tried two variants of a loss function:
regular cross-entropy loss function and weighted
cross-entropy with weights backwards proporti-
onal to the class distribution. We repeatedly
trained multiple models every time comparing
the performance and difficulty of training and
evaluating the model’s expressiveness. We trained
each model with a learning rate of 1073 for some
number of epochs (usually between 200 and 400),
then selected the best candidates and ran the trai-

16 —— Train Loss
Test Loss
1.4

1.2 4

1.0 4 A
- | N

.8 4 4 bl '
0.6 1
0.4 4
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ning for another 100-200 epochs with the smaller
learning rate of 1074,

4.1 Conv2D-small network

Our first Conv2D-small network model has the
following architecture:

1. Conv2D layer with 10 3x 3 kernels and ReLLU
activation function, that outputs tensor of
the size 1 x 766 x 10.

2. Conv2D layer with a single 1 x 1 kernel
and ReLlU activation function, that outputs
tensor of the size 1 x 766 x 1.

3. Flatten layer followed by Linear 766 x 20
layer with ReLLU activation.

4. Dropout layer with p = 0.3.
5. Final classification layer.

The model has 15,556 trainable parameters
in total. The best achieved result in the sense of
accuracy was 0.75, i.e. 15% above the baseline.

We may conclude that such a network does
not have enough expressiveness, but at the same
time it can be relatively easily trained and does
not require much fine-tuning.

0.7 4

0.6 4

0.5 4

0.4 4

0.3 4

0.2 4

—— Train Accuracy
0.14 Test Accuracy (max=0.753}

0 50 100 150 200 250 300

Figure 2: Conv2D-small network model performance

4.2 Conv2D-standard network

The second Conv2D-standard network model has
the following architecture:

1. Conv2D layer with 10 3x 3 kernels and ReLLU
activation function, that outputs tensor of
the size 1 x 766 x 10.

2. Conv2D layer with a single 1 x 1 kernel
and ReLU activation function, that outputs
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tensor of the size 1 x 766 x 1.

3. Flatten layer followed by a Linear 766 x 50
layer with ReLLU activation.

4. Dropout layer with p = 0.3.

5. Another 50 x 30 linear layer with ReLLU acti-
vation.

6. Dropout layer with p = 0.3.
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7. Final classification layer.

The model has 40146 trainable parameters in

0.7 thi‘w

0.6 4

0.5 4

0.4 1
—— Train Loss
—— Test Loss

0 100 200 300 400 500
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total. The best achieved accuracy result was 0.786,
or 18.6% above the baseline.

0.72 —— Train Accuracy
—— Test Accuracy (max=0.786)

0 100 200 300 400 500

Figure 3: Conv2D-standard network model performance

The best result has been achieved with the
first training attempt (without the fine tuning).
However, we find that models with weights requi-
re some fine-tuning, while standard models usually
achieve their best results during the first training
attempt.

4.3 Conv2D-deep network

Our last Conv2D-deep network model has the
following architecture:

1. Conv2D layer with 10 3 x 3 kernels, paddi-
ng="same” and ReLU activation function,
that outputs tensor of the size 1 x 766 x 10.

2. Another Conv2D layer with 10 3 x 3 kernels,
and ReLU activation function, that outputs
tensor of the size 1 x 766 x 10.

3. Conv2D layer with a single 1 x 1 kernel
and ReLU activation function, that outputs
tensor of the size 1 x 766 x 1.

L4 q

124 J’
1.0 4
0.8 1

0.6 1

0.4 4
—— Train Loss
—— Test Loss

0.2 4

0 50 100 150 200 250 300

4. Flatten layer followed by a Linear 766 x 30
layer with ReLLU activation.

5. Dropout layer with p = 0.3.

6. Another 30 x 20 linear layer with ReLLU acti-
vation.

7. Dropout layer with p = 0.3.

8. One more 20 x 30 linear layer with ReLU
activation.

9. Dropout layer with p = 0.3.
10. Final classification layer.

The model has 25,436 trainable parameters in
total. The best achieved accuracy result was 0.73,
i.e. 13% above the baseline.

We may conclude that such a network does
not have enough expressiveness, but at the same
time is relatively easy to train and does not require
much fine-tuning.

—— Train Accuracy
—— Test Accuracy (max=0.734)

0.725 4
0.700 4
0.675 4
0.650 1
0.625

0.600 4

0.575 4 v"

0 50 100 150 200 250 300

Figure 4: Conv2D-deep network model performance
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4.4 Dense-small network

Our first Dense-small network model has the
following architecture:

1. Flatten layer that converts (3 x 768) inputs

into one 2304-dimensional array.

Dense layer that outputs 20 neurons followed
by ReLU activation and Dropout.

Final classification layer.

