A Universidad

deVaIparalso
CHILE

Named Entity Recognition model based in
Convolutional Neural Networks for automatic
processing of Chilean environmental legal text

documents

Anibal Ayala Raso
July 29, 2022

Profesor Guia
Harvey Rosas Quinteros. Ph.D.

Instituto de Estadistica, Universidad de Valparaiso

Tesis para optar al:

grado académico de: Magister en Estadistica



Dedication

to my family:

my beloved children and
Lida for all the patience and love.



Acknowledgements

My most sincere thanks to the company PREVSIS for the cooperation provided

to carry out this thesis.

In turn, thanks to Professor PhD Harvey Rosas Quinteros for the trust in me to

carry out a challenge like this.

iii



Contents

Dedication . . . . . . . . . . . e iii
Acknowledgements . . . . . . ... L. L iv
AbStract . . . . . . .. e e e e viii
1 Introduction 1
2 Background framework 4
2.1 Machinelearningoverview . . . ... .. ... ... ... ... ... 5
2.1.1  Historicalreview . . . . . . . ... ... ... ... ... 5
2.1.2 Importance and relevancetoday . . . . ... ... .. .. ... 7
2.1.3 Featured approaches and algorithms . . . . ... ... .. .. 9
2.2 Overviewneuralnetworks . . . . . ... ... ... ... . 10
2.2.1 Abraininspiredanalogy . ... ... .. ... ... .... 10
2.2.2 Howdoes aneural networkwork? . . . ... ... ... .... 10
2.2.3 Neural network as a complex function . . . . . ... ... ... 13
2.24 Activationfunctions . . . . ... ... L L oL 15
2.3 Natural Language Processing (NLP) . . . . ... ... ......... 15
2.3.1 Common frameworksusedinNLP . . . . . ... ... ..... 15
232 Bag-of-Words . .. ... ... ... ... .. 16
233 Word2Vec . . ... .. . . ... 17
234 Transformers. . . . .. ... ... ... 19
2.3.5 Transformerlanguage models . ... .. ... ......... 23
24 DeeplearninginNLP . . . . ... ... . ... ... ... ..., 24
2.4.1 Recursive and recurrent Neural Networks (RYNN & RNN) . .. 24

2.4.2 Long-Short Term Memories Neural Networks (LSTM & Stack-
LSTM) . . . e e 26
2.4.3 Common Convolutional Neural Networks (CNNs) . . ... .. 30
2.4.4 Convolutional Neural Networks (CNN) for sentence classification 32
2.4.5 Backpropagation in Neural Network Models . . . .. ... .. 34
2.4.6 Evaluation Metrics in Deep Learning . . . . .. ... ... .. 35
2.4.7 LossFunctionsin Deep Learning . . . . . ... ... ... ... 36
2.5 Neural architectures used in NLPby spaCy . . ... ... ... .... 38

iv



2.6

2.7

Natural language processing on Chilean environmental legal text . . .
2.6.1 NLPinlegaldomain. .. ... ..................
2.6.2 NLPin legal text of the environmental field . . . ... .. ...
2.6.3 Theoriginalityof thework . . . ... ... ... ... ....
Research question and objective of thework . . . . . . ... ... ...
2.7.1 Researchquestion . . . ... ...................
2.7.2 Generalobjective . .. ... ... ... ... 0.

3 Methodology

3.1 Collection and preparation of environmental legaldata . . . . . . ..
3.1.1 Review of Chilean environmental laws, decrees and resolutions

3.1.2 Description of the legal text obtained . . ... ... ... ...

3.1.3 Preparation of environmental legal text for training and evalu-
ation . . ... e

3.1.4 Definition of the name of the entitiesto train . . . . . ... ..

3.1.5 Specification of the environmental legal ontology . . . . . ..

3.1.6 Annotating trainingtext. . . . . . ... ... ... ...

3.1.7 Converting sentences to suitable formats . . . . ... ... ..

3.2 Word vector generation with Gensim (word2vec) . . ... ... . ...
3.3 Named Entity Recognition (NER) withspaCy . . ... ... ......
3.3.1 Pipeline pre-training . . . ... .. ... ... ... ... ..

3.3.2 Pipelinetraining . . . . ... ... ... oL

3.3.3 Pipeline metrics and evaluation . . ... ... .........

3.3.4 Pipelinepackaging . ... ... .. ... ... ... .. ...

3.3.5 Pipeline distribution/loading . . . . . ... ... ... .. ...

3.3.6  Evaluation and testing of the pipeline with environmental legal
textnot knownbythemodel . . . ... ... ... .. ....

3.3.7 Trainingvalidationanalysis . . . . .. ... ... ... .....

3.3.8 Demo application for extractlegal actions . . . . . . ... ...

4 Results

4.1 Datapreparation . . . . . . . . . . it e e e e e e e
4.1.1 Annotatedlegaltext . . . . ... ... ... ... ... ...,
4.2 Neural model with environmental legal text word vectors from Gensim
4.3 NER model in Chilean environmental legaltext . . . . .. ... .. ..
43.1 Pre-trainedmodel . . ... ... ... ... . ... .. ...

4.3.2 Trained tok2vecand NERmodels . . . . ... ... ... ...

4.3.3 K-Fold Crossvalidation of models trained with spaCy . . . . .

4.4 Minimum viable product for annotation and extraction of legal entities

in the Chilean environmental field . . . .. ... ... ... ......

5 Discussion

40
40
41
41
41
41
42

43
46
46
46

47
48
49
50
51
51
52
54
54
57
57
57

58
58
59

61
62
62
63
64
64
66
71



6 Conclussions 89

Appendices 98
A Appendix: In-house system information . . . . . ... ... ... ... 98
B  Appendix: Preparing trainingdata . . . .. ... ... ... .. .... 99
C  Appendix: Generating word-vectors with Gensim/Word2vec . . . . . . 109
D  Appendix: Training the model withspaCy . . . . ... ... ... ... 117
E  Appendix: K-Fold Crossvalidation data preparation . . . . . . ... .. 133

E.1 K-Fold DataSplit. . . . ... ... ... ... ... .. .. ... 133
E.2 Annotate and transform the data to spaCy’s format . . . . . . . 135
E.3 Devdata . ... ... ... ... ... 139
E4 Converting files to binaryformat . . . . . .. ... ... .... 141
E.5 Testdataconverting . . . . . ... ... ... .......... 142
F  Appendix: K-Fold Crossvalidation training . . . . . . ... ... .. .. 144

vi



Resumen

Esta tesis se basa en un proyecto de técnicas aplicadas de Procesamiento del
Lenguaje Natural (NLP) para procesar texto legal ambiental chileno. El proyecto se
realizé en cooperacion con PREVSIS, una empresa chilena de prevenciéon de riesgos
que ofrece a terceros software de gestion de riesgos. De sus actividades surge una
situaciéon comun con los documentos legales, especificamente con el texto legal am-
biental, que desafia a las empresas a mantenerse actualizadas con los nuevos textos
legales que se publican. El trabajo ha buscado resolver el problema entrenando un
modelo NER personalizado utilizando el framework spaCy y Gensim. El modelo re-
sultante puede anotar 17 etiquetas relacionadas con: la estructura del texto legal, ac-
ciones legales y acciones legales ambientales, entre otros. El corpus utilizado para
entrenar el modelo personalizado se basé en las leyes ambientales chilenas, decretos
y resoluciones publicadas a la fecha. Luego, el modelo NER fue empaquetado para
ser utilizado en una aplicacién web desarrollada con Streamlit como producto final
de este trabajo.

Palabras claves

NLP, NER, Legal text, Environmental, spaCy, Streamlit, Gensim, CNN, Deep
Learning.
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Abstract

This thesis lies on an applied Natural Language Processing (NLP) techniques
project to process Chilean environmental legal text. The project was done in coop-
eration with PREVSIS, a Chilean risk prevention company that offers to third parties
risk management software. From their activities arises a common situation with legal
documents, specifically with environmental legal text, that challenges companies to
keep updated with new legal text that is published. The work has looked to solve the
problem by training a custom NER model using the spaCy framework and Gensim.
The resultant model can annotate 17 labels related to legal text structure, legal actions,
and environmental legal actions, among others. The corpus used to train the custom
model was based on environmental Chilean laws, decrees and resolutions published
to date. Then, the NER model was packaged to be used in a web application developed
with Streamlit as a final product of this work.

Keywords

NLP, NER, Legal text, Environmental, spaCy, Streamlit, Gensim, CNN, Deep

Learning.
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Chapter 1

Introduction



This thesis lies on an applied Natural Language Processing (NLP) techniques
project to process Chilean environmental legal text. The project was done in coop-
eration with PREVSIS, a Chilean risk prevention company that offers to third parties
risk management software. From their activities arises a common situation with legal
documents, specifically with environmental legal text, that challenges companies to

keep updated with new legal text that is published.

Usually, in NLP this type of project involves using diverse technologies and tools
related to Artificial Intelligence. However, it is a fact that laws, decrees, resolutions,
and legal text, in general, are always an exciting field of Natural Language Processing

to achieve because at least three situations arise:

1. Commonly, legislations are a wide piece of semi-structured text quite difficult

to follow and understand.

2. Usually, authorities (government and legislators) publish new norms or resolu-
tions under the frame of current legislation that are difficult to achieve due to

the vast background needed to get the implications of those new norms.

3. Those texts are often unclear about subjects and other grammatical structures

and always interpretable, except for legal actions.

However, legislations are unique to each country, and there is a vast difference in
structure, used verbs, and semantic and syntactic dependencies, among others. That
situation constrains the use of available NLP tools because most of them were trained
(models) in other languages and legal structures and with different objectives than
the pursuit in this work. To date, there is no work on environmental legal Chilean
documents. Furthermore, when it talks about training a model, it involves different
steps, each with difficulties depending on the framework used. Therefore, it will vary

the technology and how to solve the problems.
The latter motivates to next main activities:

1. Afford a problem related to Natural Language Processing (NLP) of analysing the

Chilean environmental legal text, which results can be seen in Section 4.1.

2. Train a custom Named Entity Recognition (NER) model to recover legal actions

from the text, which results can be seen in Section 4.2 and 4.3.



3. Package and prototype the trained model; this way, we put in value all the pre-

vious processes. In Section 4.4 are presented the results.

Since the motif was stated and main activities fixed, the work started in an ex-
ploratory fashion where different tools were looked at. From that search, some tools
were defined to be used. The spaCy framework and other related NLP tools, like
Gensim and Streamlit, were finally selected. The first is the framework that allows
training a custom model to annotate named entities (NER), and the second prepares
the word embeddings necessary to improve the training process. The latter allows
visualising the prototype capabilities in a friendly way by developing a simple web
application.



Chapter 2

Background framework



2.1 Machine learning overview

2.1.1 Historical review

Machine learning (ML) is the study of computer algorithms that can improve
automatically through experience and by the use of data. A more formal definition
of machine learning was also given by Mitchell (1997), as: “A computer program is
said to learn from experience E with respect to some class of tasks T and performance
measure P ifits performance at tasks in 7, as measured by P, improves with experience

Machine learning is based on fields such as information theory, logic gates, non-
numerical computer programming and data structures; also it is closely related to Ar-
tificial Intelligence (for some researchers as a sub-field (Breiman, 2001; Langley, 2011)
and others just some “intelligent parts” (Bishop, 2006; Mohri, Rostamizadeh, & Tal-
walkar, 2012)), Optimization (S., Nowozin, & Wright, 2012), Data Mining (Dean, 2014;
Perner, 2011), Generalization (Barratt & Sharma, 2018; Kar, K, Jain, & Karnick, 2013; Qi,
Silvestrov, & Nazir, 2016) and Statistics (Pavlyshenko, 2016; Suvrit, 2016; von Luxburg
& Schoelkopf, 2008).

In 1959 Arthur Samuel, an IBM engineer, published a paper with “machine learn-
ing” in the title, being the very first time that phrase appeared in print (Brooks, 2022;
Samuel, 1959). Samuel investigated two machine learning procedures using the game
of checkers. His work is part of what the site “A history for machine learning” state as
the pass from “theory to reality”, where the modern machine learning starts in 2006
with the “reboot” of neural net research as “deep learning” (Google, 2017). Since then,
ML and Artificial Intelligence (AI) application-related fields (Figure 2.1), image recog-
nition, consumer prediction, natural language processing, and in parallel the increas-
ing access to computational power and growing data production, researchers from

around the globe have engrossed the knowledge and applications of this technology.



Artificial
Intelligence

Machine
Learning

Deep
Learning

Figure 2.1: Relation between Artificial Intelligence, Machine Learning and Deep Learning.

ML grew out of the quest of Al to get machines that can learn from data (see
Figure 2.2). Researchers used symbolic methods and what was then termed “neural
networks”; these were mostly perceptrons and models that are variations of statistical
generalized linear models (Sarle, 1994), as well as using probabilistic reasoning. Nev-
ertheless, amachine learning system is trained rather than explicitly programmed. It’s
presented with many examples relevant to a task, and it finds statistical structure in
these examples that eventually allows the system to come up with rules for automating
the task. For instance, if you wished to automate the task of tagging your vacation pic-
tures, you could present a machine learning system with many examples of pictures
already tagged by humans, and the system would learn statistical rules for associating
specific pictures to specific tags (Chollet, 2021).

Rule Classical
. Answers
Data programming
Answers Machine
. Rules
Data Learning

Figure 2.2: Schemes show how Machine Learning changes how a computer does helpful work.
Source: adapted from Chollet (2021).




2.1.2 Importance and relevance today

As with any human technological advancement, it relates to the quest of
problem-solving, as machine learning appears on logic and game theory problems
and fast moves to machine automation tasks. Thereby, it's technology has proved to be
widely applicable in fields like physics, chemistry, biology, biochemistry, medicine,
astronomy, sociology (human behaviour), electronic commerce, robotics, among
others. This fits a growing population’s everyday activities in conjunction with ad-

vanced telecommunications and more than capable devices.

Its application to problem-solving it’s the core behind ML, that is, the learner
could be capable of generalizing from its experience (Bishop, 2006; Mohri et al., 2012).
The training examples come from some generally unknown probability distribution
(considered representative of the space occurrences). The learner has to build a gen-
eral model about this space to produce sufficiently accurate predictions in new cases.
However, the hypothesis’s complexity (candidate model that approximates a target
function for mapping examples of inputs to outputs (Russell & Norvig, 2021)) gives
the best performance when computing (in polynomial time) those predictions in the
context of generalization, which should match the complexity of function underlying
the data. If hypothesis is less complex than the function, model has under-fitting the
data. If complexity of the model is increased in response, then the training error de-
creases. Nevertheless, if the hypothesis is too complex, then the model is subject to

over-fitting, and its generalization will be poorer (Alpaydin, 2010).

Applied ML techniques cover tasks related to searching and detecting patterns
in any data (space of occurrences), like images, text and sounds. With access to large
amounts of related data provided by technology users (common users, researchers,
companies, among other), and through the application of this generalization and op-
timization techniques, the importance and relevance today seem to be related to the
capability of these algorithms to “understand” unseeing patterns in data that a few

decades ago there were no means to achieve.

Modern-day machine learning has two objectives: one is to classify data based
on models which have been developed, the other purpose is to make predictions for
future outcomes based on these models. For example, a hypothetical algorithm spe-

cific to classifying data may use computer vision of moles coupled with supervised



learning (see Section 2.1.3) to train it to classify the cancerous moles. Likewise, a ma-
chine learning algorithm for stock trading might recommend the trader of future po-

tential predictions.

Chollet (2021) establishes that machine learning discovers rules for executing a
data processing task, giving examples of what is expected. So, to do machine learning,

itis needed three things:

e Input data points. For instance, if the task involves speech recognition, these
data points could be sound files of people speaking. On the other hand, if the

task is image tagging, it could be pictures.

* Examples of the expected output. In a speech recognition task, these could be
human-generated transcripts of sound files. In an image task, expected outputs

» «

could be tags such as “dog”, “cat”, or another.

* A way to measure whether the algorithm is doing a good job. It is necessary
to determine the distance between the algorithm’s current output and the ex-
pected output. In addition, the measurement is used as a feedback signal to
adjust how the algorithm works. This adjustment step is what is called learning.

This capability opens questions about technology reliability due to its technical
nature, compared with a ”"black box” that takes input data, transforms it, and then
delivers results. However, the outstanding quality of these results made a great case
to adopt this technology. Nevertheless, the growing adoption generates externalities,

not necessarily good ones.

In 2018, Kate Crawford and Vladan Joler’s visual map and essay titled “Anatomy
of an Al system” (Crawford & Joler, 2018), demonstrated the impact of an Artificial
Intelligence (AI) device on a global scale in terms of human labour, data and resources
that are required during its lifespan; from manufacture to disposal, using Amazon’s
Echo as an example. It shows where contemporary technology is deeply rooted in
the exploitation of human bodies and proposes a visual picture of Al's impact on the
environment and human rights. That essay reveals an ethical dilemma to anyone who
works in this field because, on the one hand, ML and Al can play a role in helping to
mitigate Climate Change, and on the other hand, Al is itself a significant emitter of

carbon (Dhar, 2020). The imposed dichotomy requires a reasonable proxy to containt



any problem.

2.1.3 Featured approaches and algorithms

Machine Learning and Artificial Intelligence are more comprehensive concepts
that englobe many techniques. However, these techniques have to be coupled with
strategies that allow machines to learn. The main approaches used to learn from data

are primarily supervised, unsupervised, and reinforcement learning.

e Supervised learning: refers to algorithms that build a mathematical model of a
set of data that contains both the inputs and the desired outputs (Russell, Rus-
sell, Norvig, & Davis, 2010). Most used algorithms in machine learning are fo-
cused on this approach like artificial neural networks, back-propagation, boost-
ing (meta-algorithm), naive Bayes and maximum entropy classifiers, nearest

neighbours, support vector machines, among others.

