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ABSTRACT

The aim of this thesis is the development of a hierarchical multi-label text classification
model that utilizes the label augmentation technique on a very large dataset with large
input sequences. The model will also be handling a shallow hierarchy structure with a
very large amount of labels and will be developed with layer-wise guided training [1].
Then, the comparison of that model with other models that do not utilize the same
technique will shed light on whether this technique is effective and how much it's worth
implementing.

This research bases its roots on the groundbreaking BERT model [2], and
consequentially the GreekBERT model [3], as well as the Layer-wise Guided Training
for BERT paper of Chalkidis et al., which also introduces the label augmentation
mechanism [1]. The use of the transformers library provided by Hugging Face elevates
the implementation process and makes the training and evaluation of three different
models faster. This library will be the pillar of the development and comparison of our
three models from where we will extract our conclusions [4].

The thesis starts with a thorough overview of the path that the NLP research community
followed and which lead to the current state-of-the-art architectures, highlighting the
advantages and disadvantages of each technique. We believe this is necessary in
understanding the key concepts and intricacies of our models and will justify the use of
the transformers library and the pre-trained model.

After the historical overview we follow with a detailed presentation of the dataset that
will be used. The dataset is called Greek Legal Code (GLC), and it's an openly
distributed dataset with a hierarchical structure desirable for our task [5]. The intricacies
of the GLC dataset include, among others, the very large input size of the documents,
the really high amount of labels in lower hierarchy levels and a high variety of few-shot
and zero-shot labels. These prove the difficulty of tackling such a problem and make the
results much more concrete and justifiable.

We also make sure to present the details behind the label augmentation technique, as
well as the label-wise guided training concept that will be utilized by our primary model.
Essentially, our primary model uses certain layers to predict certain hierarchy level
labels.

Lastly comes the development and evaluation of our models, which are then compared
to each other based on the R-Precision metric. In conclusion, the label augmentation
technique, paired with a layer-wise trained model leads to a significant increase of
performance without having heavy computational differences compared to our simpler
models.

SUBJECT AREA: Natural Language Processing

KEYWORDS: Hierarchical Classification, Label Augmentation, Large Multi-Label Set,
Pre-trained Transformers, Greek Legal Code



NEPIAHWH

O okomd¢ auTAG TNG TITUXIOKAG €ival n uAotroinon €vog PovTéAou, yia Tagivounon
KEINEVWV PE 1EPAPXIKI DOUN KAl PUE TTOANQTTAEG ETIKETEG. TO HOVTEAO AIOTTOIET TNV TEXVIKA
TNG €TTAUENONG ETIKETWV KAl N ekmaideuon vyivetar o€ €va TTOAU peydAo oUvoAo
0edopévwy. H 1epapxikr) dopn TTEPIEXEI MIKPO apIlBUd eITTEdWY OAAG peydAo apiBud
ETIKETWV Kal TO PMOVTEAO PBaoileTal OTNV TEXVIKA TNG €KTTAIdEUONG PE 0dNnNyd Ta ETTITTEdA
Tou povTéAou [1]. ZTn ouvéxela, n oUyKpIon Tou MOVTEAOU e GAAa poOVTEAQ TTou O€v
aglotrolouv Tnv idla TeXVIKA Ba pag atrodeitel TNV aTTOTEAECUATIKOTNTA TNG.

H €peuva Baaoiletal oto povréAo BERT [2] kai TNG EAANVIKAG Tou pop®n¢g, To GreekBERT
[3] kKaBwg Kal OTO KeigeEVO TTAVW OTNV 0dnyoupevn atrd Ta €TTITTEdQ EKTTAIOEUONG TTOU
eTTiong TTapoucidlel TNV TEXVIKA TNG eTauénong eTikeTwyv [1]. MoAU Baoikn gival n xpron
NG PBIBAIOBAKNG Twv Transformers péow Twv OTTOIWV GTAVOUUE OTNV EKTTAIOEUCN KOl
oUYKpPIOoN TWV JOVTEAWYV TTOAU ypriyopa [4].

H 1rTuxiakn EeKIva PE JIa avaAUTIKA TTapoUCiach Twv TEXVIKWY TTOU XPnNOoIJoTToInenkav
ammd Toug epeuvnTéc TNG EmeCepyaciac Puoikng MAwooag péxpl TIG TTAEOV TTIO
d1adedoPEVEG avaPEPOVTAG Ta BETIKA Kal Ta apvnTIKA Toug. MioTelouue TTWG auTtod givail
QTTaPAITNTO OTNV KATAvONGON TNG AEITOUPYIag Twv JOVTEAWYV TTOU Ba UAOTTOINCOULE.

Metd amd tnv 10TOPIKA avadpouri, ouveXi(OUPE ME I QVOAUTIKY TTapoucdiacn Tou
ouvOAou Oedopévwy TTou Ba xpnoipotroijooupe [5]. Karmroia xapaktnpioTiKG Tou
TTepINaUBavouY TO peyAAo PEyEBOC TwV eyypa@wy, ToV HEYAAO apIBUd TWV ETIKETWYV Kal
TNV UTTapén TToAAWV KAGoewv e Aiya Eyypaga ava KAGaon.

2TN OUVEXEIQ, TTAPOUCIACOUNE TIG AETTTOPEPEIEG TNG TEXVIKNG TNG ETTAUENONG ETIKETWV,
Kabwg Kal TnG eKmaideuong Me odnyd Ta emireda Tou HOVTEAOU, TTou Ba
XpnoiuoTtroinBouv atrd 10 BaCIKO POVTEAO HOG.

Ev 1éAel, TTapouaialeTtal N uAoTTOINGN TWV POVTEAWY Kal yiveTal oUYKPIOA Toug PE BAaon
TNV METPIK R-Precision. ATTO Ta AtmOTEAEOUATA CUMTTEPAIVOUME OTI N TEXVIKEG TTOU
aglotrolei T0 BaCIKO POVTEAO pag odnyouv o€ aufnon TnG amodoong, dixwg va EXOUME
00BapEG XPOVIKEG KOBUOTEPNOEIG 0€ OUYKPIOTN YE TA TTIO ATTAG JOVTEAQ UOG.

OEMATIKH MNMEPIOXH: Emregepyacia uoikng MNwooag

AEZEIX KAEIAIA: I[epapxiky Tagivounon, Emauénon ETtiketwv, Nopikd ‘Eyypaga,
Pretrained Transformers, Greek Legal Code
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Hierarchical Large Multi-Label Text Classification of Greek Legal Documents by Utilizing Label Augmentation

1. INTRODUCTION

For quite a few years Atrtificial Intelligence has been used to face a numerous amount of
problems, among them Natural Language Processing (NLP) problems such as Named
Entity Recognition (NER), Part-of-Speech Tagging (POS), Dependency Parsing,
Masked Language Modeling and even Text Classification, which is of major interest in
this thesis. While a lot of techniques have been introduced, some have established
themselves as the state-of-the-art ways to produce not just better results, but also in a
faster and more manageable manner [4].

One of these techniques is the use of transformer based models and specifically
pretrained BERT models [6] that may be fine-tuned depending on the problem at hand.
This has helped many researchers quickly create their own models and reduced the
computing cost of training big models [7], and it's essentially what we will be doing in
the creation of our models.

The task of Multi-Label Text Classification is essentially the problem of classifying a text
sequence to more than just one categories at the same time, and it's a Natural
Language Processing task [8]. A bit more challenging problem is the Hierarchical
version of Multi-Label Classification [11] where the classes are hierarchically structured
and we attempt to predict both the subclass and the corresponding super-classes of the
input.

This thesis is about investigating the approach of training and fine-tuning pre-trained
transformer based models to predict classes for hierarchically structured legal
documents of the Greek Language, while also using an advanced technique called label
augmentation [1] on a shallow hierarchy structure. The models that will be presented
are themselves based on a pre-trained transformer model called GreekBERT [3], which
is itself based on BERT [2] but not fine-tuned for Multi-Label Classification.

The dataset that is used is the Greek Legal Code (GLC) corpus which consists of legal
documents written in the Greek Language [5], it presents each legal document labeled
in three hierarchy levels; Volume, Chapter, Subject, and it's publicly distributed.
Moreover, there will be a comparison of three different models of tackling this problem;
firstly with the plain, unmodified model, secondly with the slightly fine-tuned version of
the model and lastly with the augmented labels technique which uses a different
number of layers of the model to predict the classes. Re-training all of the three models
is necessary specifically because the base model was not ever trained for text
classification [10]. It is the first time the label augmentation technique is used on such a
large dataset, with a low amount of hierarchy levels and a large size of label-ancestors,
and researched in a scientific manner.