—— Train Loss
—— Test Loss

1.0 4

7 WMmWwM\W'ﬂ

0.4 4

0.2 4

Figure 5:

0.7 4 —— Train Loss

—— Test Loss

0.6 1

0.5 4

0.4 4

0.3

0.2 4

0.14
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The model has 46,205 trainable parameters in
total. The best achieved accuracy result was 0.818,
i.e. 21, 8% above the baseline. This result has been
achieved after multiple iterations of training each
consisting of 100-200 epochs and reducing learning
rate scheme.

We can see that “small” network has much
more parameters and convolution-based networks
and renders better accuracy. However it takes
more time to converge and is more difficult to
train.

1 — Train Accuracy
—— Test Accuracy (max=0.714)

50

Dense-small network model performance (1st series of 300 epochs)

0.825 {
—— Train Accuracy

0.800 —— Test Accuracy (max=0.818)
0.775 4
0.750 4
0.725 4
0.700 4
0.675 4
0.650 1

0.625 4

50

Figure 6: Dense-small network model performance (2nd series of 300 epochs)

4.5 Dense-medium network

The second Dense-medium network model has the
following architecture:

1. Flatten layer that converts (3 x 768) inputs
into one 2304-dimensional array.

2. Dense layer that outputs 50 neurons followed
by ReLU activation and Dropout.

3. Another dense layer that outputs 30 neurons
followed By ReLU activation and Dropout.
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4. Final classification layer.

The model has 116,935 trainable parameters in
total. The best achieved accuracy result was 0.857,
or 25, 7% above the baseline.

This is the best result we recorded. The traini-
ng process was relatively involving, required multi-
ple learning rates adjustment and testing different
combinations of batch size and other parameters.
This result was achieved using a weighted loss
function.
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Figure 7: Dense-medium network model performance (1st series of 300 epochs)
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Figure 8: Dense-medium network model performance (2nd series of 300 epochs)

4.6 Dense-large network 4. Yet another dense layer that outputs 30
foll B L ivati
Our last Dense-large network model has the neurons followed By ReLU activation and
. . Dropout
following architecture:
1. Flatten layer that converts (3 x 768) inputs
into one 2304-dimensional array 5. Final classification layer

The model has 237,235 trainable parameters in
total. The best achieved accuracy result was 0.786,
i.e. 18,6% above the baseline.
Despite all adjustments and experiments we
3. Another dense layer that outputs 50 neurons can clearly see that this model overfits the data
followed By ReLU activation and Dropout  and demonstrates the worse performance of all
dense networks.

2. Dense layer that outputs 100 neurons
followed by ReLU activation and Dropout

1.0 4 —— Train Loss
—— Test Loss —— Test Accuracy (max=0.714)

7 — Train Accuracy

0.8 1

0.6 1

0.4 4

0.2 4

Figure 9: Dense-large network model performance (1st series of 300 epochs)

27



Bicnux Kuiscvkozo nayionanrvro2o yrisepcumemy
iment Tapaca Ilesuwernra
Pi3uKo-MaMeMaAMUIHT HAYKY

14 q

1.2 4

1.0 4

0.8 1

0.6 1

0.4 4
—— Train Loss
Test Loss

0.2 4

0 50 100 150 200 250 300

2023, 2

Bulletin of Taras Shevchenko
National University of Kyiv
Physics & Mathematics

Ju.r‘wm

—— Train Accuracy

97255 Test Accuracy (max=0.734)

0.700 4
0.675 4
0.650
0.625

0.600 4

r—/

r

0

0.575 4

50 100 150 200 250 300

Figure 10: Dense-large network model performance (2nd series of 300 epochs)

5 Conclusions

In this paper, we have developed the algorithm
for classification of various parameters related to
the civil procedure, such as court case category
and first instance decision. One important feature
of our algorithm is the use of multiple text
inputs such as court claim, claim motivation and
defendant’s response. In order to process such
inputs, we used XLM/RoBerta language model,
which provided us with numerical representations
for such text inputs. Thus, we obtained multi-
ple 768-dimensional vectors that represent our
input. In order to process them all at the same
time, we tried multiple approaches. One approach
was to use convolutional layers, typically used in
computer vision models, to process multiple layers
at once. Our motivation was that each numerical
representation keeps the same type of informati-
on at the same position of the embedding obtai-
ned from the LLM, and so there is some spatial
structure in our inputs if we represent them as a
matrix.

As alternative to convolutions, we used dense
neural networks consisting of fully connected
layers. We tried multiple architectures of each
type and searched for the best combination
of hyperparameters. Finally, we arrived to the
following results.

Dense networks, in general, produce better
quality (measured by accuracy). However, they are
more difficult and expensive to train. Convoluti-
onal networks are usually easier to train, and they
also produce good results, although slightly worse
than that of dense networks.

We may conclude that the use of convolutions
in such tasks deserves further investigation. It may
be fruitful to try to reshape the output of a large
language model so that the similar features are
located close to each other in the resulting numeri-
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cal vector, thus increasing the spatial connectivity
of inputs.
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