* Unsupervised learning: refers to algorithms that learn patterns from untagged
data, like grouping or clustering of data points. Exhibit self-organization that
captures patterns as probability densities or combinations of neural feature

preferences.

e Semi-supervised learning: semi-supervised learning fell between unsuper-
vised learning (without any labelled training data) and supervised learning
(with completely labelled training data). Some of the training examples are
missing training labels, yet many machine learning researchers have found that
unlabeled data can produce a considerable improvement in learning accuracy
when used in conjunction with a small amount of labelled data. Most of the
methods used are related to generative models, low-density separation, and

Laplacian regularization.

* Reinforcement learning: is an area concerned with how intelligent agents
ought to take actions in an environment in order to maximize the notion of cu-
mulative reward. Alternatively, is the problem faced by an agent that learns be-
haviour through trial-and-error interactions with a dynamic environment. That
environment is typically stated in the form of a Markov decision process (MDP)

because many reinforcement learning algorithms for this context use dynamic



programming techniques (Kaelbling, Littman, Moore, et al., 1996). Some of the
algorithms used are based on associative, deep, inverse, safe, partially super-

vised reinforcement learning.

2.2 Overview neural networks

Artificial neural networks (ANNs), usually simply called neural networks (NNs),
are computing systems inspired by the biological neural networks that constitute an-
imal brains. McCulloch and Pitts (1943) introduced the subject by creating a compu-

tational model for neural networks.

2.2.1 Abraininspired analogy

As the name suggests, neural networks are inspired by the brain’s computation
mechanism, which consists of calculation units called neurons. While the connec-
tions between artificial neural networks and the brain are, in fact, somewhat slim, it
repeats the analogy here for completeness. In the analogy, a neuron is a computa-

tional unit with scalar inputs and outputs (Goldberg, 2017).

Each neuron has a weight associated and multiplies each input by this weight.
Then sums' and apply a non-linear function to the result and pass it to its output.

Figure 2.3 shows such a neuron.

2.2.2 How does a neural network work?

Usually, the neurons are connected, forming a network: the output of a neuron
may feed into the inputs of one or more neurons. Indeed, a typical feed-forward neu-
ral network may be drawn as in Figure 2.4. Each circle is a neuron, with incoming ar-
rows being the neuron’s inputs and outgoing arrows being the neuron’s outputs. Each
arrow carries a weight, reflecting its importance (see next). Neurons are arranged in
layers, reflecting the flow of information. The sigmoid shape inside the neurons in the

1

middle layers represents a non-linear function (e.g., the logistic function 7o about

this topic please see Section 2.2.4) that is applied to the neuron’s value before passing

"While summing is the most common operation, other functions, such as max, are also possible.

10



Output

Neuron

Input

Figure 2.3: A single neuron with four inputs. Source: adapted from Goldberg (2017)

it to the output. In the figure, each neuron is connected to all the neurons in the next
layer, being a fully connected layer or an affine layer. It is in the input layer, where the
neurons are fed with training observations. Next, the middle or hidden layers perform
most of the computations required by the network. Lastly, the output layer predicts

the final output extracted from the previous two layers.

In a general form for a feed-forward network, deep feed-forward network or
multilayer perceptron, that specific goal is to approximate some function f, are the
quintessential deep learning models (Goodfellow, Bengio, & Courville, 2016). It can
say that a k-layer neural network is a mathematical function f, which is a composition

of multivariate functions: f}, f5, ..., fx, and g, defined as:

f:R"—TR?, (2.1)
f=8°fke...fach, (2.2)

where, n is the dimension of the input x; p is the dimension of the output y; g is the
output function (it can take various forms depending on the output variable); each

function f; is itself a composed multivariate function as:

fi:R" - RP, (2.3)

11



Output layer

Hidden layer
WD
Q
W
Hidden layer
Input layer

Figure 2.4: Feed-forward neural network with two hidden layers. Source: adapted from Gold-
berg (2017)

fi(x) = a(w;x+ b;). (2.4)

Functions f; are an intermediary function, where wx + b, that is a linear combi-
nation of the input x with its coefficients w, plus a bias b, and, a is called activation
function.

Developing the global function by introducing the weights w and bias b in Equa-
tion 2.2, its gets:

fix)=gofie...oe filx), (2.5)
= g(a(...a(wya(wyx + by) + b)) -+ + by)). '
For the dimension of the domains and the codomains, each function f; maps its
input in R"-1 (of dimension n;,_,) into the codomain IR" (of dimension 7;), and the
dimension of R" can be chosen by the user (it is one of the hyperparameters of neural
networks):

12



fitR%-1 —R™, (2.6)

There is a particular case: for i = 1, the input of the function f; is the global input
x. So the dimension is . Considering its matrix form, all the complexity linked to the

dimensions occurs in the linear equation W;x + b;, were:
e The dimension of x is n;_;.
e Wis a matrix with dimension n; x n;_;.
* The dimension of b; is n;.

All the intermediary functions f; are in a nested composition function where the
function g can take several forms depending on the network objective. Some of this

forms can be:

Regression: g(x) = Wi, x+b;, 1,
1
1+exp(—(Wiy1X+by,y))’ (2.7)

Wi1X+bgig

Binary classification: g(x) =

e

Multiclass classification: g(x) = W

A generalised schema for how a neural network works is in Figure 2.5.

2.2.3 Neural network as a complex function

Following the idea proposed by McCulloch and Pitts (1943), each neuron, node
or unit (all are synonymous in this context) within a network has its role. Data is gener-
ally passed as input to the first neuron layer, for instance, a N x N pixels image, where
each pixel is fed as input to each neuron of the first layer. The same will work for text
strings where a span of text (a token) is passed to the first neuron layer. Neurons of
one layer are connected to the following layers and are assigned a weight. Then, the in-
puts (x,, X, ..., x;) are multiplied by their corresponding weights, and the sum is sent
to the neurons in a posterior hidden layer. Each of these neurons is associated with a

numerical value called the ”bias”, further added to the input sum.

13



f(@)=go fuo...f20 fi(z) fi(z) = a(wiz + b;) a1 = o(fi)

Input layer Hidden layer Output layer

Figure 2.5: The input layer of neurons or nodes represents the input x and the number of neu-
rons is the dimension of the input x. The output layer represents the output y and the number
of the neurons depends on the nature of the target variable. For regression and binary clas-
sification, it is only 1. For multi-class classification, the number of neurons is the number of
classes. A hidden layer represents the result of intermediary functions f;. The links or synapses
represent the values of the weights w;. So all the links together between two layers represent

a matrix. The number of links is n; x n;_;, as the dimension of the matrix W;.

This value is then passed through a threshold function called the “activation
function”, which determines whether the particular neuron will get activated or not.
Finally, the activated neuron transmits data to neurons of the next layer. This data is
propagated through the network, and the neuron with the highest value determines
the output. The most straightforward neural network is called a perceptron, which is
simply a linear model. Goldberg (2017) define a perceptron as follow:

NN,

X€E Rdin’w € ]Rdinxdout’b € Rdout,

reentron (X) =XW+b
erceptro (2.8)

where W is the wight matrix and b is the bias term?®. As layers can be added at will

depending on the use objective, the network could have multilayers, as in Figure 2.4

2A bias term can be added to a layer by adding an additional neuron with no incoming connections
and whose value is always 1.

14



that have two-hidden layers, taking the perceptron the following form:
NN(x) = (g*(g"' (xW"' + b')W? + b?)) W3
x € R%n W! € R%n*h W2 ¢ R *%, (2.9)
b! € R%, b% e R%, W3 € R%*our

and Russell and Norvig (2021) proposed that a; denote the output of a neuron j

and let w; ;, be the weight attached to the link from neuron i to neuron j:

J?
a; =g Z(w,-’jxxi)+Bias ) (2.10)
1

where g; is a nonlinear activation function associated with unit j. The vectorized form

of the above equation looks like this:

a; = g(w'x), (2.11)
where w is the vector of weights leading into unit j and x is the vector of inputs to unit
j-

2.2.4 Activation functions

The activation function can take various forms such as sigmoid, tanh, Relu,

among others.

1

= ) 2.12

o(2) = —— (212)
e“—e’*

tanh = , 2.13

anh(z) = £ (213)

ReLU(z) = max{0, z}, (2.14)

softplus(z) = log(1 + e*). (2.15)

2.3 Natural Language Processing (NLP)

2.3.1 Common frameworks used in NLP

Several Deep Learning frameworks have been developed in the last few years. In

addition, various frameworks and libraries have also been used to expedite the work

15



with good results. Through their use, the training process has become more accessi-
ble. Table 2.1 lists the most utilized frameworks and libraries. However, the develop-
ment scope for those frameworks can differ from each other. For example, Keras, Ten-
sorFlow and Torch are developed with research and production scope. On the other
hand, spaCy is developed only with production in mind. Many of them can be used
to process image and text data (TensorFlow, Torch, MXNet, among others) being Ten-

sorFlow the most used due to its versatility (Alzubaidi et al., 2021).

Table 2.1: List of the most common frameworks and libraries used in this context. Source:
adapted from Alzubaidi et al. (2021).

Framework License Corelanguage Year of release Homepages

TensorFlow  Apache 2.0 C++ & Python 2015 https://www.tensorflow.org/

Keras MIT Python 2015 https://keras.io/

Caffe BSD C++ 2015 http://caffe.berkeleyvision.org/
MatConvNet Oxford MATLAB 2014 http://www.vlfeat.org/matconvnet/
MXNet Apache 2.0 C++ 2015 https://github.com/dmlc/mxnet

CNTK MIT C++ 2016 https://github.com/Microsoft/ CNTK
Theano BSD Python 2008 http://deeplearning.net/software/theano/
Torch BSD C&Lua 2002 http://torch.ch/

DL4j Apache 2.0 Java 2014 https://deeplearning4j.org/

Gluon AWS Microsoft C++ 2017 https://github.com/gluon-api/gluon-api/
OpenDeep  MIT Python 2017 http://www.opendeep.org/

spaCy MIT Python & Cython 2016 http://spacy.io/

2.3.2 Bag-of-Words

Goldberg (2017) states that a general feature extraction procedure for sentences
and documents is the bag-of-words approach (BoW). In this approach, we look at

words histogram within the text, i.e., considering each word count as a feature.

The BoW is a representation of text that describes the occurrence of words within

a document, and it involves two things:

e Avocabulary of known words, and
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¢ ameasure of the presence of known words.

It is called a “bag” of words because information about the document’s order or
structure does not get it. The only concern to the model is whether known words occur

in the document, not where. Nevertheless, it has some shortcomings, such as:

* Vocabulary: The vocabulary requires careful design to manage the size, which

impacts the sparsity of the document representations.

e Sparsity: Sparse representations are harder to model for computational reasons
(space and time complexity) and information reasons. The challenge is that the

models harness little information in an ample representative space.

e Meaning: Discarding word order ignores the context and, in turn, the mean-
ing of words in the document (semantics). Context and meaning can offer a
lot to the model that, if modelled, could tell the difference between the identi-
cal words differently arranged (“this is interesting” vs “is this interesting”), syn-

onyms (“old bike” vs “used bike”), and much more.

An approach that can be considered as a BoW extraction feature is the one-hot
and dense vector representations, where the input vector can be decomposed into an

average of | D| vectors, each corresponding to a particular document position i:

x=—73 xPu (2.16)

Dii € R is one-

here, Dy; is the bigram at document position i, and each vector x
hot vector, in which all entries are zero except the single entry corresponding to the
letter bigram Dy;; which is 1. This resulting vector x is commonly referred to as an

averaged bag of bigrams or, more generally, a bag of words (Goldberg, 2017).

2.3.3 Word2Vec

Developed by Tomas Mikolov and colleagues (Mikolov, Chen, Corrado, Dean, et
al., 2013; Mikolov, Sutskever, et al., 2013), the Word2Vec algorithm is a widely popular
algorithm that generates word embeddings. In contrast to the so-called count-based

methods (Word-context Matrices, Similarity Measures, Word-context Weighting and
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PMI and Dimensionality Reduction through Matrix Factorization), the neural network
community advocates the use of distributed representations of word meanings. In
a distributed representation, each word is associated with a vector in RY where the
meaning of the word is captured in the different dimensions of the vector. While each
dimension corresponds to a specific context the word occurs in, the dimensions in
the distributed representation are not interpretable. Specific dimensions do not nec-
essarily correspond to specific concepts. The distributed nature of the representation
means that a given aspect of meaning may be captured by (distributed over) a combi-
nation of many dimensions and that a given dimension may contribute to capturing

several aspects of meaning (Goldberg, 2017).

Word2Vec also starts with a neural language model and modifies it to produce
faster results, being not a single algorithm but rather a software package imple-
menting two different context representations (CBOW and Skip-Gram) and two dif-
ferent optimization objectives (Negative-Sampling and Hierarchical Softmax). The
Negative-Sampling objective (NS) variant of Word2Vec works by training the network
to distinguish “good” word-context pairs from “bad” ones. However, Word2Vec re-

places the margin-based ranking objective with a probabilistic one.

Consider a set D of correct word-context pairs and a set D of incorrect word-
context pairs. The algorithm aims to estimate the probability P(D = 1|w, c) that the
word-context pair (w, ¢) came from the correct set D. This probability should be high
(close to 1) for pairs from D and low (close to 0) for pairs from D. The probability
constraint dictates that P(D = 1|w, ¢) = 1 - P(D = 0|w, c¢). The probability function is

modelled as a sigmoid over the score s(w, c¢):

1

e—s(w,c) )

P(D=1lw,c) = T (2.17)

The corpus-wide objective of the algorithm is to maximize the log-likelihood of
the data D U D:

£(©;D,D)= > logP(D=1w,c)+ Y logP(D=0lw,c). (2.18)

(w,c)eD (w,c)eD
The positive examples D are generated from a corpus. The negative examples
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D can be generated in many ways. In Word2Vec, they are generated by the following
process: for each good pair (w, ¢) € D, sample k words w,.; according to a specified
distribution and add each pair (w;, ¢) as a negative example to D. This results in the
negative samples data D being k times larger than D. The number of negative samples
k is a hyperparameter of the algorithm that controls the trade-off between computa-

tional efficiency and training quality (Goldberg, 2017).

The negative words w can be sampled according to their corpus-based fre-

#(w)
> #w')’

smoothed version in which the counts are raised to the power of ?I before normal-

quency: or, as implemented in the original Word2Vec, according to a
0.75

izing: %. Here, #(w) denotes the frequency count of word w in the corpus.

This smoothed version gives more relative weight to less frequent words, reducing the

dominance of highly frequent words and resulting in better word similarities in prac-

tice. The exponent of 0.75 was chosen empirically and represents a balance between

uniform sampling and frequency-based sampling (Goldberg, 2017).

2.3.4 Transformers

The Transformer architecture makes it highly efficient to parallelize Machine
Learning (ML) training. Massive parallelization thus makes it feasible to train models
on large amounts of data in a relatively short period. It was proposed by Vaswani et al.
(2017) as an effort to solve the constraints that sequential computation has given by
the sequence nature of the algorithm that precludes the parallelization within train-
ing examples, which becomes critical at longer sequence lengths, as memory con-
straints limit batching across examples. Transformer architecture mechanism (Fig-
ure 2.6) avoids recurrence and instead relies entirely on an attention mechanism? to

draw global dependencies between input and output.

Transduction models have an encoder-decoder structure, where encoder maps
an input sequence of symbol representations (x,, ..., Xx,,) to a sequence of continuous

representations z = (z;,...,z,). Given z, the decoder then generates an output se-

3An attention function can be described as mapping a query and a set of key-value pairs to an out-
put, where the query, keys, values, and output are all vectors. The output is computed as a weighted
sum of the values. The weight assigned to each value is computed by a compatibility function of the

query with the corresponding key.
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quence (y,,...,¥,,) of symbols one element at a time. At each step, the model is auto-
regressive (Graves, 2013), consuming the previously generated symbols as additional
input when generating the next.

Qutput
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(shifted right)

Figure 2.6: The Transformer model architecture. Source: Vaswani et al. (2017)

Transformers use dot product attention (see left-hand in Figure 2.7), which fol-

lows a general attention procedure that can be defined as:

T
v/

where Q € R™*“% is the query matrix, K € R™*% is the key matrix, V € R™*% is

Attention(Q, K, V) = softmax( )V, (2.19)

the value matrix, 7 is the query sequence length, m is the source sequence length, d,

is the dimension of keys and queries, and d,, is the dimension of values. The scaling
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factor /d, prevents the dot products from becoming too large, which could push the

softmax function into regions with extremely small gradients.

In practice, the attention function is computed simultaneously over a set of
queries packed together in a matrix Q. In this scenario, the keys and values are also
represented as matrices K and V, respectively, and the output is also a matrix. The
Figure 2.7 shows a schematic of the attention function. Also, a comprehensive analy-
sis is made by Vasilev (2019).

Scaled Dot-Product Attention Multi-Head Attention

Linear

Concat

It

Scaled Dot-Product h
Attention
A l

1
[Einear]] [Enear]][anear]]
¥

\Y K Q

Figure 2.7: (left) Scaled Dot-Product Attention. (right) Multi-Head Attention consists of sev-
eral attention layers running in parallel. The inputs 'V, K, and Q represent the value, key, and

query matrices, respectively. Source: Vaswani et al. (2017)

On right-hand in Figure 2.7, Vaswani et al. (2017) proposed the multi-head atten-
tion. Instead of a single attention function with a d,,,,,.;-dimensional keys, queries
and values are linearly projected h times to produce h different d,-,d;-, and d,-
dimensional projections of these values. Then, it applies separate parallel atten-
tion functions (or heads) over the newly created vectors, which yield a single d,,-
dimensional output for each head. Finally, it concatenates the head outputs to pro-
duce the final attention result. Multihead attention allows each head to attend to dif-
ferent elements of the sequence. At the same time, the model combines the outputs

of the heads in a single cohesive representation. More precisely, it can be defined as:
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MultiHead(Q, K, V) = Concat( head,, head,, ..., headh)WO,

(2.20)
where head; = Attention(QWiQ, KWKk, vw)),

where WI.Q € Rmoder*di WK ¢ Rmoder*dk and W,V € R¥moder*% are learnable
projection matrices used to transform the input queries, keys, and values for the i-th
head, respectively. The parameter W © € R/ >dmode! is 3 Jearnable output projection
matrix that linearly transforms the concatenated head outputs to produce the final at-
tention result. Each head operates independently with its own set of projection matri-
ces, allowing the model to jointly attend to information from different representation

subspaces at different positions (Vasilev, 2019).