The results show that by using label augmentation, we can achieve better performance
than just the plain model or the slightly fine-tuned one even in the case of the shallow
hierarchy and the very large input size of legal documents. Additionally, the comparison
of the models show that without any fine-tuning on the specific task, the models’
efficiency is way below acceptable and therefore further enhances the importance of
making adjustments to the way the model processes its data [12].

The thesis consists of eight chapters, each one of which is listed below with a small
introduction:

G. Kallinikos 15
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* In Chapter 2, we take a tour on the history of the transformer based models starting
from the very beginning, the Word2Vec model and sequence-to-sequence learning, and
ending up to the transformers architecture, the GreekBERT and the GreekLegalBERT
models.

* In Chapter 3, we present the mechanics of pretrained transformer models and BERT
as well as the advantages of using such models as a base for implementing new ones.

* In Chapter 4, the Greek Legal Code dataset is introduced and discussed in detail.

* In Chapter 5, we present the core techniques that will be utilized in the making of our
primary model: label augmentation and layer-wise guided training.

* In Chapter 6, we see the development and evaluation processes of all of the three
models as well as the decisions made in the picking of our optimizer and loss function.

* In Chapter 7, we take a look on each models’ inner structure along with their
evaluation process. In the end we gather the results into a single table for comparison.

Finally, we have Chapter 8, where we elaborate on our conclusions and final results.

G. Kallinikos 16
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2. HISTORY OF TRANSFORMER BASED MODELS

Natural Language Processing means enabling computers to make sense of the human
language and has been a primary concept of interest in the technological domain for a
long time. However, the last decade we have witnessed an unprecedented leap in the
way NLP problems handle tasks, mainly enabled by deep learning. The way NLP
advanced is of high importance in understanding the current state-of-the-art
architecture; attention based models and transformers.

If we look at Machine Learning approaches closely, we see that many of them have
focused on Sequence-to-Sequence learning, or Seq2Seq [14]. Seq2Seq essentially is
turning one sequence into another sequence. In order for that to happen, recurrent
neural networks (RNNs) [15], or more often LSTMs [17] (long short-term memory) or
GRUs [18] (gated recurrent unit) has been utilized to avoid the problem of vanishing
gradients.

The context for each item is the output from the previous step. The primary components
are one encoder and one decoder network. The encoder turns each item into a
corresponding hidden vector containing the item and its context. The decoder reverses
the process, turning the vector into an output item using the previous output as the input
context.

Basically, Seq2Seq learning is to teach a model to map the first sequence into the
second, for the example of translation, or the transformation of really long sequences
into really short ones, in the case of summarization. Two main branches have been
widely used to perform sequence-to-sequence learning; classic Recurrent Neural
Networks and Encoder-Decoder models.

In the case of classic Recurrent Neural Networks, the goal is to train a model that can
process the sequence item by passing the representation as input, together with the
next item from the sequence. In that way, each sequence item is supposedly using
context for a word based on the words that have been processed previously. In the case
of Encoder-Decoder models, the goal is to train an encoder that can process the input
sequence item and turn it into a hidden representation. The decoder then maps that
hidden representation into an output sequence.

Encoder-Decoder models have been the base ground for Transformers and they have
benefits over Recurrent Neural Networks when used for contextual learning [20]. But
why did transformers get to be invented in the first place and how did they get to where
they are now?

2.1 Word Embeddings

A very important breakthrough in the field of NLP is the creation of continuous word
embeddings, which led to a much more accurate identification of the semantic meaning
and the similarity of words. This was presented with the publication of the Word2Vec
paper and changed the way word embeddings represented each word [42].

Before Word2Vec, word embeddings used either massive sparse vectors with one-hot
encoding, or TF-IDF approaches that ignored common, low-information words and other
tokens. These approaches lead to very low accuracy metrics since they do not encode
semantic information in their vectors.

G. Kallinikos 17
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With Word2Vec, the training of word embeddings was much more efficient since they
contained contextual information; the main concept was that common words should be
used together, which makes sense in any language. Based on this concept, the Skip-
Gram and Continuous Bag-Of-Words (CBOW) neural network architectures were
developed.

Expanding this approach, the sequence-to-sequence model was created, implementing
a similar concept into larger sequences of text, like sentences. This was called
sequential processing and was the first major milestone in the invention of the
transformer models.

2.2 Sequential Processing

Before transformers, most state-of-the-art NLP systems relied on gated RNNs, such as
LSTM and Gated Recurrent Units (GRUs). Simple RNNs process tokens sequentially,
maintaining a state vector that contains a representation of the data seen after every
token [43]. When presented with a new token, the model combines the state
representation with the previous tokens. The information of the new token is then added
to create a new state that represents the sentence up to the new token [44].

@

w

=) . - I - IS~

TU TU TU TU

i @ © ©

Image 1: A Fully Recurrent Neural Network

Unfold

Theoretically, the information from one token can propagate arbitrarily far down the
sequence, if at every point the state continues to encode contextual information about
the token. In practice, the mechanism has its flaw: the vanishing gradient problem,
which essentially leaves the model’s state at the end of a long sentence without much
precise, extractable information about preceding tokens.

The dependency of token computations on results of previous token computations also
makes it hard to parallelize computation on modern deep learning hardware. This can
make the training of RNNSs inefficient. The vanishing gradients in the back-propagation
step of computing the error backwards when input sequences are long causes this
problem. While they show good results for shorter sequences, in longer ones the
distance between the relevant words can be too long for results to be acceptable. This
is where LSTM came into place.

G. Kallinikos 18



Hierarchical Large Multi-Label Text Classification of Greek Legal Documents by Utilizing Label Augmentation

2.3 LSTM (Long Short-Term Memory) Models

LSTM stands for Long Short-Term Memory and it's a deep learning system that avoids
the vanishing gradients problem [21]. LSTM models are normally augmented by
recurrent gates called “forget gates”. LSTMs prevents back-propagated errors from
vanishing or exploding gradients. Instead, the errors can flow backwards through
unlimited numbers of virtual layers unfolded in space. For that reason, LSTMs are better
in learning tasks when the distance between the relevant words is big [30].

In practice, by utilizing LSTM units a model can partially solve the vanishing gradient
problem, because LSTM units allow gradients to also flow unchanged. Unlike standard
feed-forward neural networks, LSTM has feedback connections. A common LSTM unit
is composed of a cell, an input gate, an output gate, and a forget gate.

LSTM networks are good candidates for classifying, processing and making predictions
based on time series data [30]. They were developed to deal with the vanishing gradient
problem that traditional RNNs encounter.

hy

Image 2: A common LSTM cell

The h,_, cell is essentially the forget gate and as presented in Image 2, its output is
passed through a Sigmoid function, together with the input X att, X, By doing so, the
network can “forget” certain aspects from the cell state based on the current input
values and the previous hidden state through this gate. In a sense, LSTM utilizes cell
outcomes of what must be kept and what must be forgotten to produce an output.

Many applications use stacks of LSTM RNNs to find an RNN weight matrix that
maximized the probability of the label sequences in a training set, given the
corresponding input sentences. Ultimately, LSTM models can learn to recognize
context-sensitive languages and similar concepts.

G. Kallinikos 19



Hierarchical Large Multi-Label Text Classification of Greek Legal Documents by Utilizing Label Augmentation

During training, LSTM units diminish the vanishing gradients problem by keeping the
error in the LSTM units’ cell as the error values are back-propagated from each output
layer [17]. This way, the error is continuously provided back to each of the LSTM units’
gates until they learn to cut off the value.

However successful they might have been, LSTM networks can still suffer from the
exploding gradient problem, but they are still used and applied in many real life
problems.

2.4 GRU (Gated Recurrent Unit) Models

GRU stands for “Gated Recurrent Unit” and essentially is a simplification of Long Short-
Term Memory networks. The key components of a GRU is both an input gate and a
forget gate, essentially missing the output gate of the LSTM system. Consequentially,
they are much faster in terms of training speed than an LSTM, due to having fewer
parameters [18]. They have been shown to exhibit better performance on certain
smaller and less frequent datasets.

There are several variations on the full gated unit, with gating done using the previous
hidden state and the bias in various combinations, and a simplified form called minimal

gated unit.
()

—

tanh

l

|

l
4§ —o

Image 3: A common Gated Recurrent Unit

By means of benefits in terms of backwards error computation, LSTMs and GRUs have
yielded better performance over classic, vanilla RNNs. However all these models face
the same problem produced when processing long sequences of data. This problem
arises because the memory is updated by means of a short-term change: in LSTMs, the
memory is adapted based on short-term interrelationships. This means that longer-term
ones, while they do pass through memory, they are forgotten over time.

While both LSTM and GRU models were considered a big breakthrough at their time,
they still faced the problems of exploding gradients and of having to read a sequence
either left-to-right or right-to-left, making them difficult to use in NLP tasks where context
can be inferred in both ways. For this reason, the attention mechanism was invented
[33].

