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Proposal of the masters thesis topic

1 The narrow field of the thesis topic

English: natural language processing

2 Key-words

English: automatic summarization, extractive, abstractive, legal documents

3 Detailed thesis proposal

Past approvements of the proposed thesis topic:
The proposed thesis has already been approved last year.

3.1 Introduction and problem formulation

In recent times we have been a witness to drastic increases in the amounts of available
text data. This data belongs to various domains and sources, news, books, scientific pa-
pers, etc.; and presents an invaluable source of knowledge and information. However, due
to the sheer bulk of this data it is many times infeasible to extract relevant information
in reasonable time. Automatic summarization is an active subfield of natural language
processing that attempts to deal with this problem. Its goal is to compress longer text
documents into shorter summaries while preserving as much salient information as pos-
sible. Automatic summarization has been applied in many domains, such as newspaper
articles [1] and scientific publications [2].

In this work we focus on applying automatic summarization techniques on legal text docu-
ments, i.e., legislation, judgements or legal articles. Legal documents present a challenge
in modern natural language processing due to the usage of domain-specific vocabulary,
long, complex sentences and the overall nested structure they commonly follow [3]. We are
cooperating with Lexpera d.o.o., a company that provides a legal information portal. A
system that is capable of producing summaries of long legal documents can therefore serve
as a tool for the users to quickly skim over documents to gain information. Furthermore,
such system may allow users to find relevant search results faster.
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3.2 Related work

The approaches to automatic summarization can be generally divided into extraction-
based and abstraction-based ones. Extractive summarization reformulates the problem to
selecting the most important subset of original document’s sentences. On the other hand,
abstractive summarization attempts to build a representation of the original document
and use it to construct a summary in a paraphrasing manner, i.e. using other words. We
use both types of approaches in our work.

Some of the early successes of extractive approaches were achieved by constructing a
graph of vertices representing sentences and edges representing some notion of sentence
similarity. Approaches, such as LexRank [4] and TextRank [5], use PageRank algorithm
to select the top ranking sentences. They can work in an unsupervised manner, but are
outperformed by more recent work. Neural approaches treat extractive summarization as
a binary sentence classification, i.e. whether a sentence belongs to the summary [6][7].
Cheng and Lapata [6] propose an encoder-extractor framework consisting of two RNNs
where the former encodes the sentences and the latter acts as a binary classifier. Neural
extractive approaches achieved a large performance gain when combined with pre-trained
language models, such as BERT [8]. Liu et al. [9] build an extractive model by adding
transformer layers on top of a pre-trained BERT and jointly training the model for binary
sentence classification. The approach is, however, limited by BERT’s fixed input size.

Abstractive summarization is in its essence a sequence-to-sequence problem, therefore
encode-decoder architectures can be used. Nallapati et al. [10] use RNNs for both enco-
der, decoder and utilize the attention mechanism allowing decoder to put focus on useful
parts of the encoded input. This approach, however, struggles with out-of-vocabulary
words and tends to repeat itself. Coverage mechanism, first introduced for machine tran-
slation [11], is used by See et al. [12] to mitigate repetition. Nevertheless, RNNs based
approaches inherently perform worse as the length of input increases. More recently, in
the transformers era of NLP, a pre-train and fine-tune approach has gained popularity.
To that end, Zhang et al. [13] propose Pegasus, a transformer encoder-decoder that is
pre-trained to generate masked important sentences in the input. This pre-trained model
is then further fine-tuned on actual summarization datasets and achieves state-of-the-art
on several important benchmarks.

In recent research, little emphasis has been put into summarizing legal documents, mo-
stly due to their length, but also due to the lack of standard datasets. However, recently
Kornilova et al. introduced BillSum [3], a summarization dataset comprised of US Con-
gressional Bills. Moreover, they evaluate several extractive approaches, showing that some
of these methods also work on long legal texts.
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3.3 Expected contributions

Our main contributions are twofold. We will develop an extractive and an abstractive
neural network based summarization system for legal documents. Furthermore, we will
provide insights into constructing summarization corpora, in terms of how document
length, size of the train set and annotations affect performance. This will prove useful for
our collaborators at Lexpera, to utilize developed summarization methods on new data
and for different languages (Slovene, Croatian, Turkish, English).
In our work we will implement extractive and abstractive summarization methods. Le-
xRank and sequence-to-sequence RNNs will serve as our respective baselines, that we will
try to improve upon with more recent methods. We will evaluate developed models on
legal corpora, with which we aim to achieve further contribution of providing an overview
of these methods’ adaptivity to legal domain and thereby expanding the limited literature
on the subject of legal summarization.

3.4 Methodology

We will approach our work with the following steps:

1. Review and acquisition of data sources. We will work closely with Lexpera to review
their collection of legal documents and find relevant datasets. Furthermore, to make
our work relevant in the more broader research field, we will utilize some standard
legal summarization datasets, such as recently proposed BillSum [3].

2. Review of methods/models from the literature, both relevant work in the field of
legal summarization and more broader field of automatic summarization.

3. Implementation of relevant models and adaption to legal domain. For recent me-
thods, such as Pegasus [13], there exist large pre-trained general models, that we will
fine-tune on our datasets. All our implementations will be in Python with PyTorch
as the preferred deep learning framework.

4. Evaluation and analysis. We will evaluate our trained models using the ROUGE
metric [14] that is commonly used for summarization. We will analyze the effects
of document length and training set size on performance to provide Lexpera with
information on how to approach constructing a summarization corpora.

We will structure our work in a cyclic manner, meaning that after evaluating the methods
and analyzing their strengths and weaknesses, we will go back and reassess both the data
and methods with the aim to improve and better understand them.
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