As is the model architecture presented in Figure 2.6 has two parts: the encoder
(the left-hand component in the diagram) and the decoder (the right-hand compo-
nent in the diagram). The encoder begins with an input sequence of one-hot encoded
words, which are transformed into d,,,,,;-dimensional embedding vectors. The em-
bedding vectors are further multiplied by \/d,,,o4.;- Later, the positional information
is encoded, augmenting each embedding vector. Summarising, the positional vec-
tor of length, d,,,4.;, is added to the embedding vector, and the result is propagated
further in the encoder. The rest of the encoder comprises a stack of N = 6 identical
blocks. Each block has two sublayers: a multi-headed self-attention mechanism and

a simple, fully connected feed-forward network which is defined as:

FFN(x) = ReLU(W,x + b )W, + b,, (2.21)

where x € R%model is the input vector, W, € R%modet*d1 and W, € R%r*model
are weight matrices, b, € R/ and b, € R%mode! are bias vectors, d,,, ., is the model
dimension, and d;; is the inner dimension of the feed-forward network (typically
dpp = 4 % dyyoq01)- The ReLU activation function is applied element-wise to the in-

termediate representation.

The network is applied to each sequence element x separately. It uses the same
set of parameters (W;, W,, b;, and b,) across different positions but different param-

eters across the different encoder blocks. Each sublayer (multi-headed attention and
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feed-forward network) has a residual connection around itself and ends with normal-

ization over the sum of that connection, its output, and the residual connection.

On the other hand, the decoder is similar to the encoder. The input at step ¢
is the decoder’s predicted output word at step ¢ — 1. The input word uses the same
embedding vectors and positional encoding as the encoder. The decoder continues
with a stack of N = 6 identical blocks, somewhat similar to the encoder blocks. Each
block consists of three sublayers, and each sublayer employs residual connections and
normalization. These sublayers are masked multi-headed attention, a common multi-
headed attention mechanism and a feed-forward network. The decoder ends with a
fully connected layer, followed by a softmax, which produces the most probable next

word of the sentence.

2.3.5 Transformer language models
Bidirectional Encoder Representations from Transformers (BERT)

It is an ML model for natural language processing. It was developed in 2018 by
researchers at Google Al Language (Devlin, Chang, Lee, Toutanova, et al., 2018) and
serves as a swiss army knife solution to the most common language tasks, such as
sentiment analysis and named entity recognition (Muller, 2022). It has two elements

and is based on the encoder part of the Transformer architecture:

* Encoder representations. This model uses only the output of the multilayer en-

coder part of the transformer architecture.

¢ Bidirectional. The encoder has an inherent bidirectional nature.

Transformer-XL

This model language is an improvement over the vanilla transformer, where XL
stands for extra long. It was introduced by Dai et al. (2019) and looked to improve the
standard transformer that depends on the segment length. However, it is based only
on the decoder part of the Transformer architecture. Therefore, the transformer-XL
decoder is not the same as the decoder in the complete encoder-decoder transformer
because it does not have access to the encoder state as the standard encoder does. This

gives a unidirectional nature to the language model, being an autoregressive model.
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This model introduces a recurrence relationship in the transformer model. For
that, during the training, the model caches its state for the current segment, and when
it processes the next segment, it has access to that cached (but fixed) value. Also, it
uses a relative positional encoding that works similarly to the vanilla positional en-
coder. In addition, it dynamically passes the relative distance, making it possible for

the query vector to distinguish between positions of the x vector.

2.4 Deep Learning in NLP

There are many deep learning networks, among the most commonly used are re-
cursive and recurrent neural networks (RVNN & RNN) and convolutional neural net-
works (CNN) (Alzubaidi et al., 2021). RvNN and RNN are briefly explained in this sec-
tion, with a more detailed view of a variation of these neural networks, like long-short
term memory networks (LSTM) and Stack-LSTM or S-LSTM.

2.4.1 Recursive and recurrent Neural Networks (RvNN & RNN)

The RvNN architecture is generated for processing objects, which have randomly
shaped structures like graphs or trees (Alzubaidi et al., 2021). The approach of RvNNs
in a discriminative parsing architecture aims to learn a function f : X — Y, where
Y is the set of all possible binary parse trees. An input x consists of two parts: (i) A
set of activation vectors a, ..., dy g5, Which represent input elements such as image
segments or words of a sentence. (ii) A symmetric adjacency matrix A, where A(i,j) =
1, if segment i neighbors j. This matrix defines which elements can be merged. For
sentences, this matrix has a special form with 1Xs only on the first diagonal below and
above the main diagonal. RvNN has been proven highly effective in the NLP context
(Socher, Lin, Ng, Manning, et al., 2011).

On the other hand, RNN is mainly applied in speech processing and NLP con-
texts. Unlike conventional networks, RNN uses sequential data in the network. Since
the embedded structure in the data sequence delivers valuable information, this fea-
ture is fundamental to a range of applications. For instance, it is important to under-
stand the context of the sentence to determine the meaning of a specific word. Thus,

it is possible to consider the RNN as a unit of short-term memory, where x repre-
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sents the input layer, y is the output layer, and s represents the state (hidden) layer.
Pascanu, Gulcehre, Cho, and Bengio (2014) introduced three different types of deep
RNN techniques, namely “Hidden-to-Hidden”, “Hidden-to-Output”, and “Input-to-
Hidden”.

Pascanu et al. (2014) stablished that RNN simulates a discrete-time dynamical
system that has an input x;, an output y, and a hidden state h;, where subscript ¢

represents time. The dynamical system is defined by:
hy = fu(xy heoy), (2.22)

Ve = fo(hy), (2.23)

where f}, and f, are a state transition function and an output function, respec-

tively. Each function is parameterized by a set of parameters; 6, and 0,.

Given a set of N training sequences D = {((xi"),yln)), e, (x(T”),y}")))} , the pa-

rameters of an RNN can be estimated by minimising the following cost functlon

N T,
10)=5 & 3 dO” (") (224

where b = f,(x, h\",), h{™ = 0 and d(a, b) is a predefined divergence mea-

sure between a and b, such as Euclidean distance or cross-entropy.

A conventional RNN is constructed by defining the transition function and the

output function as:
hy = fu(x;, he—y) = (Ph(WTht—l + UTxt)» (2.25)

Ve = fo(h) = (VT hy), (2.26)

where W, U and V are respectively the transition, input and output matrices, and
¢;, and ¢, are element-wise nonlinear functions. It is usual to use a saturating nonlin-

ear function such as a logistic sigmoid function or a hyperbolic tangent function for
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¢y, Although RNNs can, in principle, model long-range dependencies, training them
is difficult in practice since the repeated application of a squashing nonlinearity at
each step results in an exponential decay in the error signal through time. Figure 2.8

shows a scheme with a conventional RNN.

"L

X

Figure 2.8: Scheme of an RNN network where is shown the unfolded three layers, input (x,),
hidden (#,) and output (y,). RNNs process sequences sequentially, maintaining information
in hidden states h, while sharing weight matrices across time steps. Training suffers from
vanishing and exploding gradient problems, limiting long-term dependency learning. Source:
adapted from Becker et al. (2020)

The main problem with conventional backpropagation through time (BPTT) or
real-time recurrent learning (RTRL) is that error signals flowing backwards in time
tend to (1) blow up or (2) vanish; the temporal evolution of the backpropagated error
exponentially depends on the size of the weights. The first case may lead to oscillating
weights; in the second, learning to bridge long time lags takes a prohibitive amount of
time or does not work at all (Hochreiter & Schmidhuber, 1997).

With that in mind, Long Short-Term Memory models (LSTMs (Hochreiter &
Schmidhuber, 1997)) and Gated Recurrent Units (GRUs (Cho et al., 2014)) were de-
veloped; evolving to encoder-decoder architectures (bi-LSTM) (Schuster & Paliwal,
1997)

2.4.2 Long-Short Term Memories Neural Networks (LSTM &
Stack-LSTM)

Dyer et al. (2015) state that LSTMs are a variant or extension of recurrent neu-
ral networks (RNNs) designed to cope with the vanishing gradient problem inherent
in RNNs, which was described by Hochreiter and Schmidhuber (1997) and Graves

26



(2013). As it was shown in Figure 2.8, RNNs read a vector x, at each time step and
compute a new (hidden) state h, by applying a linear map to the concatenation of
the previous time step’s state h,_;, taking the input and passing it through a logistic

sigmoid non-linearity function.

With LSTMs, there is no need to keep a finite number of states from beforehand
as required in, for example, the hidden Markov model (HMM) (Kaelbling et al., 1996).
LSTMs provide an extensive range of parameters such as learning rates and input and
output biases. Hence, no need for fine adjustments. The complexity of updating each
weight is reduced to O(W) with LSTMs, where W is the total number of weights in the
network (Hochreiter & Schmidhuber, 1997), similar to BPTT, which is an advantage.

Hochreiter and Schmidhuber (1997) establishes that constructing an architec-
ture that allows for constant error flow through special and self-connected units, ex-
tending the embodied constant error carrousel (CEC), which is the central feature of

LSTMs, by introducing additional features.

Dyer et al. (2015) establishes that LSTMs have an extra memory “cell” (¢,) con-
structed as a linear combination of the previous state and signal from the input. LSTM
cells process inputs with three multiplicative gates, which control what proportion of
the current input to pass (i,) into the memory cell and what proportion of the last
memory cell to “forget” (f;). The updated value of the memory cell after an input x,
is computed as follows (see Figure 2.9 for a scheme representation of the follow equa-

tions):

iy = 0 (Wixx, + Wy by + Wieeo_y + by), (2.27)
fi= U(vaxxt + Wephy oy + Wyee, oy + bf)’ (2.28)
¢ = f, @ ¢,y +tanh (Wx, + W, by + b,), (2.29)

where o is the component-wise logistic sigmoid function, and © is the

component-wise (Hadamard) product. The value h, of the LSTM at each time step
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is controlled by a third gate (o,) that is applied to the result of the application of non-

linearity to the memory cell contents:

0, = 0(Wyex, + Wy hy_y + Wy, + by), (2.30)

h, = o, ® tanh(c,). (2.31)

To improve the representational capacity of the LSTMs (and RNNs generally),
LSTMs can be stacked in “layers” (Pascanu et al., 2014). In these architectures, the
input LSTM at higher layers at time ¢ is the value of /;, computed by the lower layer
(and x, is the input at the lowest layer). Finally, an output is produced at each time

step from the £, value at the top layer:

Ve = 8(hy), (2.32)

where g is an arbitrary differentiable function.

Conventional LSTMs model sequences in a left-to-right order. The innovation
from Dyer et al. (2015), is to augment the LSTM with a “stack pointer”. Like in a con-
ventional LSTM, new inputs are always added in the right-most position, but in stack
LSTMs, the current location of the stack pointer determines which cell in the LSTM

provides c¢,_, and h;_; when computing the new memory cell contents.

Besides to adding elements to the end of the sequence, the stack LSTM provides
a pop operation which moves the stack pointer to the previous element (i.e., the pre-
vious element that was extended, not necessarily the right-most element). Thus, the
LSTM can be understood as a stack implemented so that contents are never overwrit-
ten, that is, push always adds a new entry at the end of the list that contains a back-
pointer to the previous top, and pop only updates the stack pointer. This control struc-

ture is schematised in Figure 2.10.

By querying the output vector to which the stack pointer points (i.e., the hrgp),
a continuous-space “summary” of the contents of the current stack configuration is

available. This value can be called the “stack summary”, where elements near the top
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Figure 2.9: Scheme that shows the gradient calculation through backward propagation
through time ¢ using the chain rule in a “cell”, where, x, is the input at time ¢, ¢, and ¢;_;
are cell state at time ¢ and ¢ — 1, respectively. In the same way, &; and h;_; are the outputs at
same times. Asterix (*) represent point-wise multiplication; plus sign (+) represent point-wise
addition; f: forget gate (sigmoid); i and g are input gate (i: sigmoid & g: tanh); o represents
output gate (sigmoid).

of the stack will influence the representation of the stack. However, the LSTM has the

flexibility to learn to extract information from arbitrary points in the stack (Dyer et al.,
2015).
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Figure 2.10: A stack LSTM extends a conventional left-to-right LSTM with the addition of a
stack pointer (notated as TOP in the figure). This figure shows three configurations: a stack
with a single element (left), the result of a pop operation to this (middle), and then the result
of applying a push operation (right). The boxes in the bottom rows represent stack contents,
which are the inputs to the LSTM, the upper rows are the outputs of the LSTM (in this paper,
only the output pointed to by TOP is ever accessed), and the middle rows are the memory cells
(the ¢,’s and h,’s) and gates. Arrows represent function applications (usually affine transfor-

mations followed by a nonlinearity). Source: Dyer et al. (2015)

2.4.3 Common Convolutional Neural Networks (CNNs)

Itis a class of deep neural networks that extracts features from images and text as
input to perform specific tasks such as image classification, face recognition, semantic
image system and natural language processing. A CNN has one or more convolution
layers for simple feature extraction, which execute convolution operation (i.e. mul-
tiplication of a set of weights with input) while retaining the critical features (spatial

and temporal information) without human supervision.

The three primary layers that define the structure of a convolutional neural net-

work are (see Figure 2.11):

1. Convolution layer (see Figure 2.12): represents the first layer of the convolu-
tional network that performs feature extraction by sliding the filter over the data.
The output or the convolved feature is the element-wise product of filters in the

data and their sum for every sliding action.

The output layer, also known as the feature map, corresponds to original data

like words, punctuation, and dependencies, among others.

In the case of networks with more convolutional layers, the initial layers are

meant for extracting the generic features. At the same time, the complex parts
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are removed as the network gets deep.

. Pooling layer: represents the operation to reduce the dimensions of the feature
maps. It is added after the convolutional layer (specifically after a nonlinear-
ity has been applied to the features map output), and operates upon each fea-
ture map separately to create a new set of the same number of pooled feature
maps. Thus, it reduces the number of parameters to learn and the amount of
computation performed in the network. Those operation involves sliding a two-
dimmensional filter over each channel of feature map and summarising the fea-

tures lying within the region covered by the filter.

The pooling layer summarises the features present in a region of the feature map
generated by a convolution layer. So, further operations are performed on sum-
marised features instead of precisely positioned features generated by the con-
volution layer. This makes the model more robust to variations in the position

of the features in the input image.
There is at least, three types of pooling layers:

(a) Maximum or Max Pooling. It is a pooling operation that selects the max-
imum element from the region of the feature map covered by the filter.
Thus, the output after max-pooling layer would be a feature map contain-

ing the most prominent features of the previous feature map.

(b) Average Pooling. Computes the average of the elements present in the re-
gion of feature map covered by the filter. Thus, while max pooling gives the
most prominent feature in a particular patch of the feature map, average

pooling gives the average of features present in a patch.

(c) Global Pooling. Reduces each channel in the feature map to a single value.
Thus, an n;, x n,, x n, feature map is reduced to 1 x 1 x n, feature map. This
is equivalent to using a filter of dimensions n;, x n,, i.e., the dimensions
of the feature map. Further, it can be either global max pooling or global

average pooling.

Pooling helps to make the representation become approximately invariant to
small translations of the input. Invariance to translation means that if we trans-

late the input by a small amount, the values of most of the pooled outputs do
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not change.

3. Fully connected layer: represent a simple neural network or a multilayer per-
ceptron (MLP), that was defined in Section 2.2.1.

Repeat many times
+Relu (—)ﬁ +Relu

m—> Convolutional Layer Pooling Layer * * Convolutional Layer Pooling Layer _

Figure 2.11: Scheme of a Convolutional Neural Network. Source: adapted from Becker et al.
(2020)

Layerm-1 Layerm

Figure 2.12: Convolutional Neural Network layer scheme. Source: adapted from Becker et al.
(2020)

2.4.4 Convolutional Neural Networks (CNN) for sentence classifi-

cation

Deep learning models have achieved remarkable results in computer vision and
speech recognition. Within natural language processing, much of the work with deep
learning methods have involved learning word vector representations through neu-
ral language models and performing composition over the learned word vectors for
classification Kim (2014). Word vectors, wherein words are projected from a sparse,
1-of —V encoding (where V is the vocabulary size) onto a lower dimensional vector
space via a hidden layer, are feature extractors that encode semantic features of words
in their dimensions. For example, in such dense representations, semantically close
words are likewise (in euclidean or cosine distance) in the lower dimensional vector
space Kim (2014).
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Convolutional neural networks (CNN) utilize layers with convolving filters that
are applied to local features. Originally invented for computer vision, CNN models
have subsequently been shown to be effective for NLP and have achieved excellent
results in semantic parsing, search query retrieval, sentence modelling, and other tra-
ditional NLP tasks Kim (2014).