G. Kallinikos 20
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2.5 Attention Mechanism

In neural networks, attention is a technique that mimics cognitive attention. The effect
enhances some parts of the input data while diminishing other parts. That means that
the network can shift its focus to what we think is important and it is particularly effective
in long sequences where a small part is of bigger significance. Learning which part of
the data is more important than others depends on the context and is trained by
gradient descent. Essentially, the attention mechanisms allow a model to draw from the
state of any preceding point along the sequence, however long [20]. The attention layer
can access all the previous states and weight them according to a taught measure of
relevancy, providing relevant information about far-away tokens.

hy — ... — hyy

IR

Xl XTx 51 STy

How are you l

Image 4: A brief illustration of the attention mechanism, translating English to Korean

For example, in the case of language translation, context is essential to assign the
meaning of a word in a sentence. Many times a first word of one language can be the
last word in the translation to another. In a classic LSTM model, in order to produce that
last word, the model is given only the state vector of the first word in the starting
language. An attention mechanism can be added to address this problem: the decoder
is given access to the state vectors of every input word, not just the last, and can learn
attention weights that dictate how much to attend to each starting input state vector [33].

The encoder-decoder architecture is interesting to take a look at, but essentially this still
was not enough and LSTMs and GRUs all faced the same same bottleneck: even
though the memory itself was improved through attention, computation was not. The
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process is still sequential, because each token has to be processed in left-to-right or
right-to-left order.

In conclusion, the attention mechanism has been utilized to increase performance,
specifically accuracy and bleu score, which is basically evaluation score in language
translation [34]. However, it is time consuming and can be hard to parallelize. The
attention weights address the explainability problem that common neural networks had,
adjusting their focus according to text context.

2.6 Transformer Models

A transformer is a deep learning model that adopts the mechanism of self-attention,
differentially weighting the significance of each part of the input data. Transformers
involve an encoder segment and a decoder segment and they are increasingly the
model of choice for NLP problems, replacing LSTMs and GRUs. The core attribute of
transformers is that they do not necessarily process the data in order. Rather, the
attention mechanism provides context for any position in the input sequence.

For example, if the input data is a natural language sentence, the transformer does not
need to process the beginning of the sentence before the end. Rather, it identifies the
context that confers meaning to each word in the sentence.

This feature allows for more parallelization than RNNs and therefore reduces training
times. This allows training on larger datasets than what was possible with just LSTMs
and the transformer models became state-of-the-art when the groundbreaking
development of pretrained systems such as BERT (Bidirectional Encoder
Representations from Transformers) was introduced [2]. These models, having been
trained on large language datasets, such as the Wikipedia Corpus and Common Crawl,
and can be fine-tuned for specific tasks.

The original Transformer model uses an encoder-decoder architecture. The encoder
part, which can be identically repeated, each time increasing the precision of the
encoding. It consists of a multi-head attention segment, essentially being the self-
attention mechanism, and a feed forward neural network. The self-attention mechanism
accepts input encodings from the previous encoder and weights their relevance to each
other to generate output encodings [40]. The multi-head attention blocks are
subsequently being added together, and the layer is then normalized with the residual
input. The feed-forward neural network further processes each output encoding
individually. These output encodings are then passed to the next encoder as its input,
as well as to the decoders eventually.

The first encoder takes positional information and embeddings of the input sequence as
its input, rather than encodings.
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Image 5: A typical Transformer architecture

As presented in Image 5, each decoder consists of three major components: a masked
multi-head attention segment, which represents the self-attention mechanism, another
attention mechanism over the encodings, and lastly a feed-forward neural network. Like
the first encoder, the first decoder takes positional information and embeddings of the
output sequence as its input, rather than just the encodings. The output sequence is
partially masked to prevent a reverse information flow that is produced when the
transformer uses the current and future output to predict an output. The last encoder is
followed by a last linear transformation and Softmax layer, to produce the output
probabilities over the vocabulary.

This way of working has allowed Natural Language Processing practitioners to achieve
extremely impressive results in terms of text processing while also solving the issues
with long-term memory and computation speed. Transformers typically undergo semi-
supervised learning involving unsupervised pretraining followed by supervised fine-
tuning. Pretraining is typically done on a larger dataset than fine-tuning, duo to the
limited availability of labeled training data. While some systems still use LSTMs and
GRUs, Transformer based models have become state-of-the-art, starting from the
groundbreaking BERT development.
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2.7 GreekBERT

The GreekBERT model is essentially a monolingual language model for Greek, that has
its core architecture based on the BERT model. What this means is that it utilizes the
pretrained BERT-BASE model structure and it is trained on Greek corpora so that a
monolingual version of BERT is available for researchers to experiment and apply it on
Greek data. The GreekBERT model is the base of all of our models in this thesis and is
described in exhaustive detail in the paper ‘GreekBERT: The Greeks visiting Sesame
Street’ [3]. There are two stages in employing the GreekBERT model:

1. Pretraining BERT with the Masked-Language Modeling (MLM) and Next-
Sentence Prediction (NSP) objectives on Greek corpora.

2. Fine-tuning the pretrained BERT model for downstream Greek NLP tasks.

The development of GreekBERT follows the notion that monolingual BERT-based
language models very often outperform their multilingual counterparts, and as
presented in the paper, the GreekBERT model always yields better results when used
with Greek language as input.

The evaluation of the GreekBERT model was conducted on three NLP tasks; part-of-
speech tagging (POS), named entity recognition (NER) and natural language inference
(NLI). The performance recorded showed the significant improvement over two
multilingual Transformer-based models, namely M-BERT and XLM-R, as well as
shallower neural baselines of pretrained word embeddings, which accounted up to 5%-
10%.

CAEEK CORPOR PRE-TRAINING HINE-TUNING
NSP MLM
bt e N

| s -

=0 | Zeeer |

e (=) (7] =]

Sentence 1 Sentence 2 MNER: O [ Nava@nvaikde - ORG | képdiae 2-0.
O Nixog miye aTnv koudiva. O xopwvoitg efammAwanerail r 1 G wor

Downstream task
Gold Dataset

OSCAR

NLL Egpaye tva prido. Epaye dva gpotro.
+ ENTAILMENT

Image 6: The two stages of employing GreekBERT

This massive improvement establishes the GreekBERT model as the state-of-the-art
model when dealing with text written in the Greek language.

At the moment the paper was being written, the publicly available resources for Greek
NLP were very limited and even more importantly, there has not been any Transformer-
based pretrained language model research for Greek. The GreekBERT model was
trained on 29 GB of text from Greek corpora from (a) the Greek part of Wikipedia, (b)
the Greek part of the European Parliament Proceedings Parallel (Europarl) and (c) the
Greek part of OSCAR, a clean version of Common Crawl.
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Later on, the detailed comparison of the GreekBERT model with other models prove
that the GreekBERT model achieves the aforementioned 5%-10% increase in
performance compared with other models. Overall, the development of the GreekBERT
model really boosts the NLP research and applications for Greek and their work is
essentially a core pillar in the making of this thesis.

2.8 GreekLegalBERT

The GreekLegalBERT model was another significant breakthrough in the Greek NLP
research domain. Its development is thoroughly presented in the thesis of Konstantinos
I. Athinaios, ‘Named Entity Recognition using a Novel Linguistic Model for Greek Legal
Corpora based on BERT model’ [38]. The GreekLegalBERT model essentially utilizes
the pretrained GreekBERT model and further enhances it so that it can perform better
when presented specifically with Greek legal documents.

There have been three main pillars in the development of the GreekLegalBERT model:

1. The innovative BERT model of Google, which has been the core in the
development of many pretrained models.

2. The Hellenized version of BERT, namely GreekBERT which was presented in
the previous part.

3. The master’'s dissertation of losif Angelidis, which also concerns the recognition
of named entities on legal data.

The GreekLegalBERT model is trained on Legal corpora and then compared with other
models, as well as the GreekBERT model. The exact corpora used is the Greek
Legislation available in the Nomothesi@ platform which was then pre-processed to be
appropriate input for the BERT model.

After the necessary pre-processing, the GreekLegalBERT model was developed by
continuous training and evaluation on the aforementioned corpora. Lastly, the model
was further tested on the Masked Language Modeling task and then compared with the
GreekBERT model on the Named Entity Recognition task.

In the results presented, both models perform similarly, with marginal variations in
performance, where sometimes the GreekLegalBERT model prevails, and some other
times the GreekBERT model prevails. Nevertheless, this shows that fine-tuning on
Greek corpora increases overall performance and is a significant finding for the Greek
NLP research community.

The important thing to note here, is that the creation of GreekLegalBERT was based on
the pretrained BERT model, which shows just how much can be achieved by the correct
planning and utilization of pretrained transformer models and BERT.

2.9 Summary

In this chapter we presented the main path the NLP researchers took in the
development of the current state-of-the-art NLP models. We started from the very
beginning, the Word2Vec embeddings, and ended all the way up to the transformers,
and the creation of the GreekBERT and GreekLegalBERT models. In the next chapter,
we will describe in detail the procedures and inner mechanisms of the pre-trained
transformer models and BERT.
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3. PRE-TRAINED TRANSFORMERS & BERT

Pre-trained transformer models, like BERT (Bidirectional Encoder Representations from
Transformers) [2] and GreekBERT [3] which will be used later on, are pre-trained state-
of-the-art models that are provided to be used on numerous tasks, and especially NLP
tasks. The models are trained on large datasets and then their weights are saved to be
used by any other interested researcher, which introduces an easy-to-use entry access
point. Additionally, they are easy to train and evaluate and the computational costs are
generally low.

These models use a very similar practice that has been utilized in image recognition,
called Transfer Learning where essentially a model is trained on a massive dataset of
labeled images and then this model could be downloaded to be used and trained in
other, usually smaller datasets. This way, researchers would not have to start from
scratch to get their model to deal with image recognition tasks like face recognition.

By using an existing solution and restructuring it can help into getting better results at a
faster rate and reduce training time significantly. For this thesis, we will be using
Hugging Face transformers which provide a wide variety of NLP libraries and tools that
make the development much simpler. The steps when using a pre-trained transformer
are quite simple in theory when compared with having to build the complex architecture
of the Transformer models from scratch.

A typical pipeline for a pre-trained transformer model is shown in the following figure.

g ™
Data Pre-Processing
. vy
g ¢ ™
Tokenizer
. vy
g ¢ ™
Model
. vy
g ¢ ™
Fine-Tuning
. vy

Figure 1: Steps for a pre-trained model

The development starts with the data pre-processing part where the data is usually
modified so that only the important parts are kept. Then, the input is passed into a
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predefined Tokenizer, and notably our model will be using the same tokenizer of
GreekBERT, extracted directly from the Hugging Face library. Then the actual model is
loaded and it may be used as is or fine-tuned as we may want. The fine-tuned model
can be further trained into new datasets keeping the initial parameter weights.

BERT was introduced as a deep language representation model based on
Transformers and is designed by pre-training deep bidirectional representations from
unlabeled text using self attention. Since the release of BERT, many BERT based
models have become state-of-the-art, essentially because of the powerful concept of
attention which can be parallelized and therefore the model can instantly read the input
sequence and infer the meaning of a token, based both on left and right context.

At its core BERT is a transformer language model with a variable number of encoder
layers and self-attention heads. The architecture is “almost identical” to the original
transformer implementation. BERT was pretrained on two tasks: language modeling,
using masked tokens and predicting them from context, and next sentence prediction, if
a chosen next sentence was probable or not given the first sentence. BERT can be fine-
tuned with less resources on smaller datasets to optimize its performance on specific
tasks.

Generate contexualized Embeddings

The output of each encoder layer can
be used to represent the feature
for that token

[ | | [ | [ [ | || [ [ [ ]|
[ | | || [ | | || [ [ | ||
[ | | || [ [ [ [ [ [ [ ]|
[ | | || [ [ | | [ [ ]| ||
[ [ ] [ EEEN [ [ ]| ]|
Hello @ GFG

BERT

Image 7: BERT encoders and embeddings architecture

Generally, BERT is very similar to the transformer model, but it has some few key
differences. Basically, BERT uses the typical encoder part of a Transformer model to
encode semantic and syntactic information in the embedding, which is needed for many
tasks, but on the other hand it does not use the decoder part, so the output part is
actually an embedding and not text. This enables a lot of functionality for each specific
task, for example embeddings can be compared with cosine similarity. Finally, BERT
uses two training techniques, namely Masking and Next Sentence Prediction.

When BERT was published, it achieved state-of-the-art performance on a number of
natural language understanding tasks and has been used as base for many other
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models. One of these is the GreekBERT model which will be the base for the models
constructed in this thesis. The advantage of such models is two-fold: firstly they have
already been trained on a very large dataset, which is by itself a very slow and tedious
process that can take many days. Secondly, these models can be fine-tuned and further
enhanced depending on the specific task at hand. For BERT specifically we need just a
few thousand examples on our data for our fine-tuning to produce really good results.

1 - Semi-supervised training on large amounts 2 - Supervised training on a specific task with a
of text (books, wikipedia..etc). labeled dataset.
The model is trained on a certain task that enables it to grasp Supervised Learning Step
patterns in language. By the end of the training process — — — — — — —
BERT has language-processing abilities capable of empowering / \
many models we later need to build and train in a supervised way. 75% | Spam
l Classifier
Semi-supervised Learning Step 25% | Not Spam I
I Model: I
Model: # (pre-trained
O_ BERT I in step #1) O BERT I
I Class
Dataset: I
Buy these pills Spam
I Dataset: Win cash prizes Spam I
. ., Predict the masked word Dear Mr. Atreides, please find attached... Not Spam
Objective: .
(langauge modeling) \ /

" e e e . . o

Image 8: The two steps of how BERT is developed. You can download the model pre-trained in
step 1 (trained on un-annotated data), and only worry about fine-tuning it for step 2

The GreekBERT model essentially is a pre-trained and fine-tuned version of BERT
designed specifically for the Greek language and, as expected from monolingual
models, achieves state-of-the-art performance in the NLP tasks of Named Entity
Recognition, Part-of-Speech Tagging and Natural Language Inference when used on
Greek datasets. Since this model has not been directly fine-tuned for Text
Classification, the re-training of the model is absolutely needed in order to produce
considerate performance results. Since the dataset being used is a collection if Greek
Legal documents, GreekBERT is a better starting point than BERT.

BERT-like models essentially use a similar concept as transfer learning, where they
allow us to build on already acquired knowledge and more importantly we can add our
own layers on top of these models while freezing the parameters of the last layer or we
can fine-tune our BERT-like model by letting specific higher layers as unfrozen. Even
though we do not need a very large dataset size, we will be using the whole training set
of the Greek Legal Code corpus, which is thoroughly presented in our following chapter.
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4. GREEK LEGAL CODE DATASET

The Greek Legal Code (GLC) corpus is an openly distributed dataset on Hugging Face
consisting of legal resources from Greek legislation and it's classified into three multi-
level categories, starting from broader to narrower fields [37]. This catalog is a thorough
representation of the Greek Legislation, with resources since the creation of the Greek
state.

—

Volume Chapter

—

Subject

Figure 2: GLC Label Hierarchy Levels

The GLC consists of 47 legislative volumes and each volume corresponds to a main
thematic topic. Each volume is divided into thematic sub categories which are called
chapters and are in total 389, and subsequently, each chapter breaks down to subjects
which contain the legal resources, counting up to 2285 subjects. This introduces a
shallow hierarchy structure consisting of three levels.

The dataset is conveniently split into training, development and test sets where all
documents are distributed equally for all levels of the class hierarchy so that a much
more fair split is introduced. As for the label frequency, only some classes are under-
represented, but increasing in number as we go down in the hierarchy levels. For the
volume level for example, all classes belong are frequently represented and there are
not any few-shot or zero-shot classes, while for the subject level the data contains more
few-shot classes.

Table 1: Distribution of labels in each hierarchy level

Level Total Frequent Few-Shot (<10) Zero-Shot
Volume 47 47 0 0
Chapter 389 333 53 3
Subject 2285 712 1431 142

The shallow hierarchical structure of the dataset creates the opportunity of testing the
label augmentation technique when presented with just a few hierarchical levels.
Moreover, we do not have to truncate our hierarchy levels which is convenient, but we
have to make sure we handle the few-shot and zero-shot labels correctly. This means
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that we will be doing predictions for all of the labels in each level and we can expect
really low performance scores in our early models.

The documents are provided in a very simple and useful manner of two fields:

1. The text field which contains the full content of each document. This content
needs to be pre-processed correctly if we want to make accurate predictions
since it comes with the full header of the legal document, meaning it has a lot of
categorical arithmetic values that do not provide anything to our predictions.

2. The actual label that denotes the class in which the document belongs for the

corresponding volume, chapter or subject level.

Table 2: Data splits for each set

Split No of Documents Avg. words
Train 28536 600
Development 9511 574
Test 9516 595

We can also take a look into the number of documents per each set and appreciate how
much work has been done for the creation of the dataset. Later on, we will see that we
have to truncate the documents to 512 tokens, since that is the maximum size of the
input that can be provided to a BERT-like model, and consequentially the GreekBERT
model that will be used as a base for all of our models.