The model architecture is a slight variant of the CNN architecture Kim (2014).
Let x; € R* be a k-dimensional word vector corresponding to the i-th word in the

sentence. A sentence of length n (padded where necessary) is represented as:

X1y =X DX, @ DX, (2.33)

where & is the concatenation operator. In general, let x;.;,; refer to the concate-
nation of words x;, x;,,, ..., X;,;. A convolution operation involves a filter w € Rk,
which is applied to a window of i words to produce a new feature. For example, a

feature c; is generated from a window of words x;.;,_, by:

¢;=f(w-Xpjp-1+b), (2.34)

where b € R is a bias term and f is a non-linear function such as the hyper-
bolic tangent. This filter is applied to each possible window of words in the sentence

(X100 Xo:ns1s -+ » Xp_p+1:n) to produce a feature map:

c=[c1, ¢y Cupirls (2.35)

where ¢ € R"™"*!, Then a max-over-time pooling operation is applied over the
feature map to take the maximum value ¢ = max(c) as the feature corresponding to
this particular filter. The idea is to capture the most critical feature with the highest
value for each feature map. This pooling scheme naturally deals with variable sen-

tence lengths.

This describes how one feature is extracted from one filter. The model uses multi-
ple filters (with varying window sizes) to obtain multiple features. These features form

the penultimate layer and are passed to a fully connected softmax layer whose output
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is the probability distribution over labels. In the multichannel architecture, illustrated
in Figure 2.13, each filter is applied to both channels, and the results are added to cal-
culate c; in Equation (2.34). The model is otherwise equivalent to the single-channel
architecture (Kim, 2014).

. N
for =
for o E—

video 1
and |
n -
n't =

it i

RS

nx krepresentation of Convolutional layer with Max-over-time Fully connected layer
sentence with static and multiple filter widths and pooling with dropout and
non-static channels feature maps softmax output

Figure 2.13: Model architecture with two channels for an example sentence. Source: Kim
(2014)

2.4.5 Backpropagation in Neural Network Models

Backpropagation is a fundamental algorithm for efficiently computing the gradi-
ents needed to update network weights and minimize the loss function during train-
ing.

The algorithm operates in two phases: first, activations are computed in a for-
ward pass through the network layers. Then, the gradients of the cost function with
respect to each parameter are computed in a backward pass, propagating error signals
from the output layer back to the input layer. This method enables the calculation of
partial derivatives of the cost function with respect to each weight, which are essential

for gradient-based optimization algorithms.

Backpropagation serves as the standard method for training neural networks it-
eratively. By systematically adjusting the network weights based on the computed
gradients, backpropagation enables the network to learn complex patterns from data
while minimizing prediction errors, thereby improving the model’s accuracy and gen-

eralization capability.
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2.4.6 Evaluation Metrics in Deep Learning

Evaluation metrics in Deep Learning (DL) tasks play a crucial role in develop-
ing optimized models. They are utilized throughout the standard data classification
pipeline during both training and testing phases. During training, evaluation metrics
serve as optimization criteria to guide algorithm development and hyperparameter
selection. During testing, these metrics assess the performance of the trained classi-

fier on unseen data to estimate its generalization capability.

The foundation of most classification metrics lies in the confusion matrix, where
True Positives (TP) and True Negatives (TN) represent correctly classified positive and
negative instances, respectively, while False Negatives (FN) and False Positives (FP)
represent misclassified positive and negative instances, respectively. The most com-

monly used evaluation metrics are described below.

1. Accuracy: Measures the ratio of correct predictions to the total number of sam-

ples evaluated.
TP+TN

TP+TN+FP+FN

Accuracy = (2.36)

2. Sensitivity or Recall: Measures the fraction of positive instances that are cor-

rectly identified.
TP

e — (2.37)
TP+FN

Sensitivity =

3. Specificity: Measures the fraction of negative instances that are correctly iden-

tified.
TN

S (2.38)
FP+TN

Specificity =

4. Precision: Measures the fraction of predicted positive instances that are actu-

ally positive.

. TP
Precision = ——— (2.39)
TP+ FP

5. F1-Score: Calculates the harmonic mean of precision and recall, providing a

balanced measure when both metrics are important.

Precision x Recall
Flscore = 2 X

2.40
Precision + Recall ( )
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6. Youden’s J Statistic: Also known as the ] Score, this metric summarizes the per-

formance of a binary classifier.
Jscore = Sensitivity + Specificity — 1 (2.41)
7. False Positive Rate (FPR): Measures the probability of incorrectly classifying a
negative instance as positive.
FPR = 1 — Specificity (2.42)
8. Area Under the ROC Curve (AUC): A ranking metric that evaluates classifier
performance across all classification thresholds. Unlike threshold-dependent

metrics, AUC provides a comprehensive assessment of classifier ranking per-
formance. For binary classification problems, AUC is calculated as:

Sp—n,(n,+1)/2

n

AUC =

(2.43)
p'ln

where S, represents the sum of ranks of all positive samples, n,, is the number of
positive samples, and n,, is the number of negative samples. AUC has been val-
idated both empirically and theoretically as a robust metric for model selection

and performance evaluation in classification tasks.

2.4.7 Loss Functions in Deep Learning

Section 2.4.4 has presented the convolutional neural network (CNN) architec-
ture. In addition, the final classification process is achieved from the output layer,
which represents the last layer of the CNN architecture. Some loss functions are uti-
lized in the output layer to calculate the predicted error created across the training
samples in the CNN model. This error reveals the difference between the actual out-
put and the predicted one (Alzubaidi et al., 2021).

The loss function uses two parameters to calculate the error. The CNN estimated
output (referred to as the prediction) is the first parameter. The actual output (re-
ferred to as the label) is the second parameter. Several types of loss functions are em-
ployed in various problem types. The following explains some of the loss function
types (Alzubaidi et al., 2021).
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a)

b)

Cross-Entropy Loss Function: This function is commonly employed for mea-
suring the CNN model performance in multi-class classification problems. It is
also referred to as the log loss function. Its output is a probability distribution

where each p; € (0,1).

It is usually employed as a substitution of the Euclidean loss function in multi-
class classification problems. The output layer employs the softmax activations
to generate the output within a probability distribution. The output class prob-
ability is given by:

et

bi=oNn o

: (2.44)
k=1 €%

where a; represents the raw output (logit) from the preceding layer, and N rep-
resents the number of classes in the output layer. The mathematical represen-

tation of cross-entropy loss function is given by:

N
H(p,y)=- Z yilog(p;), (2.45)

i=1
where y; is the true label and i € [1, N].

Euclidean Loss Function: This function is widely used in regression problems,

and its formula is given by:

N
Hp.y) = 5 2 (pi-1i): (2.46)

Hinge Loss Function: This function is commonly employed in binary classifi-
cation problems. This relates to maximum-margin-based classification, which
is particularly important for Support Vector Machines (SVMs). The hinge loss
function encourages the optimizer to maximize the margin between the two

classes.

N
H(p,y) =) max(0,1-y;p;), (2.47)

i=1
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where y; € {—1, +1} represents the true class label and p; is the predicted score

(not probability). The margin is implicitly set to 1 in this formulation.

2.5 Neural architectures used in NLP by spaCy

The framework has its own deep learning library called Thinc used in back-
ground for different NLP models. For most tasks, spaCy uses a deep neural network
based on CNN with a few tweaks in the processing. Specifically, spaCy’s named en-
tity recognition (NER) use a neural architecture that constructs and labels segments
using a transition-based approach (Lample et al., 2016), that was inspired by shift-
reduce parsers from Nivre (2004). Those, by which a Stack-LSTM model (Dyer et al.,
2015) pass through .

SHIFT
REDUCE(LOC)

Transition Qutput Stack Buffer S
N N [Mark, Watney, visited, Mars]
SHIFT [1 [Mark] [Watney, visited, Mars]
SHIFT [1 [Mark, Watney]  [visited, Mars]
REDUCE(PER) [(Mark Watney)-PER] [ [visited, Mars] (Mark Watney)-PER
ouT [(Mark Watney)-PER, visited] [ [Mars]
[ [
[ [

1
1
Mars] il
1 [ (Mars)-LOC

(Mrk Watn) PR, i, (Vrs-1.0C]
Figure 2.14: Example of a transition sequence for Mark Watney visited Mars with the Stack-
LSTM model. It starts with all empty stack, all words on buffer and no estities. The transi-
tion inventory contains the following transitions: The SHIFT transition moves a word from
the buffer to the stack, the OUT transition moves a word from the buffer directly into the out-
put stack while the REDUCE(y) transition pops all items from the top of the stack creating a
“chunk”, labels this with label y, and pushes a representation of this chunk onto the output
stack. The algorithm ends when the stack and buffer are both empty. Source: Lample et al.
(2016)

spaCy’s framework was called “Embed, Encode, Attend, Predict” by Honnibal
(2018), where the solution to the problem of all words looks unique to a computer;
i.e., “dog” and “puppy” are just strings of words that can quickly be learned with
P(id|’dog’), where it needs to predict the P(id| puppy’), that can be afforded by em-
beddings words. Furthermore, words are embedded using a Bloom filter (Bloom,
1970), meaning word hashes are kept as keys in the embedding dictionary instead of

the word itself. This maintains a more compact embeddings dictionary, with words
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potentially colliding and ending up with the same vector representations (see Fig-
ure 2.15).

However, with that approximation, it loses the context. So the solutions pass
for learning to “encode” the context into a sentencing matrix by taking a list of word
vectors. For this, spaCy uses CNNs for encoding. Nevertheless, that sentence matrix

gives meanings to individual tokens and no representations of entire sentences.

The above can be solved by learning what to pay “attention”, summarising sen-
tences when which parts are more informative given a query and getting problem-
specific representations. Nevertheless, the application needs a value for output, not
a generic representation, and the framework needs to learn to “predict” target values
turning a generic architecture into a specific solution. To do that, spaCy uses a multi-

layer perceptron for inference.

—~
Embedding from
lookup table

Embedding from
characters

Lockup table

Concatenation - Final embedding
A

Figure 2.15: The character embeddings of the word “Mars” are given to a bidirectional LSTMs.
Then it concatenate their last outputs to an embedding from a lookup table to obtain a repre-

sentation for this word. Source: Lample et al. (2016)
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2.6 Natural language processing on Chilean environ-

mental legal text

2.6.1 NLP inlegal domain

As stated in the preceding sections, processing natural language is one of the pri-
mary use of Deep Learning, and it has been used in different language domains. The
legal text is one of them. There are efforts by many research groups to propose novels
solutions in many different languages like Turkish, French, Spanish, Portuguese, and
German, among others (Angelidis, Chalkidis, & Koubarakis, 2018; Barriere & Fouret,
2019; Glaser, Waltl, & Matthes, 2018; Mumcuoglu, Oztiirk, Ozaktas, & Kog, 2021; Sierra
etal., 2018; Wang, Wu, Lei, & Peng, 2020). At the same time, other solutions to some le-
gal issues like retain opinions from parties (Samarawickrama, de Almeida, Perera, de
Silva, & Ratnayaka, 2021), bring NLP services (Moreno-Schneider et al., 2020), stud-
ied the benefits of using artificial intelligence in legal systems (Zhong et al., 2020),
fine-tuning of named entity recognition models in the legal domain (Leitner, Rehm,
& Moreno-Schneider, 2019) and solutions applied to legal resolutions (Dozier et al.,
2010) were proposed.

As can see, there is a broad interest in the area. For example, the company Lex-
Predict has been working in the area since 2015. This company presents the LexNLP
Python library* that aims to make the task of processing legal documents a more
straightforward task, whether for the analysis of statutes, regulations, court opinions,
briefs or the migration of legacy contracts to intelligent contracts or distributed ledger
systems (Bommarito II, Katz, & Detterman, 2021).

On the other hand, Gutiérrez-Fandifio, Armengol-Estapé, Gonzalez-Agirre, and
Villegas (2021) propose a Spanish legal domain language, a RoBERTa model available
at Huggingface®. That effort is one of the most advanced to date but is constrained
only to Spain’s legal domain. As the authors state, the legal field is a Spanish variation
on its own. For that, every country should be afforded independently.

“https://github.com/LexPredict/lexpredict-lexnlp
Shttps://huggingface.co/PlanTL-GOB-ES/RoBERTalex
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2.6.2 NLP in legal text of the environmental field

Most of the work done in NLP related to the environmental field is related to wa-
ter issues. However, two works are interesting. The first proposes a tool to extract and
map court decisions, linking the decision’s court with its geographic location (Cos-
tumero et al., 2017). The second one proposes a multidimensional study based on
data and text mining of prosecuted disputes on water rights in Chile (Herrera et al.,
2019).

Another related work identifies incentives in forestry policy using Transformer
architecture, specifically a variant of the BERT language model, to classify text sen-
tences. It used a human-in-the-loop approach which curates the classified data
Firebanks-Quevedo et al. (2022).

2.6.3 The originality of the work

To date, no approach to named entity recognition (NER) in Chilean environmen-
tal legal texts has been reported in the literature, which gives this thesis work inherent

value and significance.

However, the rapid research and development in NLP has quickly advanced
beyond the technology employed in this thesis. Nevertheless, this does not dimin-
ish the utility of the proposed approach. While state-of-the-art language models re-
quire substantial computational resources and energy for training, lightweight and
energy-efficient models remain valuable for specialized applications and resource-
constrained environments. Such models offer practical advantages for domain-
specific tasks where the trade-off between performance and computational efficiency
is favorable.

2.7 Research question and objective of the work

2.7.1 Research question

How can a framework like spaCy provide a consistent and affordable toolbox
to train neural network models at a industry level for a specific knowledge area like

Chilean environmental legislation?
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2.7.2 General objective

Use and validate spaCy framework to train a Named Entity Recognition model
based on Convolutional Neural Networks as a minimum viable prototype for auto-

matic natural language processing for Chilean environmental legal text documents.

Specific objectives

1. Identify and determine the technical requirements for automatic natural lan-

guage processing with NER in Chilean environmental legal documents.

2. Validate the functional and technical requirements for designing a scalable
prototype for industrial production conditions that extract legal actions from

Chilean environmental legal documents.

3. Design a prototype that can extract named entities from Chilean environmental

legal documents.

4. Evaluate the performance of the designed prototype in the context of the anal-

ysis of Chilean environmental legal documents.
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Chapter 3

Methodology
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The work conducted in this thesis required implementing several methodologies
to prepare data, train a Named Entity Recognition (NER) model, evaluate it against al-
ternative approaches through benchmarking, and develop a viable prototype for po-
tential production deployment. To accomplish these objectives, two primary compu-
tational platforms were utilized: a Linux system with an eight-core (16 threads) Ryzen
Threadripper 1900X processor and 64 GB of RAM (detailed specifications are provided
in Appendix A), and Amazon Web Services (AWS) Cloud Computing Services, where
the trained model was deployed as a web application instance for testing and evalua-

tion.

The general methodology for developing the in-house NER model followed an
iterative experimental approach consisting of seven sequential experiments. Each it-
eration involved modifications to the training data, entity tags (including expansion
of tag categories), and resulting model architectures. This iterative process continued
until the trained model achieved a predetermined performance threshold, specifically
an F1 score exceeding 90% (detailed in Section 3.3). The seventh and final experiment
is reported in this work as it incorporates all improvements and insights gained from
previous iterations. It should be noted that the experimental framework focused on
model development and training, while deployment and visualization components

were implemented separately.

Figure 3.1 presents a simplified workflow diagram divided into five main phases.
The process begins with data collection of environmental legal texts from internet
sources. Following data analysis, an ontology and vocabulary were constructed, and
tags were assigned to specific word groups to prepare the data for training across
different platforms. Model performance was benchmarked for comparative analy-
sis rather than decision-making purposes. The resulting models were subsequently
packaged as Python modules for streamlined installation and deployment. Finally,
the trained models were integrated into a web application to demonstrate their func-
tionality and deployed as an AWS instance for remote access by external applications

and developers.

The following sections provide detailed descriptions of each component in-

volved in developing NER models for environmental legal text analysis.
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Figure 3.1: Simplified process flux from getting data to making inferences with trained models

in a simple application and as AWS instance.
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3.1 Collection and preparation of environmental legal

data

The data for training a custom named entity recognition model (NER) was ac-
quired from an especial website of the National Congress Library called Ley Chile'.
This website has all the laws, norms and their modifications from the Chilean

Congress.

3.1.1 Review of Chilean environmental laws, decrees and resolu-

tions

In Ley Chile, a search was conducted with keywords like: ambiental, norma-
tiva ambiental, ley ambiental, among others. The main environmental legal text were
identified from the search and collected it individually as raw text, where laws, de-
crees and resolutions were categories of the environmental legal text. There is also
an extent resolution in the norms collected. Table 3.1 shows the type and number of

environmental legal documents retrieved from Ley Chile.

Table 3.1: Type and number of environmental legal documents collected for training a custom
NER model.

Documents Number
Laws 6
Decrees 38
Resolutions

Ext. Resolutions 4

3.1.2 Description of the legal text obtained

Text as a part of Natural Language (NL) is characterised as a non-structured data
type. By his side, the legal text is a semi-structured data type but varies widely between
one another. These variations come in how text is organized, being different from alaw

to a resolution. For example, some texts use the named section “Title” (mainly laws),

https://www.bcn.cl/leychile/

46



but resolutions do not use it. A widely used sub-section in the legal text is the word
“Article”, which always refer to a fundamental legal text structure, being used to cite a
norm or a law in specific, e.g., Article 1° of law N°19,300 refer to “The right to live in
a pollution-free environment ...”. Furthermore, the environmental legal text has the
same structure as any other legal document. However, selecting the retrieved legal
text used in this thesis is not biased toward any specific environmental topic being a

random selection, especially in selecting decrees and resolutions.

The number of words shared by each type of document is shown in Table 3.2,
with a total of 219,952 words from legal text.

Table 3.2: Number of words shared by type of document. Not considered symbols and num-

bers. Counts was retrieved from text processor.