Loading and using the Greek Legal Code dataset is very simple and we have to make
sure to load each hierarchy level separately and eventually concatenate the labels in
order for each document to be assigned with all three labels from all the three hierarchy
levels.

volume_dataset = load_dataset("greek legal code”™, "volume™)

chapter_dataset load_dataset("greek_legal code", "chapter™)
subject_dataset load_dataset("greek_legal code", "subject™)

v/ 268s Python
Image 9: Loading the datasets for each level

train_text = volume_dataset[ 'train']['text’']

train_labels = volume_dataset['train’']['label’]
validation_text = volume_dataset['validation']["text"']
validation_labels = volume_dataset|['validation'][ label’]

test_text = volume_dataset[ 'test']['text']
test_labels = volume_dataset[ 'test']['label’]

Image 10: Extracting the text and label fields from the volume dataset, for each of its subsets
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pprint(train_text[1])
pprint(train_labels[1])
v 0.2s

("15. NOMO®ET.AIATANMA um’ ap16.262 tng 8/8 IouA.1941 Mepi ocuotacewg Oécswg '
'Tev. EmBswpntol Twv ev Melomovviow NopapyX1lwv Kol avaoToARg TNG 1oXUog Twv '
'mepi evromiotntog Siatdafswv. [Mpoowpilvhg 1oXUog, wg kati ta: a)N.A.794 tng 29

"Nogp./12 Aek.1941 mepi ouoTAOsEwG £v BOAw Mev. EmiBswprioswg NopapX1lwv Kal

'guuMAnpwoswg Ttou apBp.86 A.N. 1488/1938. PB)N.A.1214 tTng 23 Mapt./16 °

'Amp.1942 mepil OUPMANPWOEWS Tou ur’® ap1B.794/1941 N.A/Tog, dAriva

'ekwdiKomoln@noav &ia tou Yy)K.A.21 IouA./1 OKT.1942 nmepli CUCTNUATLKAG '

'KaTataEewg, KWO1KOMO1Noswg KA. Twv mepi Mev. EmiBswpntwv NopopX1lwv KELHEVWV
"61ataEewv. IXET1KOG KAl o: 6)NOu.287 tng 29 Maiou/l1 Iouv.1943 mepi °
'Aeltoupyiag, ocuvinproswg kAm. twv £f emitdfewg QUTOK1VATWV Kal mepl Tpomou
'avEfoswg twv mayiwv npokatafoAwv 61’ £foda PETAKLVAOEWG Twv [ev. '
'EmiBswpntwv Nopapxlwv. Al B£ceilg twv lev. EmiBeswpnTwv Katnpynénoav &1a tou '
'N6p.35/1944 (katwt. apiB. 26). ')

35

Image 11: Example of a legal document, text and label

By inspecting the datasets, we can see their structure in code. On the upper level, each
dataset (volume, chapter, subject) is split into train, validation and test sets. Then, each
of these aforementioned sets are further split into the text and label fields, making it
simple to extract this information and process it in our own environment. So, as
presented above, we can see the actual text part of our legal documents, as well as
access their corresponding label. In this example, the document with the presented text
is given the label 35.

We can now also see the abundant amount of arithmetic values and punctuation that
need to be truncated since they do not offer any valuable information about the
meaning of the document. Some documents have much longer text field, but with the
truncation of meaningless tokens we will keep all the necessary information and then
our tokenizer will keep 512 actually meaningful tokens. This will lead to a much better
and correct training and evaluation process and eventually yield much better results
compared to a technique that would keep these random numeric tokens.

We can get the actual name of the labels from the HuggingFace GLC dataset
repository, as given in the greek legal code.py file. For example, some label names for
the volume dataset is presented below, noting that the total amount of labels would take
a lot of pages to present. However, we can now link each label number with the actual
label title.
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_LABEL_NAMES = §

G. Kallinikos

"volume": [

"KOINONIKH MPONOIA",

"TEQPTIKH NOMO®EXIA",

"PAATOQONIA KAI TYNOX",
"BIOMHXANIKH NOMOOEXIIA",
"YTEIONOMIKH NOMO®EZIA",

"MOAEMIKO NAYTIKO",

"TAXYAPOMEIA - THAENIKOINOMIEZ",
"AAFH KAT KTHNOTPOOIA",

"EAEFKTIKO ZYNEAPIO KAI IYNTAZEIX",
"MOAEMIKH AEPOMOPIA",

"NOMIKA NPOZQMA AHMOXIOY AIKAIOY",

"NOMOGEXTA ANONYMON ETATPEION TPAMNEZON KAT

"MOAITIKH AEPOMOPIA",

"EMMEXIH OOPOAOIIA",

"KOINONIKEY AXQAAIZEIZ",
"NOMOOEZIA AHMON KAI KOINOTHTON",

XPHMATIZTHPION",

"NOMOGEXIA ENIMEAHTHPION ZYNETAIPIZMON KAT FOMATEIOQN",

"AHMOZIA EPTrA",

"ATOIKHIH AIKATIOIZYNHI",
"AYQANIZTIKA TAMEIA",
"EKKAHZIAYTIKH NOMO®EXIA",
"EKNATAEYTIKH NOMOOEXIIA",
"AHMOZIO AOFIZTIKO",
"TEAONETAKH NOMO®EZIA",
"IYTKOINONIEZ",

"EONIKH AMYNA",

"FTPATOZ =HPAZ",

Image 12: Label names for the volume dataset
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5. LABEL AUGMENTATION

In this chapter we discuss the label augmentation technique that we will be using when
creating our last, primary model. This technique has initially been introduced in the
paper of Chalkidis et al 2020 [1]. The label augmentation technique bases its concept
on the assumption that when a label L is assigned to a document, then all of its
ancestors should also be assigned to the document. This is intuitively a more fair
representation of a hierarchical classification task, but can be quite hard to implement
on practice. The key is that in the augmented case, assuming that the ancestors are
correctly identified the overall score that will be received would be higher than in the
case of having wrongly assigned the ancestors.

YMNOYPTEIO
AFAIOY

- o FE YMOYFTEIO

| MAKEAONIA:- _
> ©PAKHE, ATAIOY g e
L KAD )

(" YNOYPTEIO
AIOIKHTIKH - EZQTEPIKON

NOMOGEZIA 71 AHM.AIOIKHZHZ KAl
\_ ANMOKENTPQZHY )

OPFTANIZMOZ

WVolume Level - L1 -

NOMAPXIEL

NOMAPXIEZ

Y

ATTIKHZ

Chapter Level - L2

MNEPI NOMAPXQN

Subject Level - L3

Figure 3: Examples from the GLC hierarchy

For instance, in our case of the GLC dataset, if a document is annotated at the subject
level with the label “MAHPQMH MIZOQN KAl HMEPOMIZOIQN” it will also be
annotated with its ancestors in both chapter and subject level, that is “IAHPQMH
EPIrAZIAY” and “EPIF'ATIKH NOMOOEZIA” respectively. This assumption is perfectly
valid, while also making the computation of predicting the higher levels much more
accurate.
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A correct assignment of all 3 labels will sum up to a higher score for our model and
therefore that will ultimately lead to better predictions. The shallow level of hierarchies,
as well as the instance of a lot of few-shot and zero-shot classes in the subject levels
make this problem unique and worthwhile to investigate and experiment upon.

The actual way label augmentation works is described as follows: We are given a
structured label hierarchy, namely H, of a known depth, namely d. H, is used to
denote the set of labels in the n™ level. Then, we change our initial labels sets so that a
label in a lower hierarchy level, for example the subject level, will also contain the upper
levels’ ancestors for that label, namely the chapter level and the volume level in this
example. Intuitively, this technique will lead to better results for our model, since it will
narrow down the possible label candidates in a much more cohesive manner by doing a
sort of grouping of the lower level labels with their ancestors.

We can easily find which labels a specific document is assigned with, just by
referencing its position on each of our datasets. Then, we can also inspect the actual
label names from the pre-loaded variable the GLC provides.

pprint(sbj train labels[1])
pprint(cht train labels[1])
pprint(vol train labels[1])

pprint( LABEL NA HEH[ subject’ ][555])

"ATOIKHTIKH NOMOOEZIA'
"YTNOYPTEIO EXOTEPTKON AHM.ATOTKHYH> KAT ANOKENTPOZHZ'
"OPTANIZMOL"

Image 13: Code that shows how we can access each label level and their names

This label augmentation technique also comes with a modification of the BERT model.
For the prediction, the corresponding [CLS] token of a chosen BERT layer is used. This
means that different layers can be used to predict different hierarchy levels. Since we
have just 3 hierarchy levels, our model will be using the LAST-THREE method of
predicting. This method essentially uses the classifiers of the 3 last layers of the model
to make predictions. This is called layer-wise guided training and it provides the benefit
of having increased accuracy when paired with the label augmentation mechanism.
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6. FINE TUNING THE MODELS

In this section we will describe in detail the methods that outline the development
processes, not only mentioning the pre-processing, training and evaluation decisions
but also presenting the inner workings of each model, as well as the evaluation results
that derived from the evaluation. We make sure to take advantage of the best practices
and state-of-the-art methods in our development processes. The way this section is
presented aims to make the understanding of those development processes as simple
as possible while making sure to not miss out on any details that lead to the end results.