Documents Word Numbers

Laws 68,873
Decrees 136,990
Resolutions 14,089
Total 219,952

3.1.3 Preparation of environmental legal text for training and

evaluation

Text manipulation was done on a Linux terminal and/or with R Statistical Soft-
ware (R Core Team, 2021) using RStudio version 2021.09.1+372. The words and token
statistics and remove stopwords was done with tokenizer and stopwords packages
(Benoit, Muhr, & Watanabe, 2021; Mullen, Benoit, Keyes, Selivanov, & Arnold, 2018).

The legal text was concatenated in a single file and then passed by line to the
software, given a total of 17,339 sentences with a mean length of 25.2 words or ele-
ments. Taking into account words, numbers, and symbols gives 436,632 elements.
Without stopwords, total elements were reduced to 252,971 (still considering num-
bers and symbols). This number is greater than reported in Table 3.2 due to how the

software counts words.

47



3.1.4 Definition of the name of the entities to train

Defining which elements or entities to name (group) for a custom NER model

depends on the area’s specific characteristics.

The entities to label (TAG) cover from legal actions to percentages. Also, it was

interesting to label entities related to the legal text structure, like Titulo, Articulo, De-

creto, among others. The TAG for such entities was defined as LEGEST.

A similar procedure was done with other types or groups of entities present in

legal text. Firstly 12 named entities were defined in this work. Lastly, the TAGs used

were 17 (see Table 3.3), intending to train the models to recognise a broad type of

entities.
Table 3.3: Defined TAGs used to annotate entities.
TAG Description
ACC Refers to legal actions represented by verbs.
ADMB Groups adjectives commonly used in environmental descriptions.
CAMB Refers to environmental contaminants.
CUANT  Groups quantification entities.
ILAMB  Refers to specific environmental legal issues.
ILEG Refers to common legal issues.
SA Groups environmental situations typified in the norms.
SAMBL  Groups environmental subjects/nouns.
SuJ Groups legal subjects/nouns.
VAMB Groups verbs with environmental significance.
EST Groups all State institutions.
LEGEST Groups legal structures present in documents.
NUM Groups numbers present in legal text. This TAG requires more examples.
FECHA  Groups dates and their forms present in legal text.
LUGAR  Groups typical areas present in legal text, mainly regions and cities.
ACCAMB  Groups entities related to environmental actions. Differs from VAMB by its grammatical tense.
PORC Tag related to percentages.

The definition of the label (TAG) names has to be coherent with the aim of the

work. Some approximations look for a narrow span of entities that work very well
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for specialised industry text processing, resulting in small models. In this case, it is
pursuing a domain-specific text like legal. However, it has to remain wider because of
the amount of information in legal texts that can always be interesting to recognise.
Later, this information can be used to extract and relate new or unknown legal texts
like laws or norms actualisations with existing legal databases or, like in this work,

recognise, annotate, and tabulate legal actions from official publications.

3.1.5 Specification of the environmental legal ontology

With TAGs already defined, 4,259 entities were selected from the legal text and/or
arbitrary added (state institutions, dates, numbers, places and percentages) to be
used for annotating it in the legal text or corpus. These entities construct the model’s
ontology, which can be increased or pulled over time. Table 3.4 shows the number of

entities by each TAG type. The entities by TAG were saved in a csv file.

Table 3.4: Number of entities by TAG type.

TAG Num. of entities
ACC 216
ADMB 29
CAMB 286
CUANT 91
ILAMB 141
ILEG 217
SA 49
SAMBL 139
SUJ 171
VAMB 67
EST 507
LEGEST 131
NUM 1904
FECHA 180
LUGAR 30
PORC 101
Total 4,259
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The iterative procedure that increases the vocabulary allows for imposing the
model, giving it more specificity, independent of possible associations automatically
made for the model. It should be noted that these entities were used in three cases:
lower, upper and upper/lower, to cover possible variations. Also, the entities were kept
with accent marks as appropriate.

It is important to note that the number of entities by TAG can change arbitrar-
ily. Still, annotating those changes should be done under the corpus’s representativity
criteria. In this case, the TAG NUM is by far more significant than the others where the
standard followed was to cover the possible numbers present in alegal text. Neverthe-
less, the criteria used to annotate specific domain texts should always be done with

the support of a professional in the area.

3.1.6 Annotating training text

Once the TAGs and ontology were defined, and before starting the training pro-
cess, it was necessary to annotate selected entities in the corpus. This step is one of the
most resource-intensive and time-consuming phases but s vital for two main reasons:
the quantity and quality of the training data. At the beginning of this thesis, this step
was performed manually using specialized software such as Doccano? or Prodigy®.
However, due to the large number of entities required to improve the F1 score of the
models (as observed during the initial experiments), it became necessary to transition
quickly to unsupervised annotation methods. While texts from highly specialized do-
mains can be annotated manually, this approach is extremely resource-intensive and

time-consuming.

Therefore, there are several options for the annotation procedure depending on
where the data will be input. In this work, two methods were used. The first was to
annotate single words using I0B and BILUO tagging®. The second one was with a func-
tion from the spaCy library called PhraseMatcher, which allows searching and match
multi-word sentences with a fixed pattern in a text and tagging with the previously

defined TAGs. Both methods were encoded in scripts prescind manually annotated

Zhttps://doccano.herokuapp.com/
3https://prodi.gy/
*https://en.wikipedia.org/wiki/Inside%E2%80%93outside%E2%80%93beginning (tagging)

50



entities in a text, which is the most common way to do this in NLP.

Both approximations give exact information to the training software about the
entity (token), the TAG, the entity position in the text (span) and if it is part of a mul-
tiword entity in a sentence (IOB and BILUO tagging format).

To achieve the above, Jupyter Notebooks (Kluyver et al., 2016) were used to an-
notate the corpus with several routines, mainly in Python (Van Rossum & Drake, 2009)
and R scripts. This approach allows more reproducible prototyping but is not instead
to replace a formal application or model training development. For more details in

followed steps and code see Appendix B.

3.1.7 Converting sentences to suitable formats

In NLP, there is no specific format to process the data to train, and it will vary
between software. For example, Gensim uses raw text, internally reads it by line, and
preprocesses text to lower case. However, spaCy (Honnibal & Montani, 2017) in pre-
train routines calls a file with the text separated by lines (JSONL format), but from ver-
sion 3.0 it needs a binary file built with a JSON tagged text for training. On the other
hand, training models with Keras framework need BILUO or IOB tagging mainly in
a JSON file. AWS uses a specific way to input training data, asking for a file to point, a

span with the entity and the associated TAG to that entity, all in a csv file.

Furthermore, the strategy that suits better is to take the annotated sentences ob-
tained in the previous step saved on disk as a JSON file, to then pass it to the required
format, depending on where it will be used. For more details in followed steps and

code see Appendix B

3.2 Word vector generation with Gensim (word2vec)

Experimental work inevitably presents difficulties and challenges. One signifi-
cant challenge was improving the performance scores of the trained model in spaCy®.

This issue can be addressed by increasing the number of training examples and in-

SLarge models in spaCy include pre-trained word embeddings that can be utilized for training pur-

poses.
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corporating word embeddings generated from domain-specific text, in this case, the

same training corpus used for model development.

For this purpose, Gensim (Rehurek & Sojka, 2011) was employed as the frame-
work to implement the word2vec algorithm (Mikolov, Chen, et al., 2013; Mikolov,
Sutskever, et al., 2013) for generating word vectors corresponding to each word
present in the text. The resulting vectors from Gensim subsequently improved model
performance during training through the incorporation of domain-specific semantic

representations.

To train the word embedding model in Gensim, two key parameters were modi-
fied: the vector dimensionality for each word was set to N = 300, and words with fewer
than ten occurrences in the corpus were excluded from the vocabulary. All other pa-
rameters remained at their default values. Additional implementation details are pro-

vided in Appendix C.

3.3 Named Entity Recognition (NER) with spaCy

To train models that can recognise and annotate words automatically, it was
used spaCy® (Honnibal & Montani, 2017) as the main framework. As spaCy is an
industry-standard software written in Cython and designed for production use. Itis a

free, open-source library for advanced Natural Language Processing (NLP) in Python.

The framework has a central data structure upon three elements: Language class,
the Vocab and the Doc object. The Language class is used to process a text and turn it
into a Doc object. It is typically stored as a variable called nlp. The Doc object owns
the sequence of tokens and all their annotations. By centralizing strings, word vectors
and lexical attributes in the Vocab, it avoids storing multiple copies of this data having

a single source of truth.

Text annotations are also designed to allow a single source of truth: the Doc ob-
ject owns the data, and Span and Token are views that point to it. The Doc object is
constructed by the Tokenizer, and then modified in place by the components of the

pipeline. The Language object coordinates these components. It takes the raw text

5Fore more features you can visit this link: https://spacy.io/usage/spacy-101#features
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and sends it through the pipeline, returning an annotated document. It also orches-

trates training and serialization.

Statistical models power spaCy’s tagger, parser, text categorizer and many other
components. For example, every "decision” these components make — which part-
of-speech tag to assign or whether a word is a named entity - is a prediction based
on the model’s current weight values. The weight values are estimated based on the
model’s examples during training. Therefore, it first needs training data — examples
of text and the labels it wants the model to predict to train a model. This could be a

part-of-speech tag, a named entity, or other information.

The processing pipeline consists of one or more pipeline components that are
called on the Doc in order. The tokenizer (tok2vec) runs before the components.
Pipeline components can be added using Language.add_pipe. They can contain a sta-
tistical model and trained weights, or only make rule-based modifications to the Doc.
spaCy provides a range of built-in components for different language processing tasks

and also allows adding custom components (see Figure 3.2).

Text —> ftokenizer ) ) tagger parser ner —> Doc

r‘u‘Les r‘u'Les
tok2vec ) tagger parser attribute_ '\ jemmatizer
ruler tok2vec

‘Llstener‘

Figure 3.2: The spaCy design shows the pipeline components and how they are processed
sequentially on the input text. It should be noted that the pipeline components can be mod-
ified, trained, and reordered, and that additional components such as listeners or rule-based

components can be incorporated. Source: adapted from https://spacy.io/
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3.3.1 Pipeline pre-training

There are numerous options available for selecting pre-trained models. spaCy
provides its own models in different languages, but these models are primarily trained
on news texts. This presents the disadvantage that the embedded vectors and asso-
ciated word and sentence semantics are structured for contexts that are too broad or
colloquial for specialized domains. The problem that emerged during experimenta-
tion was that the tok2vec component of the pipeline was too general for the specific
legal environmental domain. To address this issue, spaCy offers the option to pre-train

this component specifically for subsequent use in training the NER component.

The pre-training process initializes a tok2vec layer in the pipeline with informa-
tion derived from raw text. To accomplish this, additional layers are incorporated to
construct a network for a temporary task that compels the tok2vec layer to learn sen-
tence structure and word co-occurrence statistics. spaCy provides two pre-training
objectives, both variants of the close task introduced by Devlin et al. (2018) for BERT.

The implementation followed the documentation provided by spaCy”’.

3.3.2 Pipeline training

As shown in Figure 3.3 training is an iterative process in which the model’s pre-
dictions are compared against the reference annotations to estimate the loss’s gradi-
ent. The loss gradient is then used to calculate the gradient of the weights through
backpropagation. The gradients indicate how the weight values should be changed so

that the model’s predictions become more similar to the reference labels over time.

“https://spacy.io/usage/embeddings-transformers#static-vectors
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Model

Training
data
; . Gradient Model Updated

Figure 3.3: Training data: Examples and their annotations. Text: In the input text, the
model should predict a label. Label: The label the model should predict. Gradient: The
direction and rate of change for a numeric value. Minimising the gradient of the weights
should result in predictions closer to the reference labels on the training data. Source:

https://spacy.io/usage/training

To train the environmental legal NER model were ran several experiments. First,
as a base framework, it was used a NER project template from spaCy’s repository?,
which was later adapted. The project template prepares for the user an end-to-end
spaCy workflow that is based on a proyect.yml file that defines the assets a project
depends on, like datasets and pre-trained weights, as well as a series of commands that
can be run separately or as a workflow. For instance, to preprocess the data, convert
it to spaCy’s format, train a pipeline, evaluate it and export metrics, package it and

spin up a quick web demo. Below is an example directory tree from spaCy’s project

website®.
project.yml # the project settings
project.lock # lockfile that tracks inputs/outputs
assets/ # downloaded data assets
configs/ # pipeline config.cfg files used for training
corpus/ # output directory for training corpus
metas/ # pipeline meta.json templates used for packaging
metrics/ # output directory for evaluation metrics
notebooks/ # directory for Jupyter notebooks
packages/ # output directory for pipeline Python packages
scripts/ # directory for scripts, e.g. referenced inj,

—~commands

8This option is available since version 3.0.
*https://spacy.io/usage/projects.
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training/ # output directory for trained pipelines

# any other files, like a requirements.txt etc.

From the directory structure shown above, it was used mainly all of them (were
left out metas and notebooks directories). However, it was added a directory for

Gensim models with word vectors.

All the training routines were first to run in the console, but, in Appendix D it
is shown a Jupyter notebook output with the training process of tok2vec and NER

models, where it can see the commands used for:

1. Debug the data.

[\

. Train the models (tok2vec & NER).

w

. Evaluate the models.

S

. Package the models.

The neural network architectures used in training are the default settled in the
configuration file, with minor modifications. As spaCy uses its own framework to con-
struct their networks (Thinc), those are called with specific functions (see Appendix
22 for the details of configuration file) that call the spaCy architecture model and pass

the parameters to it.

Before to load the neural network models. a tokenizer (spacy.Tokenizer.v1)
that segment text and create a Doc objects with the discovered segment boundaries is
called (loaded). Usually, the tokenizer is created automatically when the language
subclass is initialised, and it reads its settings like punctuation and special case rules
from the defaults provided by the language subclass. Follow in, a parser model is
built(spacy . TransitionBasedParser.v2). Transition-based parsing is an approach
to structured prediction where the task of predicting the structure is mapped to a se-
ries of state transitions. So, the neural network state prediction model consists of ei-
ther two or three subnetworks: a tok2vec that map each token into a vector repre-
sentation (ran once for each batch), a lower that constructs a feature-specific vector
for each roken-feature pair (ran once for each batch), the state representation is built

summing the component features and applying the non-linearity function (that was
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not used in this case), and an upper that construct a feed-forward neural network that
predicts scores from the state representations. Those subnetworks use 64 hidden lay-

ers with two outputs.

Next, a listener layer is used (spacy.Tok2VecListener.vl) that act as a
proxy(ies), passing the predictions from the tok2vec network to other components

of the pipeline, and communicate gradients back upstream.

3.3.3 Pipeline metrics and evaluation

The metrics and evaluation used by spaCy to control the training are related to
calculation of loss functions for tok2vec and ner models training. Also, the precision
(P) and recall (R) were obtained and with those values the F1 score was calculated. In

sections 2.3.1 and 2.3.2 the equation used for those calculations are presented.

To set the performance of the trained model it was done by a per-entity PRF

scores (Precision, Recall, F1). No other scores available in spaCy were used.

3.3.4 Pipeline packaging

As previously noted, the training was an iterative process with several experi-
ments. From those experiments, at least one trained model was obtained and named
with version numbers. The last version trained was the 7.0.9 version (an arbitrary
number). The first number refers to the associated experiment, and the last number

corresponds to the last iteration.

3.3.5 Pipeline distribution/loading

The packaged pipeline stores inside the trained model components and config-
uration. As the pipeline can be installed in the host system using the Python library
pip, those components should be called by spaCy from command line or from a ap-

plication that need to use those components.
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3.3.6 Evaluation and testing of the pipeline with environmental le-

gal text not known by the model

The trained pipeline was evaluated using unknown data for the model. This data
has the same structure that the train data. For that, spaCy has a particular function for
evaluating a trained model that works directly in the project and is configured in the
project.yml file (see Section 3.3.2). The metrics calculated are consistent with that
shown in Section 3.3.3. The evaluation results are stored in a JSON format file, which

was later used to present the results of this thesis.

3.3.7 Training validation analysis

The validation of the training process, hyper-parameters explicitly settings, was
done with a k-fold cross-validation analysis with k = 10 using the entire dataset of legal

text, computing Precision, Recall and F1 scores.
The general process was as follows:
 Shuffle the dataset randomly.
 Split the dataset into k groups.

* For each unique group:

Take the group as a holdout or test data set.

Take the remaining groups as a training data set.

Fitted a model on the training set and evaluated it on the test set.

Retain the evaluation score and discarded the model.

e Summarised the model’s skill using the sample of model evaluation scores.

Its important to note that, each observation in the data sample is assigned to an
individual group and stays there for the procedure. Each sample can be used in the

holdout set once and to train the model k — 1 times.

The selected fold gives a good trade-off between bias and variance (James, Wit-
ten, Hastie, & Tibshirani, 2021). Next, the sentences were shuffled and splited into

training and evaluation (test) sets with a 90:10 - ratio. Later, the training set was split
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similarly into training and developing sets. Finally, the training for the ten datasets
was done using spaCy’s CLI, setting the patience parameter to 100, and using the pre-
train model and vectors prepared in previous steps (see Sections 3.2 and 3.3). For

more details, please see Appendixes E and F.

3.3.8 Demo application for extract legal actions

The trained model with spaCy was visualised using Streamlit framework'’, a
Python-based software specifically prepared to design and build web applications and
the spacy-streamlit library that allows translating spaCy’s objects to a web frame-

work.

The application was designed for two main things, to use the custom-trained
model in environmental legal NER and to extract legal and environmental actions
from a given text. However, it can be used for any 17 TAGs recognised by the model.

Therefore, the strategy to get the actions in the text was to use a hybrid model:

1. Load the custom-trained model in its last version and get the tok2vec and ner

components.

2. Load from the large pre-trained model from spaCy the parser component
that will analyse the dependency in text sentences using a variation of non-
monotonic arc-eager transition-system described by Honnibal and Johnson
(2015).