In accordance, we start by introducing the pre-processing techniques that were used for
the dataset and then following up with the batch definition, the hyper-parameters
selection, the optimizer, the cost function and the weight balancing methods that were
used. We finish up with the training and evaluation loops.

After having presented the outline of the development processes, we are ready to
scrutinize our three models’ details, starting from our simpler model and ending up to
the final model, which is the primary model of this thesis. At each of the models’
sections, the evaluation results are also presented with some light comments comparing
it with the previous ones.

6.1 Pre-processing

The pre-processing part is the same for all the models, and it focuses mostly on the
dataset. Firstly, we have to look into how the tokenizing will be implemented. For that
purpose, we take advantage of the transformers library tokenizer: BertTokenizerFast.

A tokenizer is essentially in charge of preparing the inputs for a model. The
Huggingface tokenizers library provide base classes for both a full implementation
namely PreTrainedTokenizer and a fast one, PreTrainedTokenizerFast which we will be
using. The fast one is known to achieve significant speed-up improvements and also
provide some additional mapping methods. BertTokenizerFast is based on WordPiece
tokenizer and essentially inherits from PreTrainedTokenizerFast which contains most of
the main methods.

We can easily load the BertTokenizerFast like so:

tokenizer = BertTokenizerFast.from_pretrained(’'nlpaueb/bert-base-greek-uncased-v1')

Python

Image 14: Tokenizer initialization from the pretrained GreekBERT model

taking advantage of the predefined tokenizer of the GreekBERT model.

With this tokenizer as a base, we can define our pre-processing function which will take
the ‘text’ part of each dataset and it will tokenize it with padding and truncation up to a
maximum length of 512 tokens. When this function is called, the tokenizer is defined so
that it automatically returns the ‘input_ids’, the ‘token_type ids’ and the ‘attention_mask’
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which are required as input while training the models. The best part is that the tokenizer
can also be used for batches without any change.

Keeping a total of 512 tokens is not actually making our predictions worse, because of
the actual number of words per set. As shown at Chapter 4 where we describe the
dataset, the average number of words for the train set is 600, for the development set
574 and for the test set 595, so very little information is cast away each time.

An important note is that our Greek Legal Code (GLC) dataset consists of legal
documents which in most cases contain categorical numbers and unneeded values,
especially at the start. We make sure to pre-process each text, essentially truncating
arithmetical values and two letter tokens. The tokenizer will then take care of the rest,
keeping the most valuable information.

preprocess_function(examples):

return tokenizer(examples['text'], padding= , truncation= , max_length=512)

Image 15: Pre-processing function build upon the tokenizer

Therefore, we apply the pre-processing function to each dataset, making sure to give
the parameter batched the value ‘True’ in the map function. We now have the tokenized
version of each dataset.

tokenized_vol = volume_dataset.map(preprocess_function, batched=

Python

Image 16: Mapping of the pre-processing function used on the volume dataset

6.2 Data Loaders

In this part we describe the Dataloaders, which are used to split the dataset into
batches, as well as providing a single interface for all the three necessary inputs: the
sequence input_ids, the attention_mask and the labels. They are provided by the
Pytorch utils library and are of great help when developing models like BERT because
they keep everything into one place.

First of all we define the a batch size of 8. We chose this low number for speed up and
memory management purposes while testing showed that bigger numbers made
training almost impossible to handle. To initialize a Dataloader, we need to wrap the
three inputs into a TensorDataset and initializing a sampler with that. Afterwards, the
Dataloader can be defined given the above mentioned batch size.

The Dataloader is essentially a way to store both the samples and the corresponding
labels into a single Dataset that enables easy access to the samples. All the above can
be summarized in the following lines of code:
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batch_size

train_data TensorDataset(train_seq, train_mask, train_y)

train_sampler = RandomSampler(train_data)

train_dataloader = DatalLoader(train_data, sampler=train_sampler, batch_size=batch_size)

Image 17: DataLoader initialization for the train set

Of course, we use the same processing for the validation and test data from each
hierarchy level; volume, chapter and subject datasets. These Dataloaders will be used
later on inside the training and evaluation loops.

6.3 Optimizer & Cost Function

A very important decision is the choice of both the optimizer and the cost function. For
the former, AdamW seems the most logical choice [35], for the later, we decide to use
the classic Cross Entropy Loss function [36]. We will take a small look into those before
moving on with the actual training part.

a MNIST Multilayer Neural Network + dropout

— AdaGrad

AL — RMSProp

— SGDNesterov
AdaDelta
Adam

10

training cost

0 50 100 150 200
iterations over entire dataset

Figure 4: Comparison between Adam and other optimizers

As far as the AdamW optimizer is concerned, it has been shown to not only yield super
fast training speeds like Adam, but also to improve it by decoupling the weight decay
from the optimization step. This means that the optimal weight decay is not affected by
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changes to the learning rate, and has been proven to be the state-of-the-art option in
many models. It's the best adaptive optimizer in most of the cases and it is good with
sparse data. Essentially, by using AdamW there is no much need to focus on the
learning rate value and we will not be needing heavy fine-tuning.

The decision to use Cross Entropy Loss is pretty self explanatory; it is the go-to option
when dealing with multi-label classification tasks. In actuality, we will be using the so-
called Sigmoid Cross-Entropy loss, which basically is a Sigmoid activation function, plus
a Cross Entropy Loss function. To handle cases of class imbalance, we use the
weighted version, by first computing the class weights using a function provided by
sklearn namely compute class_weight. We then convert the weights into a tensor,
which may be passed as argument to the corresponding PyTorch CrossEntropyloss
function.

6.4 Training and Evaluation

Before going into the models, we will be presenting the training and evaluation loops,
and by doing so we will have completed the outline of our development process. It may
seem simple at first, but the actual details are crucial to the making of a robust model.
For training, we have to make sure of clearing and calculating the gradients at the
correct time in each pass while also being wary of the exploding gradients problem that
may occur. The evaluation loop is a simpler version of the training counterpart.

First of all, we will be using Huggingface Transformers along with PyTorch for our
training and fine-tuning later on. They have been designed to be compatible and
abstract a lot of the complexity of the training part specifically.

train():

model.train()

for step, batch in enumerate(train_dataloader):

sent_id, mask, labels = batch

model.zero_grad()

output = model(sent_id, mask)
preds = output[e]

Image 18: Base code for the training loop of our models
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We start by calling the method model.train() to put the model in train mode. Then we
define the iteration over the batches with the help of our DatalLoader, at each iteration
start we have to clear the previously calculated gradients with model.zero _grad(). After
that we get our model predictions for our current batch and we compute the loss
between the actual and the predicted values, summing it to the total loss.

We then use our loss function’s backward() function call to make a backward pass and
calculate the gradients. A very important thing to note here is that we have to prevent
the problem of exploding gradients. We can do so by a simple call to clip_grad _norm ()
function provided by PyTorch. Without this call, we risk losing a lot in prediction
accuracy.

loss = cross_entropy(preds, labels)

loss.backward()

torch.nn.utils.clip_grad_norm_(model.parameters(), 1.8)

optimizer.step()

Image 19: Continuation of the training loop code

Lastly, we update our optimizer parameters by using the step() function. Our function
returns the training loss of the epoch as well as the total predictions. These values will
be used after the training loop to compare the losses.

Now, for the evaluation loop we have to change some things. First and foremost, we
deactivate the dropout layers by calling model.eval(), which puts the model in evaluation
mode. This time, we do not have to make any changes to our optimizer or loss function,
however we have to make sure that the predictions are made with torch.no _grad()
which deactivates the autograd of our model. This is important because we are doing
evaluation and not training; we do not want our model's parameters to be updated.

After that, along with the loss, we compute our metrics: R-Precision, Recall and F1-
Score and return them. These will be used later on for our models comparison.

6.5 Summary

In this chapter we presented the outline of the development process that will be the
main core of our models. Both the training and evaluation loops were described in detail
as well as the decision making in our hyper-parameters, cost function, optimizer and
DatalLoaders. We are now in position to present our models architecture and evaluate
them in the next chapter.
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7. MODELS & COMPARISON

Having defined the outline of our training and evaluation methods, we can now proceed
unto the actual model development. What we aim to create is a model that utilizes the
label augmentation technique, on our legal documents dataset and classifies those
documents as accurately as possible, given our resources.

This model has its perks against other mainstream models that can be used since it will
be different in the way it handles the output predictions and calculates the loss.
Nevertheless, the core processes remain the same and little has to be changed outside
the models’ structure.

That being said, we have to have models that may be used for comparison purposes
and these are presented firstly, from the simplest model up to the more complex one. All
of the models used follow the training and evaluation methods described above and
base their architecture to GreekBERT and essentially BERT. That means that we can
utilize predefined functions from HuggingFace and PyTorch that are build for BERT-like
models which will help speed-up development time.