3. With those components loaded in a shared pipeline, the application will process

texts passed by the user by a web interface.

4. In the process, the application will tokenise, annotate and get the dependency

between words in the text.

5. Then, it will display the annotated text, a resume with the TAGs and a table with
the actions (word recognised). Alternatively, the TAG searched can be changed

to any other.

The web application for deployment was containerised with Docker'' (Merkel,

https://streamlit.io/
"https://www.docker.com/
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2014). When the container is launched, the Streamlit server starts the application and
can be accessed in the localhost direction in port 8501. However, the containerised

application could be served at any internet domain.
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Chapter 4

Results
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4.1 Data preparation

Following the methodology proposed in section 3.1.6 and 3.1.7, the whole pro-

cess of preparing the necessary training data is shown in more detail in Appendix B

and follows the next sequence:

1. Import the required libraries.

2. Build upon the spaCy pre-trained large model.

3. Load text document and key entities/ TAGs files to build patterns (keyword dic-

© N o

10.
11.
12.

tionary).

Check text length.

Import and apply PhraseMatcher function to keyword dictionary.
Check if the matcher is working.

Build the Corpus with sentences to annotate.

Check the Corpus length.

Build the patterns.

Creating an entity ruler with a blank spaCy model and the patterns.
Saving a JSON file with the training data and visualizing.

Transforming the data in JSON format to DocBin (spaCy format).

4.1.1 Annotated legal text

The processed legal text gives a corpus with a length of 1,416,885 tokens grouped

in 6,593 sentences separated by a line. Then, the exact length of sentences was ob-

tained for the train data in JSON format, which is the main format used. Then, the

resultant train data was transformed into the following formats:

1.

2.

3.

JSONL for spaCy pre-train and DocBin format.
BILUO format, for use in other frameworks like Keras/Tensorflow or AWS.
DocBin format for training.

Those transformations between formats give some flexibility to the whole train-

ing process.
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4.2 Neural model with environmental legal text word

vectors from Gensim

A neural network was trained with Gensim and the word2vec algorithm to ob-
tain the word embeddings that will be used later as word vector weights in the NER
training model. First, Gensim collected 9,298-word types from a corpus of 190,472 raw
words and 11,927 sentences. Then, the model was trained by eight workers on 4,519
vocabulary words, 300 features and 3,809,440 raw words (2,524,663 effective words).
The training time took 6.7 seconds with 374,721 effective words per second processing

speed.

The similarity between pairs of words was checked. For that, six pairs of words

were used all compared with the word “articulo” (see Table 4.1).

Table 4.1: Word pairs similarity checked.

Word 1 Word 2 Similarity
articulo ley 0.71
articulo decreto 0.85
articulo resolucion 0.35
articulo ambiental 0.23
articulo contaminante -0.02

As is shown in the table above, the similarity between pairs articulo - ley and
articulo - decreto have the highest similarity. Conversely, the pair articulo - contam-
inante has the lowest score. This result shows that word2vec algorithm can put to-
gether similar words even with not a high amount of words to process. Nevertheless,
Gensim’s corpus was pre-processing to lowercase all words and removing punctua-
tions and numbers; for that reason, the model does not recognize words that begin

with the capital letter o upper case words.

Moreover, in Table 4.2 the positive relations for the keyword contaminante give

an idea that the model also captures context between words.
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Table 4.2: Positive similarity for the word contaminante where the higher the score more sim-

ilar the word detected by the model. Note: so refers to contaminant Sulfur Monoxide.

Word Positive Similarity
efluente 0.726
elemento 0.724
balance 0.696
pardmetro 0.688
porcentaje 0.683
so 0.672
arsénico 0.672
medir 0.663
cdlculo 0.662
magnitud 0.656

The obtained word vectors were stored in text format and as a binary file. Later,
both files were passed to the spaCy training process. For more details and code review,

see Appendix C.

4.3 NER model in Chilean environmental legal text

4.3.1 Pre-trained model

Following the documentation proposed by spaCy', it was built the
config pretrain.cfg file and modify project.yml files accordingly. = How-
ever, initializing pre-training asks for parameters with not assigned values. To solve
this, the default options that came from the documentation were removed, leaving a

definitive version of the pre-training configuration.

Later, it was checked if the files passed to the pre-training were correct and to
solve those problems, the pre-train data was again processed, the text was cleaned of
"artefacts”, and the binary file was created again in spaCy format. When pre-training,
both files (JSONL and DocBin formats) were passed to spaCy, which did not give er-

rors during the pre-train process. Indeed, it is unclear which of the two files was used

https://spacy.io/usage/embeddings-transformers#static-vectors

64



for the pre-training or if they were both since in the pre-training configuration (see
Appendix D), the path to the files were passed without identifying them.

The pre-training was carried out for 1,000 epochs (five hours app.), starting with
a loss of 3.223 and ending with 0.137 in 999 epochs. The word frequency processed
was in the order of magnitude of 8 x 10° words per second (w/s), processing more
than 150 million words. This last value does not refer to the total number of words in

the pre-training text but rather the total number of processed words.

The obtained pre-trained model was linked via the training file (config.cfg) to
be used for training. It should be noted that the pre-training trains the layer of the
tok2vec component of the model used by spaCy and that, given the training strategy,

all other components, including NER, use it.?

Next box, shown the console output of tok2vec pre-training:

(.env) anibal@solidU:~/gitsources/tesis-estadistica/03-Experimentos/
~Exp-7$ python -m spacy pretrain config_pretrain.cfg ./pretrain
Output directory is not empty.

It is better to use an empty directory or refer to a new output path,
—~then the

new directory will be created for you.

Using CPU
To switch to GPU O, use the option: --gpu-id O
Loading config from: config pretrain.cfg
Saved config file in the output directory
[W Module.cpp:482] Warning: Disabling benchmark mode for MIOpen is NOT,

—supported. Overriding value to True (function operator())

Pre-training tok2vec layer - starting at epoch O

# # Words Total Loss Loss w/s
11557 3.2227 3.2227 8491
23307 4.9939 1.7712 8904
35227 6.3427 1.3488 8749

“Note: Word vectors trained with Gensim were loaded for pre-training.
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999
999
999
999
999

47168

. truncated output

1505690892

150602806
150614771
150626682
150638000

7.5661 1.2234

2587.0077  0.1471
2587.1394  0.1317
25687.2959  0.1565
2587.4475 0.1516
2587.5846  0.1371

Successfully finished pretrain

8706

8530
8821
8851
8545
8382

4.3.2 Trained tok2vec and NER models

From the iterative training, the last model version obtained was 7.0.9. This last

model was trained on 32,442 training and evaluation docs. This implies 1,157,725 total

word(s) in the data (16,814 unique). As was noted before, it was used 4,519 vectors

(4,519 unique keys with 300 dimensions). Of the total words in training data, 524,415

were without vectors (45%). It used 17 labels (TAGs) with a good amount of examples

for all labels, and the data has examples without occurrences available for all labels.

Table 4.3 it shows the general results for the last trained model. It can be noted
that the F1 has a mean value of 94.88%, and the tok2vec is 100.00%, a perfect score.

This means that both scores give high confidence in the model training.

Table 4.3: General results for model evaluation. The table shows the overall mean for tok-
enization score, NER Precision, NER Recall, NER F1 and the Speed for the model version7.0.9.

Score Value
tok2vec  100.00
NERP 95.44
NERR 94.33
NER F1 94.88
Speed 25,270
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Table 4.4 it shows a detail on the metrics per-TAGs for the model version 7.0.9.
The harmonic mean between precision and recall scores is higher with the NUM TAG
(98.38%) that recognises numbers present in the corpus and is lower with the SA TAG
(65.73%) that labels words related to environmental situations. The mean value for

the scores was shown in the Table 4.3.

The significant difference between TAGs should be produced by the number of
examples present in the corpus per TAG. As we can see, the precision is high in all the
TAGs, being, at last, the recall score that influences; notice that the model had more

difficulties in recognising some TAGs over others.

Table 4.4: Results per NER type. The table shows the NER Precision, NER Recall, NER F1 per-
type of TAG for model version 7.0.9.

Scores

TAGs P R F1

LEGEST 96.97 96.97 96.97
NUM 98.14 98.62 98.38
SAMBL 89.50 9391 91.65
CAMB 95.47 9299 94.21
ACCAMB 91.40 93.36 92.37
ILEG 96.88 95.22 96.04
ACC 97.43 95.62 96.51
ADMB 96.61 82.61 89.06
SUJj 94.39 9142 92.88

CUANT 97.17 97.15 97.16
LUGAR 90.79 91.25 91.02

SA 95.92 50.00 65.73
EST 92.67 92.88 92.78
ILAMB 86.83 75.90 81.00
VAMB 94.41 70.31 80.60
PORC 100.00 89.29 94.34

FECHA 91.11 92.09 91.60

Compared with the latest spaCy’s pre-trained large model for Spanish available?,
that have a Precision, Recall and F1 scores 0f 89.76, 89.79 and 89.77, respectively; had a

mean scores of 5.53% lower than the trained model from scratch. This result surpasses

3es_core_news_lg-3.4.0
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the accuracy evaluation of the spaCy’s pre-trained model.

Figure 4.1 shows the training behaviour by epoch of five metrics of NER training
of version 7.0.9 model: General score, F1, Precision, Recall and NER Loss function.
The first four metrics are expressed as a percentage and have a similar behaviour ob-
taining the best result near the 1,000 epoch. As the value of the Loss function is mean-
ingless, this value is always desirable to be as low as possible, but in this case, the best

model does not match the minimum value of the Loss function.

As well, from the iterative process of training models and as a result of the im-
provements done, Figure 4.2 show the resultant metrics per model separated into two
groups by versions: 4 - 5 and 6 - 7 versions. Mainly both groups differ from the TAGs
used during the training because the first group has not grouped the legal structure in
one only TAG, and the second has it. In the first group, version 4.0.3 has a poor re-
sult in all the metrics compared with the precedent and posterior versions (4.0.1 and
5.0.6). The reason is that in the precedent version, the training was done using the
vectors embedding provided by the spaCy pre-training model (version 3.0.0). In the
posterior version, the vector embeddings were trained with Gensim, and the pre-train
procedure was used. That experiment shows the importance of having trained word

vectors for the training process, especially if the model is trained for accuracy.

Similarly, as above, Figures 4.3 and 4.4 shows the F1 score per version model and
by TAGs. It can be noted that the TAGs differ between figures, and the behaviour is not
the same by each TAG in the different models. For example, the TAG NUM has a value
near 1.00, and this is because of the high number of examples given during training.
In contrast, the TAG ILAM or SA hasfew examples. This antecedent drives where to put

the effort to improve the model performance.

The results presented above reveal the nature of Deep Learning models that need
large amounts of examples to improve their performance, not only globally but also
every time a new TAG is added (as was the case in this work), the performance varies.
Those TAGs with few examples are falling behind. The strategy used for training, where
words are chosen and associated with a TAG, gives some flexibility. However, if these
chosen words are not frequently found in the corpus, performance will be low for that
TAG, affecting the global performance. In that way, the trainer needs to add more an-

notated examples to the train data.
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Figure 4.1: Five metrics results from training process by epochs number. A: General score
expressed as percentage; B: F1 expressed as percentage; C: Precision score expressed as per-

centage; D: Recall score expressed as percentage; E: NER loss function score. Vertical lines

point to maximum or minimum value.

69



Recall

Precision 1

F1 Score 1

Recall

Precision

F1 Score 1

tok2vec Loss

NER Loss 1

tok2vec Loss

NER Loss

o4

~J
3

Value

>
v

100

o4

N~
3

50

Value

i
w

—-
I=r

=r

30

o4

25

Value

Loss function scores

Version
0 6.0.1

-
P
o

Version
I 401

=
o
oW

Version
I 6.0.1

-
Py
o

Version
I 401

==
kg

Figure 4.2: Metrics Recall, Precision, F1 score, tok2vec and NER Loss function per model

version. The value is expressed as percentage.

70



. RE Version
(o] ILEG ¥ 401
< ILAMB Y
£ (LAue 403
LA 1506
DTO
DS
DGEN
DEC
DATE
CUANT
CON
cop
CAMB
ART

0.00 025 0.50 0.75 1.00
F1 Score
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Figure 4.4: F1 score per model versions (6 - 7) and by TAGs. The value is expressed as unity.

4.3.3 K-Fold Crossvalidation of models trained with spaCy

To satisfy the validation requirement proposed in the general objective of train-
ing a NER model with the spaCy framework that can annotate Chilean environmental
legal text, a k-Fold crossvalidation with a k = 10. As spaCy has not implemented the
method, it was necessary to implement it as shown in Section 3.3.6. For more details

in the implementation of the method and results please see Appendix E and F.
The results for the k-Fold crossvalidation are presented in Tables 4.5, 4.6 and 4.7.

Table 4.5 shows a summary with the global mean and its standard mean error
(SME) for each score: Precision, Recall and F1. It can be noted that the F1 score has a

global mean of 91.76, which is lower than the results shown for model version 7.0.9.
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That indicates that some folds have much lower results depending on the examples in
the data.

Table 4.5: Global results for a k-10 crossvalidation with an N of 170 observations. The mean

and SEM (Standard Error of the Mean) are expressed as a percentage.

Precision mean Precision SEM Recallmean RecallSEM Flmean F1 SEM
93.075 0.459 90.879 0.718 91.764 0.55

Table 4.6 shows the mean and its standard error (SME) for each score: Precision,
Recall and F1, by fold. It can see that the scores fluctuate between folds relying upon

the number of examples in the data for each TAG.

On the other hand, the k-Fold crossvalidation varies between TAGs that are ac-
tually with what the scores are built. For example, Table 4.7 shows a cross-table with
four statistics, minimum and maximum values, the median with interquartile range
(IQR), the mean with its standard deviation and the number of observations for each
TAG by type of score: Precision, Recall and F1. It can be observed that SA and ILAM TAGs
have a relative low F1 score (see min/max values) compared with the other TAGs. Fur-
thermore, even though the training data was randomized, some folds may keep a few

annotated examples, further affecting these labels.
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Table 4.6: Main results for a k-10 crossvalidation with an N of 17 observations by fold. The

mean and SEM (Standard Error of the Mean) are expressed as a percentage.

Fold Precision mean Precision SEM Recall mean Recall SEM F1 mean F1 SEM

K-1 94.370 0.275 92.793 0.526  93.512 0.385
K-2 92.846 0.415 86.420 0.920  89.135  0.640
K-3 92.860 0.380 91.365 0.667  92.005  0.507
K-4 94.685 0.360 92.223 0.614  93.328  0.452
K-5 92.040 0.411 88.512 0.678  90.140  0.526
K-6 95.619 0.379 94.589 0.426  95.030  0.357
K-7 91.852 0.522 90.864 0.680  91.190  0.556
K-8 91.992 0.614 93.415 0.453 92.546  0.480
K-9 92.795 0.586 90.488 0.838  91.287  0.622
K-10 91.694 0.544 88.124 1.062 89.463 0.803
Mean 93.075 0.449 90.879 0.686  91.764  0.533

Table 4.7: The group of crosstables shows scores with summary statistics of the k-10 Cross-

validation analysis by tags (17 in total). The extreme values, median with its interquartile

range, the mean with its standard deviation and N are presented as units. NA: refers to missing

data.
Score Statistics  ACC ACCAMB ADMB CAMB CUANT
Min / Max 0.93/0.98 0.89/0.97 0.72/0.93 0.89/0.96 0.96/0.99
Precisi Med [IQR] 0.96 [0.95;0.97] 0.94 [0.92;0.95] 0.89 [0.84;0.90] 0.95 [0.93;0.95] 0.98[0.97;0.99]
recision
Mean (std) 0.96 (0.02) 0.94 (0.02) 0.86 (0.07) 0.94 (0.02) 0.98 (0.01)
N (NA) 10 (0) 10 (0) 10 (0) 10 (0) 10 (0)
Min / Max 0.92/0.99 0.88 / 0.95 0.82/0.88 0.85/0.95 0.95/1.00
Recall Med [IQR] 0.98 [0.96;0.98] 0.92[0.91;0.94] 0.85[0.82;0.88] 0.92[0.89;0.93] 0.98 [0.97;0.99]
ecal
Mean (std) 0.97 (0.02) 0.92 (0.02) 0.85 (0.03) 0.91 (0.03) 0.98 (0.02)
N (NA) 10 (0) 10 (0) 10 (0) 10 (0) 10 (0)
Min / Max 0.93/0.98 0.89 / 0.96 0.78 / 0.89 0.90 / 0.96 0.95/0.99
- Med [IQR] 0.96 [0.96;0.97] 0.93[0.92;0.93] 0.86 [0.84;0.88] 0.93 [0.91;0.94] 0.98[0.97;0.99]
Mean (std) 0.96(0.01) 0.93 (0.02) 0.85 (0.04) 0.93 (0.02) 0.98 (0.01)
N (NA) 10 (0) 10 (0) 10 (0) 10 (0) 10 (0)
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Table 4.7: (Continued)