Ultimately, we gather each models’ metrics into a corresponding table and compare
them. The datasets’ zero-shot and few-shot labels prove to be a significant obstacle in
our models’ performance but since each model is trained for the same amount of
epochs, 10 in total, the comparison can prove which model is the best.

7.1 Vanilla Model

The vanilla model is our simplest of the three models. It uses the GreekBERT model as
its base with the only change of having an increased number of labels in the
configuration depending on the hierarchy level. Afterwards, we pass that new
configuration to a predefined class provided by HuggingFace, called
AutoModelForSequenceClassification.

What this does is essentially taking advantage of the AutoModel interface which directly
chooses the architecture that we want, namely a BertModel but this simplifies things
since we only want to change the configuration so that we predict more labels. The
code for this model is provided below.

config = BertConfig.from_pretrained("nlpaueb/bert-base-greek-uncased-v1")
config.num labels = 47

config.return_dict = False
model = AutoModelForSequenceClassification.from config(config)

Image 20: Code for the vanilla volume case model

Here we can directly appreciate the simplicity and easiness of use that the pretrained
transformer models have; in just 4 lines of code we have loaded the model and have
created a base model that will be used for sequence classification for the exact number
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of labels we want. The code for the chapter and volume cases is the same, except of
the number of labels.

However, we must also consider the need of further fine-tuning this model, which will be
done in the next model. Without our specialized fine-tuning, the model might incorrectly
use a sub-optimal layer in predicting the output label.

Essentially, we will be training three vanilla models, each with different number of labels
and on the corresponding labels’ dataset. So for our fist vanilla model we predict 47
labels, for our second vanilla model 389 labels and for the third vanilla model 2285.

The optimizer that we will be using is the AdamW provided as well from the
transformers library. For the loss function, the cross entropy loss function is used, which
is popular for multi-classification problems as mentioned previously.

The models are trained in 10 epochs in total, and evaluated after each pass on the
development dataset. The weights of the best model over all epochs are saved in a file,
for each model correspondingly. Basically, they follow the training and evaluation
processes that were described in Chapter 6.

A very important thing to note is that the models do not really change the inner structure
of our base model, which means that in the case of our classification task we essentially
are not using any fine-tuning for classification. For that reason we can expect a
somewhat low level of overall performance.

Table 3: R-Precision % std for each model, using the optimal saved weights

R-Precision Training Set Evaluation Set Test Set
Volume Level Model 69.5+ 0.2 68.4 + 0.1 67.7 £ 0.3
Chapter Level Model 67.5+0.3 68.2 £ 0.3 65.8 £ 0.2
Subject Level Model 66.7 £ 0.2 66.3 £ 0.1 65.3+0.3

As we can see, the models decrease in performance as we go down the hierarchy
levels. This is to be expected since the amount of few-shot and zero-shot classes when
going down in the hierarchy also increases, and as a result the models learn much
slower and less accurately. The Recall and F1-Score metrics results are quite similar to
R-Precision.

Table 4: Recall * std for each model, using the optimal saved weights

Recall Training Set Evaluation Set Test Set
Volume Level Model 69.3 £ 0.4 68.2 £ 0.2 67.5£0.1
Chapter Level Model 67.2+£0.3 68.4 + 0.1 65.6 £ 0.2
Subject Level Model 66.5 + 0.3 66.5 + 0.0 65.7 + 0.4
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Table 5: F1-Score % std for each model, using the optimal saved weights

F1 Score Training Set Evaluation Set Test Set
Volume Level Model 69.4 £ 0.3 68.3 £ 0.2 67.6 £ 0.2
Chapter Level Model 67.3+0.3 68.3+ 0.2 65.7 £ 0.2
Subject Level Model 66.6 £ 0.3 66.4 + 0.1 65.5+ 0.4

Now that we have finished our vanilla model that we can use to compare to our primary
model, we need a more advanced version of it. The reason we build this vanilla model is
to have an idea of what the lowest possible performance for our models should look
like. This way, we may experiment with different hyper-parameters and fine-tuning
approaches and easily dismiss those that yield lower or exact same performance. We
can now move on with the presentation of our fine-tuned model.

7.2 Fine-tuned model

The second, fine-tuned model is essentially the vanilla model with an extra layer that
fine-tunes the output so that the performance is better. To reduce implementation time,
the model is predicting labels from all 3 hierarchy levels at the same time, instead of
having three separate models for each level.

What that extra layer does is essentially ignoring the pooler output layer of the
GreekBERT model, which is known for having decreased performance in text
classification tasks. We must also note that the BERT models used have not been
directly designed to tackle the task of text classification, making this small adjustment
necessary.

After experimenting with the hyper-parameters, we found that by starting with an even
lower learning rate yields better results compared to our previous models while other
changes do not seem to offer an advantage and a lot of the times its actually a loss in
performance. Therefore, the extra layer is our only essential difference to the vanilla
model.

Table 6: R-Precision * std for each hierarchy level, using the optimal saved weights

R-Precision Training Set Evaluation Set Test Set
Volume 73.4+0.3 72.6 +0.2 72.7£0.1
Chapter 72.1£0.1 75.0£0.2 73.4+0.3
Subject 69.8 £ 0.3 70.3£0.1 68.2+0.3

G. Kallinikos 42



Hierarchical Large Multi-Label Text Classification of Greek Legal Documents by Utilizing Label Augmentation

By looking at the R-Precision of our fine-tuned model we observe a 5% improvement in
predictions, which is very important. The pooler output layer essentially made
predictions more obscure in our vanilla model. The smaller learning rate should also be
noted since our experiments show an increase of 1-2% in performance which is
definitely notable.

Table 7: Recall * std for each hierarchy level, using the optimal saved weights

Recall Training Set Evaluation Set Test Set
Volume 71.3+ 0.1 70.5+0.2 70.8 £ 0.3
Chapter 72.8+0.2 75.3+0.1 74.4 + 0.1
Subject 69.4£0.2 69.3 £ 0.3 67.5+0.2

Table 8: F1-Score % std for each hierarchy level, using the optimal saved weights

F1 Score Training Set Evaluation Set Test Set
Volume 72.3+0.2 71.5+£0.2 71.7£0.2
Chapter 72.4+£0.2 75.1£0.2 73.9+0.2
Subject 69.6 £ 0.3 69.8 £ 0.2 67.8+0.3

The Recall and F1-Score metrics follow the trends of R-Precision. We expect training
for more than just 10 epochs to further enhance these results but our computation time
and overall cost would be much higher. Our goal basically is to compare different
techniques so the improvement percentage is what we want to be paying attention to.
The fine-tuned model will be a more powerful comparator.

A small note can be made here about how the performance of the model for the chapter
level increases in the evaluation set, but we believe that is because of the number of
more predictable documents rather than overfitting. Moreover, the predictions on the
test set are a bit better than our training set but this can be attributed to the randomness
of document allocation in each set.

To sum up, compared with our previous vanilla model, we notice a small but significant
improvement in all of our metrics. Of course, the decreasing performance while going
down in the hierarchy levels still persists, just like in the case of the vanilla model, which
is to be expected due to the increasing amount of few-shot and zero-shot labels of the
dataset. We are now ready to move to our primary model.

7.3 Label Augmented model

Our last model is designed to utilize the label augmentation technique. On top of that it's
designed so that specific layers are used to predict labels from specific hierarchy levels.
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This model is also based on GreekBERT, similarly to our two previous models but it
consists of a much more complex architecture.

In order to enable our model to output hidden states, we set the output hidden_states
variable in the configuration to True. This also helps with accuracy, since more hidden
states can give better accuracy than just one last hidden state which is the default.
There are 12 hidden states ion total, corresponding to all the models’ layers, from
beginning to the last. Each hidden state is essentially an array of shape (batch_size,
sequence_length, hidden_size) and with this, we can access any of the 12 hidden
states.

Basically, for the actual technique used we take advantage of the last three layers of the
model for our predictions. We call this technique LAST-THREE, because the classifiers
f9-f12 are used to predict the labels in L1 through L3.

config = BertConfig.from_pretrained("”nlpe
config.output hidden states =

model = AutoModelForSequenceClassification.from config(config)

Python

Image 21: Initializer code for the pretrained GreekBERT model

The LAST-THREE technique works better in our case compared to other techniques
available for label augmented models, since the hierarchy is shallow. This means that
while layers 1-8 retain and enhance their pre-trained representations, the last layers, 9-
12 will leverage all this previously acquired knowledge to make even better predictions,
and it’s intuitively the highest level of contextualization possible.

These last layers are by design better at classifying our sequences, since they are
forced to handle the classification of gradually more refined classification tasks.

LabelAugmente 1(nn.Module):
__ipit  (self)
super(LabelAt el, self). init ()
self.config = BertConfig.from_ pretrained(“nlpaueb/bert-base-greek-unca
self.config.output_hidden_states =
self.greek bert = Aut equenceClassification.from config(self.confi,
self.volume = nn.Linear(768, 47)
self.chapter = nn.Linear (768, 389)
self.subject = nn.Linear(768, 2285)

forward(self, ids, mask):

outputs = self.greek bert(ids, attention_mask=mask)
hidden states = outputs[2][1:]

last one = hidden states[2][1]
last two = hidden_states[2][2]
last_three = hidden states[2][3]

self.volume(last three.view(-1, 768))
= self.chapter(last_two.view(-1, 768))
self.subject(last one.view(-1, 768))

Image 22: Code showing how the hidden states are utilized inside the model for predictions

G. Kallinikos 44



Hierarchical Large Multi-Label Text Classification of Greek Legal Documents by Utilizing Label Augmentation

From our preliminary experiments we found that using a drop-out layer is actually
detrimental for our predictions and therefore we will not be using one. As for the hyper-
parameters of our model, we leverage the grid-search function to find the optimal
learning rate.

As mentioned in our optimizer selection segment of Chapter 6, by using the AdamW
optimizer we can be less worried about the learning rate values we try, so we can speed
up searching time by looking at just a few learning rates, namely [2e-5, 4e-5, 2e-6].

The training method is very similar to our previous models, but this time we have to
make adjustments in both the cost function and the weight balancing.

For the weight balancing, we use the same functionality presented in the models of
Chalkidis et al., 2020 [1] where each loss is essentially weighted by the percentage of
labels at the corresponding level. This fine-tuning is intuitively correct since different
levels have different total amount of labels to predict each time and the weights must be
changed according to their number. To put it in mathematical terms, if [L| is the
number of layers in the n" level of the hierarchy and |L| denotes the total number of

L
labels across all levels, then the weight balancing is W”:||LT‘ for the n™ level. This

adjustment is necessary and without it our model will have very low performance
scores.

As far as the loss function is concerned, we use the already described loss function for
the label augmented model. In detail, since we are using the LAST-THREE technique
and our hierarchy is of 3 levels, we need to only adjust the scoring for these last three
levels. Our model is graded with a higher value for each correct prediction in each level.
This way, our model is fairly evaluated with respect to the augmented labels case. This
adjustment is also necessary for our model.

Lastly, we define our classification function f,=o (W c,+b,) which is also in-line with
the corresponding classification function used in the model of Chalkidis et al. 2020. [1]
Here is a brief description of the parameters:
. L, is the set of labels in the n" level of our hierarchy, just like in the weight
balancing formula.

« W, is a label vector of the i"" layer of our model, and W,eR*""® _ Here, L,

is changed according to the exact number of labels our layer will predict. This is a
trainable parameter for our model.

. b, is another trainable vector of the i layer in our model, and bieIR‘LIXl .

. c; is the classification, [CLS] token of our model. Just like in the case of our
fine-tuned model, we make sure to ignore the pooler output layer which obscured
our prediction results.

. o is a Sigmoid activation function, provided by PyTorch.

By using this classification function for training we can be better at training our model.
Of course, our pre-trained parameters will have to be utilized as well, so we use these
as a starting ground for our classification function parameters by directly extracting them
with the model.parameters() method.
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The label augmented model takes longer to train, due to the redefined cost function, the
modified per-layer weight balancing as well as our new classification function, however
the predictions should intuitively be more accurate. We present the results below.

Table 9: R-Precision * std for each hierarchy level, using the optimal saved weights

R-Precision Training Set Evaluation Set Test Set
Volume Level 88.9+0.2 88.9+0.2 88.7 £ 0.1
Chapter Level 87.5+£0.3 87.2+0.1 87.4+0.2
Subject Level 86.6 £ 0.2 86.8 £ 0.3 86.7 £ 0.2

Table 10: Recall * std for each hierarchy level, using the optimal saved weights

Recall Training Set Evaluation Set Test Set
Volume Level 87.9+0.3 87.9+0.3 87.6+0.3
Chapter Level 86.5+£0.1 87.1+£0.2 86.2+ 0.3
Subject Level 83.2+0.3 83.4+0.2 83.1+0.1

Table 11: F1 Score * std for each hierarchy level, using the optimal saved weights

F1 Score Training Set Evaluation Set Test Set
Volume Level 88.4+0.3 88.4+0.3 88.1+£0.2
Chapter Level 87.0+£0.2 86.6 £ 0.2 86.8 £ 0.3
Subject Level 84.9+0.3 85.1+£0.3 84.9+0.2

The results show that our technique really worked in increasing the prediction accuracy.
An important thing to note here is that the decrease of the performance going down in
hierarchy levels is much more smoother, which shows that our scoring function helped a
lot to group together the correct different labels from each level.

7.4 Summary

In this chapter we made a detailed presentation of our three developed models with
increased focus on our last and primary model. The evaluation metrics were also
presented and a comparison of the aforementioned models was conducted. In our next
chapter, we make a more detailed comparison of our models and discuss our findings
and final remarks.
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8. CONCLUSIONS

In this chapter we will compare in more detail our three models and discuss how our
different techniques led to a better performance. The metric of our comparison will be
F1 Score. Furthermore, we will present our predictions only on the test set but for each
hierarchy level. We can see a very big gap of performance when using the label
augmented model in comparison to the previous ones. This improvement is about 21%
when compared to the vanilla model and almost 17% compared to the fine-tuned model
for the volume level.

Table 12: Comparison table for each developed model

F1 Scores on Test Set Vanilla Model Fine-Tuned Model Label Augmented
Model
Volume Labels 67.6 £ 0.2 71.7£0.2 88.1+£0.2
47
Chapter Labels 65.7 + 0.2 73.9+0.2 86.8 £ 0.3
389
Subject Labels 65.5+ 0.4 67.8+0.3 84.9+0.2
2285

Going down in the hierarchy, we observe a 19% improvement compared to the vanilla
model and a 13% for the fine-tuned model for the chapter level. Lastly, for the subject
level we see a 19% improvement compared to the vanilla model and a 17% for the fine-
tuned model. This constant enhance in performance shows how much important is to
group as much as possible the labels from different hierarchy levels in hierarchical
classification and further enhances the point of using label augmentation when dealing
with hierarchical content while also showing that the better design of the task leads to
better results.

We also believe that the layer-wise guided training is essential to our models
performance and that without it the prediction accuracy would be much lower. This is
again accounted to our different way of dealing with the classification task. Training the
last three layers for predictions while making lower layers deal with lower hierarchy
levels is intuitively a better training approach to using only one instance of the last layer
to predict all three labels.

We must also take into consideration that the label set for both chapter and subject
levels is quite large, which would intuitively introduce a high level of difficulty and loss in
performance when using label augmentation. In practice, the computational time is
approximately the same in all of our models which is of course supported by
parallelization techniques. That being said, our computational cost is higher in our last
case, essentially because we increase the amount of predicted labels and make the
cost function a bit more complex.
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Consequentially, we have produced three different models for handling the task of
hierarchical multi-label text classification, one of which utilizes the label augmentation
mechanism. This model produces significantly better results and further enhances the
argument of using label augmentation in any kind of hierarchical text classification
problem.

Despite its increased performance, models that use the technique should always be
aware of what layers will be utilized in the prediction. In our case, LAST-THREE was the
best option due to the shallow depth of the hierarchy structure and was our direct choice
given the experiments presented in the paper of Chalkidis et al. 2020. [1] In other
problems, different amount and kind of layers will probably have to be used and
experimenting with the possible combinations will be needed.

A final note should be made on the intricacies of the GLC dataset. The last two
hierarchy levels contain a lot of few-shot and zero-shot classes, making it more difficult
for the label augmentation technique. Nevertheless, the model has no problem correctly
classifying the sequences into every hierarchy level since it takes advantage of basically
grouping together the correct labels by giving them higher scores. Having such a large
dataset of legal documents can really obscure the predictions and make the training
part really difficult, so correct handing of our input is absolutely necessary, as presented
in the pre-processing section.

To summarize, label augmenting paired with label-wise guided training leads to
enhanced results even in the case of a large set of label-ancestors in a shallow
hierarchical structure and it should be a considerable choice in multi-label classification
models. Of course, different datasets would need different handling and result may vary.
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ABBREVIATIONS - ACRONYMS

NLP Natural Language Processing

NER Named Entity Recognition

POS Part Of Speech Tagging

GLC Greek Legal Code

Seq2Seq Sequence-To-Sequence

RNN Recurrent Neural Network

LSTM Long Shot Term Memory

GRU Gated Recurrent Unit

BERT Bidirectional Encoder Representations from Transformers
CBOW Continuous Bag Of Words
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