Score Statistics EST FECHA ILAMB ILEG
Min / Max  0.89/0.95 0.88/0.98 0.76 / 0.90 0.93/0.97
Precisi Med [IQR] 0.93[0.92;0.94]  0.94[0.91;0.95] 0.83[0.78;0.87]  0.96 [0.95;0.96]
recision
Mean (std)  0.93 (0.02) 0.93 (0.03) 0.83 (0.05) 0.95 (0.02)
N (NA) 10 (0) 10 (0) 10 (0) 10 (0)
Min /Max  0.90/0.96 0.68 /0.98 0.63/0.83 0.96 / 0.99
Recall Med [IQR] 0.92[0.91;0.94]  0.95[0.90;0.97]  0.71[0.68;0.79]  0.98 [0.96;0.99]
ecal
Mean (std)  0.93 (0.02) 0.92 (0.09) 0.73 (0.07) 0.98 (0.01)
N (NA) 10 (0) 10 (0) 10 (0) 10 (0)
Min / Max  0.90/ 0.95 0.81/0.96 0.69 / 0.86 0.94/0.98
- Med [IQR] 0.93[0.92;0.94]  0.94[0.90;0.95] 0.78[0.73;0.80]  0.97 [0.96;0.97]
Mean (std)  0.93 (0.02) 0.92 (0.05) 0.77 (0.06) 0.96 (0.01)
N (NA) 10 (0) 10 (0) 10 (0) 10 (0)
Table 4.7: (Continued)
Score Statistics LEGEST LUGAR NUM PORC
Min / Max 0.95/1.00 0.90/ 1.00 0.97 /0.99 0.84/1.00
Precisi Med [IQR] 0.98[0.97;0.99]  0.95[0.94;0.99] 0.98[0.97;0.98]  1.00 [0.94;1.00]
recision
Mean (std)  0.98(0.01) 0.96 (0.04) 0.98 (0.01) 0.96 (0.06)
N (NA) 10 (0) 10 (0) 10 (0) 10 (0)
Min / Max 0.96 / 0.99 0.96 / 1.00 0.96 / 0.99 0.69/1.00
Recall Med [IQR] 0.98 [0.97;0.98]  0.98[0.98;0.98]  0.98[0.97;0.98]  1.00 [0.94;1.00]
ec
Mean (std)  0.98 (0.01) 0.98 (0.01) 0.98 (0.01) 0.95 (0.10)
N (NA) 10 (0) 10 (0) 10 (0) 10 (0)
Min / Max  0.96 / 0.99 0.94/0.99 0.96 / 0.99 0.76 / 1.00
- Med [IQR] 0.98[0.97;0.99]  0.96 [0.96;0.99]  0.98[0.97;0.98]  0.97 [0.95;1.00]
Mean (std)  0.98 (0.01) 0.97 (0.02) 0.98 (0.01) 0.95 (0.07)
N (NA) 10 (0) 10 (0) 10 (0) 10 (0)
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Table 4.7: (Continued)

Score Statistics SA SAMBL SuJ VAMB
Min /Max  0.67/0.89 0.86 / 0.96 0.89/0.97 0.84 / 1.00
Precisi Med [IQR] 0.87[0.80;0.88]  0.92[0.92;0.94]  0.94[0.93;0.96]  1.00 [0.93;1.00]
recision
Mean (std)  0.82(0.08) 0.92 (0.03) 0.94 (0.02) 0.96 (0.06)
N (NA) 10 (0) 10 (0) 10 (0) 10 (0)
Min /Max  0.44/0.89 0.91/0.96 0.86 / 0.94 0.56 / 0.89
Recall Med [IQR] 0.78[0.78;0.89]  0.92[0.92;0.93]  0.90 [0.88;0.90]  0.81 [0.78;0.83]
eca
Mean (std) 0.78(0.14) 0.93 (0.02) 0.89 (0.02) 0.78 (0.09)
N (NA) 10 (0) 10 (0) 10 (0) 10 (0)
Min / Max 0.57 /0.89 0.89/0.96 0.89/0.95 0.71/0.91
- Med [IQR] 0.82[0.77;0.82]  0.93[0.92;0.94]  0.91[0.91;0.92]  0.87 [0.85;0.90]
Mean (std)  0.79 (0.09) 0.93 (0.02) 0.92 (0.02) 0.86 (0.06)
N (NA) 10 (0) 10 (0) 10 (0) 10 (0)

It is also interesting to show k-Fold crossvalidation summary statistics for each

score by fold. For example, Table 4.8 shows the total number (n), minimum and max-

imum values (min, max), the median, first and third quartile and the interquartile

range, the median absolute deviation (mad), the mean value with its standard devi-

ation (sd), the standard error (se) and the confidence interval (ci), for each score ob-

tained from the analysis. It can be noted that the second, fifth and tenth folds have

the lowest mean value for the F1 score.

For clarity and to graphically show if it exists some difference between the means

obtained from the k-Fold crossvalidation analysis, was prepared a boxplot with a

Wilcoxon test. That analysis did not show any significant difference between means

(see Appendix D). The results are shown in Figure 4.5, where the Precision, Recall and

F1 scores are presented by fold.
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Table 4.8: Summary statistics for F1, Precision and Recall scores are grouped by fold. The

statistics shown are total number (n), minimum and maximum values (min, max), the median,

first and third quartile and the interquartile range, the median absolute deviation (mad), the

mean value with its standard deviation (sd), the standard error (se) and the confidence interval

(ci). Values are expressed as units.

Fold Scores n min max median ql q3 iqgr mad mean sd se ci
K-1 F1 17 0.836 1.000 0.951 0.915 0.974 0.059 0.040 0.935 0.050 0.012 0.026
K-1 Precision 17 0.865 1.000 0.946 0.933 0.974 0.041 0.041 0.944 0.036 0.009 0.018
K-1 Recall 17 0.778 1.000 0.958 0.897 0.978 0.081 0.040 0.928 0.069 0.017 0.035
K-2 F1 17 0.714 0.989 0.924 0.871 0.945 0.074 0.059 0.891 0.083 0.020 0.043
K-2  Precision 17 0.792 1.000 0.949 0.896 0.956 0.060 0.029 0.928 0.054 0.013 0.028
K-2  Recall 17 0.556 0.978 0.902 0.818 0.947 0.128 0.086 0.864 0.120 0.029 0.062
K-3 F1 17 0.764 1.000 0.926 0.903 0.970 0.067 0.066 0.920 0.066 0.016 0.034
K-3  Precision 17 0.824 1.000 0.939 0.889 0.959 0.070 0.057 0.929 0.050 0.012 0.026
K-3  Recall 17 0.683 1.000 0.925 0.886 0.979 0.093 0.079 0.914 0.087 0.021 0.045
K-4 F1 17 0.803 1.000 0.944 0.907 0.981 0.074 0.055 0.933 0.059 0.014 0.030
K-4 Precision 17 0.850 1.000 0.952 0.921 0.986 0.065 0.050 0.947 0.047 0.011 0.024
K-4 Recall 17 0.761 1.000 0.956 0.882 0.978 0.096 0.049 0.922 0.080 0.019 0.041
K-5 F1 17 0.716 0.972 0.918 0.877 0.959 0.081 0.061 0.901 0.069 0.017 0.035
K-5 Precision 17 0.762 1.000 0.927 0.900 0.965 0.065 0.056 0.920 0.054 0.013 0.028
K-5 Recall 17 0.676 0.973 0.916 0.871 0.956 0.085 0.062 0.885 0.088 0.021 0.045
K-6 F1 17 0.842 1.000 0.961 0.946 0.987 0.042 0.039 0.950 0.047 0.011 0.024
K-6 Precision 17 0.800 1.000 0.966 0.951 0.984 0.033 0.026 0.956 0.049 0.012 0.025
K-6 Recall 17 0.831 1.000 0.962 0.937 0.991 0.053 0.043 0.946 0.056 0.013 0.029
K-7 F1 17 0.750 0.982 0.939 0.895 0.962 0.067 0.053 0.912 0.073 0.018 0.037
K-7  Precision 17 0.718 1.000 0.936 0.893 0.965 0.071 0.063 0.919 0.068 0.017 0.035
K-7 Recall 17 0.667 0.980 0.934 0.897 0.970 0.073 0.056 0.909 0.089 0.021 0.046
K-8 F1 17 0.762 0.992 0.934 0.909 0.970 0.061 0.049 0.925 0.063 0.015 0.032
K-8 Precision 17 0.667 1.000 0.938 0.914 0.964 0.050 0.039 0.920 0.080 0.019 0.041
K-8 Recall 17 0.803 1.000 0.934 0.904 0.984 0.080 0.066 0.934 0.059 0.014 0.030
K9 F1 17 0.693 0.993 0.935 0.892 0.978 0.086 0.064 0.913 0.081 0.020 0.042
K-9 Precision 17 0.727 1.000 0.952 0.918 0.981 0.063 0.046 0.928 0.076 0.019 0.039
K-9 Recall 17 0.627 1.000 0.944 0.889 0.980 0.091 0.059 0.905 0.109 0.026 0.056
K-10 F1 17 0.571 0.975 0.919 0.909 0.957 0.048 0.055 0.895 0.105 0.025 0.054
K-10 Precision 17 0.764 1.000 0.951 0.912 0.959 0.047 0.022 0.917 0.071 0.017 0.036
K-10 Recall 17 0.444 1.000 0.918 0.854 0.970 0.116 0.083 0.881 0.138 0.034 0.071
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Figure 4.5: Boxplot of k-Fold crossvalidation analysis shows the distribution and possible dif-
ference between folds, which is not observed in any scores. Most of the box has outlier points
and the medians are mainly in the range of 0.8 to 1.0, which is a good score for these models.
A. Shows the Precision results by fold. B. Shows the Recall results by fold. C. Show the F1 score

results by fold. Whiskers represent the associated error.
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4.4 Minimum viable product for annotation and ex-
traction of legal entities in the Chilean environ-

mental field

A product to be obtained is a web application that allows visualising a possible
use of the custom-trained model. For the above, Streamlit was used to develop a sim-
ple but functional application that shows how the model can recognise entities, label

them and extract the sentences associated with them.

Thus, a hybrid strategy extracted the sentences associated with the recognised
entities. This is because the trained model does not have the parser component,
which is the one in charge of obtaining the grammatical and syntactic relations be-
tween the words of a sentence. Given that, the long pre-trained model of spaCy from
which the parser component was loaded was used. However, the other components
were left out. Finally, from the custom-trained model, the tok2vec and ner compo-
nents (tokeniser and entity recognition) were loaded, indicating that each one should
receive a copy and listen of the tokeniser with which they had been trained. With that,

a pipeline was built, leaving the following components: tok2vec, ner, and parser.

Figure 4.6 shows a screenshot of the application running locally. The functions
with which the application was provided are:

* The annotate of an environmental legal text where the application brings a text

by default (Figure 4.7), with a box to pass to the web application unknown text.

At the same time, it shows the TAGs that annotate the model (Figure 4.8) and the

pipeline’s structure (Figure 4.9).

* Also, itevaluates the model’s performance with the unknown text; for this, a con-
fusion matrix analysis is performed (Figure 4.10), and a summary table with the
scores obtained is provided (Figure 4.11). It should be noted that these scores
are generally lower than those presented in section 4.3.2. However, there is a
discrepancy between the annotation of the text that is delivered to the applica-
tion and the performance evaluation results. This fact will be discussed in the
discussion chapter.
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e Regarding the extraction of entities with their related sentences (Figure 4.12),

two methods are shown where one is more straightforward than the other,

which deliver different results, in some cases, one being more explanatory than

the other regarding the context in which the tagged entity is found (Figures 4.13

and 4.14).

- app-

Figure 4.6: Web application developed with Streamlit running locally.

Streamlit

E-Legal NER - Environmental Legal
NER Model Visualizer

E-Legal NEI small demo app built with framework an y library, aiming to
deploy a custom-trained NER model that can annotate legal en al chilean documents.
Also, the E-Legal NER extract the surrounding entity text, especially the text that refers legal or

environment:

Text to analyse

add n nmental text to anal

MINISTERIO DEL MEDIO AMBIENTE. Subsecretaria del Medio Ambiente. ANTEPROYECTO DE NORMAS
SECUNDARIAS DE CALIDAD AMBIENTAL PARA LA PROTECCION DE LAS AGUAS CONTINENTALES
SUPERFICIALES DE LA CUENCA DEL RiO ACONCAGUA. (Extracto). Por resolucion exenta N° ,de 28
de abril de 2017, del Ministerio del Medio Ambiente, se aprobo el anteproyecto mencionado y se
ordend someterlo a consulta publica. Objetivo y &mbito de aplicacién. El anteproyecto establece las
normas secund de calidad ambiental para |a proteccion de las aguas conti

de la cuenca del

acuaticos y sus sel

las aguas de la cuenca. El ambito de aplicac

cuenca del rio Aconcagua, ubicada en su totali 6n de Valparaiso. Consulta Piblica.
Dentro del plazo de 60 dias hébiles, contados e la publicacién en el diario o periddico de
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MINISTERIO DEL MEDIO AMBIENTE  EST . GEW Medio Ambiente SAMBL

DE NORMAS SECUNDARIAS DE CALIDAD EWIIIS AR RELULTEY PARA
LA DE LAS grlclSECRRT . Te CONTINENTALES SUPERFICIALES DE LA

[V 3N/ NI TVL.TM DEL RIO ACONCAGUA. ( )- Por

N?352 nNum S (EN 2017 recHA [CE
mencionado y se ordend someterlo a . y ambito de
parala del continental

perficiales de la d m Aconcagua. El
mismas COH-EIEOl preservar VAMB [GES acuatic

sistémicos, a través de la o mejoramiento de la calidad de las
dela . El ambito de aplicacion territorial de las presen
sponde a la del oncagua, ubicada en su
totalidad en la de Valparaiso. Consulta Piablica. Dentro del de
m dias hdbiles cuanT Ml contados cUANT [EeESERE] enel
diario o periédico de circulacién nacional del presente , cualquier persona,
o formular observaciones al de
m Ll norma ILEG EMIELN 3 acompana e los

antecedentes ILEG [ERIEReIEIRAT I N ME I ANl naturaleza SAMBL [RiEeGIlR

,econémica y juridica y presentad través de la plataforma electrénica:

http://epac.mma.gob.cl; o bien, por escrito en el oen las
Secretarias Regionale ales del rrespondientes al domic
del . Eltexto del de m estard
publicado en forma integra en el mencionado siti ico COMo Su

documentacion, toda la cual tambien ncontrara disponible para consulta en las oficinas del

Ministerio del Medic Ambiente.- EST [RIsJg:lXOETE1ER LY EYSTET IR

Medio Ambiente SAMBL |8

Figure 4.7: Presentation of the annotated text passed to the web application. Colours can be

manipulated at will.

80



NER Analysis of the text

The NER analysis has three parts:

* The entity labels recognized in the text presented to the model.
* Avisualization of the given text with coloured tags.

* Atable with the named entities and their position in the text, both absolute and relative.

Named Entities

Entity labels
ACC X ACCAMB X CAMB X CUANT X EST X FECHA X
ILAMB X ILEG X LEGEST X LUGAR X NUM X PORC X

SA X SAMBL X SuJ X VAMB X ADMB X

Figure 4.8: Box showing the labels that the model recognise by default. This TAGs can be

removed from the analysis.

The text above were analyzed with an hybrid pipeline, trained and build with spaCy.

Below, you can see the components of the pipeline currently in use.

Pipeline in use

tok2vec

parser

ner

Figure 4.9: Table showing the pipeline’s components.
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Evaluation of Model Performance

It is relevant to evaluate whether the model recognises and correctly annotates the words. For that, a
B 2
sion matrix method was impler‘n:nted.

Confusion Matrix, for E-Legal NER
0 0 0 0 0O 0O O o0 o

ACCAMB 3 0 0 0 0 0

0
CUANT A 0 1 0 O
0

0 0
0O 0 0 0 o
0 0

EST -
FECHA A

LEGEST A

True label

LUGAR A

Predicted label

Figure 4.10: The confusion matrix provided by the application evaluates the model perfor-
mance. It can be noted that the model suffers some confusion, especially with the TAGs ACC
and CUANT. True and predicted labels match in the matrix diagonal.
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Resume table with the scores over the tested text:

0.8000 8 0.80

0.9231 923 0.9231
0.8000 .8889 0.8421
1.0000 0.7500 0.8571
1.0000 1.0000 1.0000
0.5000 1.0000 0.6667
0.0000 0.0000 0.0000
0.4000 1.0000 0.5714
0.0000 0.0000 0.0000
0.3333 1.0000 0.5000
0.0000 0.0000 0.0000
0.3333 1.0000 0.5000

1.0000 1.0000

Figure 4.11: Table with the model Precision, Recall and F1 scores for unknown text.

Tag Extraction Base Entity

A possible use for the custom-trained model is tag extraction. For that, you can select one of the labels
and pass it to the model to extract the dependencies related to the entity. The application sends back the

following information:

* The fthe model.
¢ The annotated entities by the selected tag with the related text. Note that the two presented methods
differ from the information used for the surrounding text extraction:
The first takes some of the sub s grammatical dependencies related to the entity.

The second sends back a striped entity subtree.

Both methods give an idea of what can be done with the model besi annotating entities.

Figure 4.12: TAGs extraction box, where the user can ask the application which TAG to extract.

83



can download the result to CSV):

el anteproyecto mencionado aprobd sc{

plblica
establece - Elanteproy ablece

, Las obser ones deberan ser acompanadas de los antecedentes en los
deberan
que se sustentan,

Download TAG Extraction 1 as CSV

Figure 4.13: Tabulated data retrieved from the application with the entity, the TAG and the

related sentence for the first method proposed.

Table with the second method to extract related text to the tag can download the result to CSV):

Entity TAG Sente

consulta -
. aconsulta publica
publica

ablece establece

Las observaciones deberan ser acompanadas de los ar edentes en los que se

sustentan , especialmente los de natura ica, social , econdmicay

deberan

retarias Regionales Ministeriales del Medio Ambiente

spondientes al domicilio del interesado .

Download TAG Extraction 2 as CSV

Figure 4.14: Tabulated data retrieved from the application with the entity, the TAG and the

related sentence for the second method proposed.
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Chapter 5

Discussion
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There are two general things to discuss until complete the whole process of work
in a Natural Language Processing project. First, in the book “Human-in-the-loop Ma-
chine Learning” from Monarch (2021), it is proposed that 90% of the machine learning
applications today are powered by supervised machine learning. Thatimplies that hu-
mans spend thousands of hours telling or annotating how to interpret the information
used in training different kinds of models. Construct the necessary training data and
then iterate over the process to fine-tune this data, entailing a human in the epicentre
of any machine learning that is not settled in a self-supervised learning mechanism.
That was the same experience in the first part of this project. Not only is the quan-
tity of the data relevant to training a specific Named Entity Recognition (NER) model,
but it is also how this data is collected, annotated, and labels selected, among several
small decisions that a human has and needs to make. This teaches that humans’ role
in the entire machine learning process should never be underestimated and that each
project requires special human capital training since it will notably influence subse-

quent results through biases introduced in the training data.

The second general thing to discuss relates to this kind of project requiring ad-
vice from experts in the field to achieve, transforming it into a multidisciplinary or
even an interdisciplinary initiative. In the case of this thesis, the author had previ-
ous knowledge in the environmental field, which includes the review of laws, decrees
and norms that are in use in Chile. That knowledge facilitates selecting the words and
phrases that pass to engross the ontology necessary to train a specific custom NER

model.

Specifically, using spaCy in production environments is relatively straightfor-
ward if the pre-trained models provided as Python packages will be used, and it does
not imply any particular difficulties. Nevertheless, for specific requirements in the
NLP field, for example, NER in Spanish and the relatively broad options present in
the spaCy framework will challenge the overall strategy. Moreover, an experience that
arose from work done, any project of this nature needs to be carefully planned and re-
quires the experience of professionals in the field that knows the tools involved. How-
ever, that does not imply that the use of spaCy in production can be a problem but

presents challenges in planning the training to achieve the desired results.

The broad options that spaCy has gives room for constant improvement to the
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NER model. Some of these improvements relate to the fine-tuning of words used in
each label, implying an iteration of the whole training process. In contrast, others are
related to the word embeddings built with Gensim, which always welcome more data,
implying a broad collection of it and so improves the number of words with vectors,

only 45% in training had vectors.

The above opens the option to concatenate in a pipeline software all the training
process, which was not done in this thesis. That will partially automate the process
and delivers improved versions of the custom-trained NER model for use in produc-

tion.

More in-depth from the different model versions obtained during the work, the
overall results are pretty good compared to published results from spaCy (see Ta-
ble 5.1). For example, the F1 score for the large model reports a value of 89.77. In
contrast, version 7.0.9 reported in this thesis has a value for F1 of 94.88 (see section
4.3.2). However, when the custom-trained model processes unknown environmental
legal text, its accuracy evaluations range between 80.0 to 90.0 for the same score. From
the above issue, some overfitting in the training data could exist. Notwithstanding, the

results are still quite good.

In the web application functions, there is a discrepancy between the annotation
of the text that is delivered to the application and the performance evaluation results.

The above can be due to two things:

» The pipeline used in the annotation is not the same as the one used for perfor-

mance evaluation.

e There may be an error in transforming the annotated text to the BILUO for-
mat since, although the entities are recognized, the span and the labelling of
some entities may be lost, generating discrepancies between the two pipelines.
Specifically, the TAG ACC is reported by the confusion matrix with two True an-
notations, but the pipeline for annotation reports three. In addition, looking
at the console output, the entity consulta ptiblica was not labelled in the text
annotation. That fact should be the problem behind the discrepancy between

pipelines.

* The code used for performance evaluation can be reviewed and improved, and

87



split the visualizing function from the spacy_streamlit to obtain the anno-
tated text directly and use that data with the performance evaluation. However,
to date, the text is again annotated for the evaluation, so the contrasted data is

not precisely the same.

Table 5.1: spaCy’s large pre-trained model (version 3.4.0) accuracy evaluation for Spanish lan-
guage. Note, that the evaluation is over all the components in the model pipeline (parameter).

Source: https://github.com/explosion/spacy-models/releases/tag/es_core_news_lg-3.4.0

Parameter Parameter explanaiton Value
TOKEN_ACC Tokenization 100.00
TOKEN_P 99.89
TOKEN_R 99.95
TOKEN_F 99.92
POS_ACC Part-of-speech tags (coarse grained tags, Token.pos)  98.52
MORPH_ACC Morphological analysis 98.23
MORPH_MICRO_P 99.54
MORPH_MICRO_R 99.03
MORPH_MICRO_F 99.29
SENTS_P Sentence segmentation (precision) 97.19
SENTS_R Sentence segmentation (recall) 98.65
SENTS_F Sentence segmentation (F-score) 97.91
DEP_UAS Unlabeled dependencies 91.30
DEP_LAS Labeled dependencies 88.19
TAG_ACC Part-of-speech tags (fine grained tags, Token.tag) 96.15
LEMMA_ACC Lemmatization 96.56
ENTS_P Named entities (precision) 89.76
ENTS_R Named entities (recall) 89.79
ENTS_F Named entities (F-score) 89.77

Training models with spaCy as it was manifested have its difficulties but is a
framework that allows put in production quickly the necessary components for on-
line products that need text processing. The framework also has the flexibility to im-
plement simple to complex under-the-hood workers, with specific custom-trained

models that can work in the same pipeline.
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Chapter 6

Conclussions
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It can be concluded that this thesis work reaches the proposed general and spe-
cific objectives and allows the following few conclusions that answer the suggested

research question of this thesis:

e Firstallowed to afford a natural language processing problem and internalize its

challenges.

e Ithasthe potential to putin value a custom-trained model with a specific frame-
work (spaCy) in a language different from English that can be used in different

applications.

* The accuracy scores of the custom-trained model were in the range expected for

these models.

e It proves that the spaCy framework answer the concerns around its utility for

production use.

e Finally, the resultant tool could be extended for further use in different kinds of

applications.

In addition, it is necessary to point out that the experience gained is not re-
stricted to NLP and can be applied in various fields due to the technology underneath
which NLP lives are in the same line with other fields like, for example, computer vi-

sion problems.
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List of acronyms

* Al Artificial Intelligence

ML: Machine Learning

* NLP: Natural Language Processing

* NN: Neural Networks

* ANN: Artificial Neural Networks

* CNN: Convolutional Neural Networks

* NER: Named Entity Recognition
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Appendices

A Appendix: In-house system information

Client:

Operating System: Ubuntu 20.04.3 LTS x86_64
Kernel Version: 5.13.0-22-generic

Packages: 3595 (dpkg), 44 (flatpak), 24 (snap)
Shell: bash 5.0.17

KDE Plasma Version: 5.18.7

KDE Frameworks Version: 5.68.0

Qt Version: 5.12.8

CPU: AMD Ryzen 5 3550H with Radeon Vega Mobile Gfx (8) @ 2.100GHz
GPU: AMD ATI Picasso

Memory: 29.3 GiB

Server:

0S: Ubuntu 20.04.3 LTS x86_64

Kernel: 5.13.0-27-generic

Packages: 1952 (dpkg), 9 (snap)

Shell: bash 5.0.17

Terminal: /dev/pts/0

CPU: AMD Ryzen Threadripper 1900X (16) @ 3.800GHz
GPU: AMD ATI Radeon Pro WX 5100

Memory: 64.2GiB
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[1]:

B Appendix: Preparing training data
Followed sequence for processing data

The procedure or algorithm used to prepare the data to train a spaCy model to
track the following structure:

1. Import the requisite library

2. Build upon the spaCy Large Model

Load text document and key entities/ TAGs files to build patterns (keyword dic-
tionary).

Check text length

Import and apply PhraseMatcher function to keyword dictionary.
Check if the matcher is working.

Build the Corpus with sentences to annotate.

Check the Corpus length.

Build the patterns.

10. Creating an entity ruler with a blank spaCy model and the patterns.
11. Saving a JSON file with the training data and visualizing.

12. Transforming the data in JSON format to DocBin (spaCy format).

ol

©eN e

Using blank model with patterns

As part of the experimention a second iteration will be performed to prepare the
training data.

The words . csv file was revised and improved, and six new TAGs ACCAMB, NUM,
PLACE, PORC were added. The new TAGs are expected to recognize the different en-
tities after training.

These new training data will be used in the Experiment 7, moving to version
7.0.9 of the model. The training process of this model includes the pre-training and
the use of the weight vectors trained with Gensim.

For training, all available legal text data will be used, which is found in the file
texto_all_ldr.txt. The file with legal text used previously was decrees . txt.

#Import the requisite library
import spacy

import pandas as pd

import json

import random

#Build upon the spaCy Large Model
nlp = spacy.load("es_core_news_lg")
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[2]:

[2]:
[3]:

# the maz length is increased. since it throws an error when processing the,
—entire text for training.
nlp.max_length = 1500000

# File upload with decrees

with open ("./00-Data/texto_all_ldr.txt", "r") as f:
text = f.read()

# File upload with keywords to build patterns

keyword_dict = pd.read_csv("./00-Data/words.csv") # se usa la version
—~actualizada del archivo.

# text length
len(text)

1416885

# The keywords are extracted from the dictionary and added to the matcher
—~together with the label

from spacy.matcher import PhraseMatcher

ACC_words = [nlp(text) for text in keyword_dict['ACC'].dropna(axis = 0)]
ADMB_words = [nlp(text) for text in keyword_dict['ADMB'].dropna(axis = 0)]
CAMB_words = [nlp(text) for text in keyword_dict['CAMB'].dropna(axis = 0)]
CUANT_words = [nlp(text) for text in keyword_dict['CUANT'].dropna(axis = 0)]
ILAMB_words = [nlp(text) for text in keyword_dict['ILAMB'] .dropna(axis = 0)]
ILEG_words = [nlp(text) for text in keyword_dict['ILEG'].dropna(axis = 0)]
SA_words = [nlp(text) for text in keyword_dict['SA'].dropna(axis = 0)]
SAMBL_words = [nlp(text) for text in keyword_dict['SAMBL'].dropna(axis = 0)]
SUJ_words = [nlp(text) for text in keyword_dict['SUJ'].dropna(axis = 0)]
VAMB_words = [nlp(text) for text in keyword_dict['VAMB'].dropna(axis = 0)]
EST_words = [nlp(text) for text in keyword_dict['EST'].dropna(axis = 0)]
LEGEST_words = [nlp(text) for text in keyword_dict['LEGEST'] .dropna(axis = 0)]
## new TAGs

NUM_words = [nlp(text) for text in keyword_dict['NUM'].dropna(axis = 0)]
FECHA_words = [nlp(text) for text in keyword_dict['FECHA'].dropna(axis = 0)]
LUGAR_words [nlp(text) for text in keyword_dict['LUGAR'] .dropna(axis = 0)]
ACCAMB_words = [nlp(text) for text in keyword_dict['ACCAMB'] .dropna(axis = 0)]
PORC_words = [nlp(text) for text in keyword_dict['PORC'].dropna(axis = 0)]
#ORG_words = [nlp(text) for text in keyword_dict['ORG'].dropna(azis = 0)]

matcher = PhraseMatcher(nlp.vocab)
matcher.add('ACC', None, *ACC_words)
matcher.add('ADMB', None, *ADMB_words)
matcher.add('CAMB', None, *CAMB_words)
matcher.add('CUANT', None, *CUANT_words)
matcher.add('ILAMB', None, *ILAMB_words)

100



matcher.add('ILEG', None, *ILEG_words)
matcher.add('SA', None, *SA_words)
matcher.add('SAMBL', None, *SAMBL_words)
matcher.add('SUJ', None, *SUJ_words)
matcher.add('VAMB', None, *VAMB_words)
matcher.add('EST', None, *EST_words)
matcher.add('LEGEST', None, *LEGEST_words)
## new TAGs

matcher.add('NUM', None, *NUM_words)
matcher.add('FECHA', None, *FECHA_ words)
matcher.add('LUGAR', None, *LUGAR_words)
matcher.add('ACCAMB', None, *ACCAMB_words)
matcher.add('PORC', None, *PORC_words)
#matcher.add('ORG', Nome, *ORG_words)

[4] : # The PhraseMatcher result for the TAG ACC ts displayed
ACCAMB_words[0:15]

[4] . [Emisiénm,
Incidente,
Daifio,
Impacto,
Perdida,
Superaciédn,
Cambios,
Presencia,
Conservacién,
Proteccitn,
Alcance,
Compensacién,
Sobrepasadas,
Uso,
Homologacién]

[5]: corpus = []
doc = nlp(text)
for sent in doc.sents:

corpus.append (sent . text)

# longitud del corpus (sentencias)
len(corpus)

[5]: 6593
[6]: print(corpus[0:5])
['LEY NOM.', '19.300\n\nTITULO I\n\nDisposiciones Generales\n\nArticulo 1°.- El

derecho a vivir en un medio ambiente libre de contaminacién, la proteccién del
medio ambiente, la preservacién de la naturaleza y la conservacién del
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patrimonio ambiental se regulardn por las disposiciones de esta ley, sin
perjuicio de lo que otras normas legales establezcan sobre la materia.',
"\n\nArticulo 2°.- Para todos los efectos legales, se entenderad por:\n\na)
Biodiversidad o Diversidad Biolégica: la variabilidad de los organismos vivos,
que forman parte de todos los ecosistemas terrestres y acudticos.', 'Incluye la
diversidad dentro de una misma especie, entre especies y entre ecosistemas;\n\na
bis) Biotecnologia: se entiende toda aplicacidén tecnolégica que utilice sistemas
biolégicos y organismos vivos o sus derivados para la creacidén o modificacién de
productos o procesos para usos especificos;\n\na ter) Cambio Climatico: se
entiende un cambio de clima atribuido directa o indirectamente a la actividad
humana que altera la composicidén de la atmésfera mundial y que se suma a la
variabilidad natural del clima observada durante periodos de tiempo
comparables;\n\nb) Conservacién del Patrimonio Ambiental: el uso y
aprovechamiento racionales o la reparacién, en su caso, de los componentes del
medio ambiente, especialmente aquellos propios del pais que sean unicos, escasos
o representativos, con el objeto de asegurar su permanencia y su capacidad de
regeneracién;\n\nc) Contaminacién: la presencia en el ambiente de sustancias,
elementos, energia o combinacidén de ellos, en concentraciones o concentraciones
y permanencia superiores o inferiores, segin corresponda, a las establecidas en
la legislacién vigente;\n\nd) Contaminante: todo elemento, compuesto, sustancia,
derivado quimico o bioldégico, energia, radiacibén, vibracién, ruido, luminosidad
artificial o una combinacidén de ellos, cuya presencia en el ambiente, en ciertos
niveles, concentraciones o periodos de tiempo, pueda constituir un riesgo a la
salud de las personas, a la calidad de vida de la poblacién, a la preservacién
de la naturaleza o a la conservacidén del patrimonio ambiental;\n\ne) Dafio
Ambiental: toda pérdida, disminucién, detrimento o menoscabo significativo
inferido al medio ambiente o a uno o mas de sus componentes;\n\nf) Declaracién
de Impacto Ambiental: el documento descriptivo de una actividad o proyecto que
se pretende realizar, o de las modificaciones que se le introduciran, otorgado
bajo juramento por el respectivo titular, cuyo contenido permite al organismo
competente evaluar si su impacto ambiental se ajusta a las normas ambientales
vigentes;\n\ng) Desarrollo Sustentable: el proceso de mejoramiento sostenido y
equitativo de la calidad de vida de las personas, fundado en medidas apropiadas
de conservacidén y proteccidén del medio ambiente, de manera de no comprometer las
expectativas de las generaciones futuras;\n\nh) Educacién Ambiental: proceso
permanente de cardcter interdisciplinario, destinado a la formacién de una
ciudadania que reconozca valores, aclare conceptos y desarrolle las habilidades
y las actitudes necesarias para una convivencia arménica entre seres humanos, su
cultura y su medio bio-fisico circundante;\n\nh bis) Efecto Sinérgico: aquel que
se produce cuando el efecto conjunto de la presencia simulténea de varios
agentes supone una incidencia ambiental mayor que el efecto suma de las
incidencias individuales contempladas aisladamente;\n\ni) Estudio de Impacto
Ambiental: el documento que describe pormenorizadamente las caracteristicas de
un proyecto o actividad que se pretenda llevar a cabo o su modificacidémn.', 'Debe
proporcionar antecedentes fundados para la prediccién, identificacién e
interpretacién de su impacto ambiental y describir la o las acciones que
ejecutard para impedir o minimizar sus efectos significativamente adversos;\n\ni
bis).']
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[7]:

[8]:

[]1:

# applying the matcher to the text by sentence and obtaining the patterns
# example of how to build the pattern

#patterns = [
# {"label": "ACC", "pattern": "ESTABLECE"}

# ]

patterns = []
matches = matcher(doc)
for match_id, start, end in matches:
rule_id = nlp.vocab.strings[match_id] # acquiring the unique ID, i.e.
— 'LEGEST'
span = doc[start : end] # acquiring the range of the match in the document
patterns.append({"label":rule_id, "pattern":span.text}) # adding by id and
—span

#keywords = "\n". join(f'{i[0]J} {<[1]} ({j})' for i,7 in Counter(d).items())
print (patterns[0:10])

[{'label': 'LEGEST', 'pattern': 'LEY'}, {'label': 'NUM', 'pattern': 'NOM. '},
{'label': 'NUM', 'pattern': 'NUM. 19.300'}, {'label': 'LEGEST', 'pattern’:
'"TITULO'}, {'label': 'NUM', 'pattern': 'I'}, {'label': 'LEGEST', 'pattern':
'Disposiciones Generales'}, {'label': 'LEGEST', 'pattern': 'Articulo'},
{'label': 'NUM', 'pattern': '1'}, {'label': 'NUM', 'pattern': '1°'}, {'label':
'LEGEST', 'pattern': 'derecho'}]

from spacy import displacy
# The rules are added and applied to the base model.
# function to save training data to json
def save_data(file, data):
with open (file, "w", encoding = "utf-8") as f:
json.dump(data, f, indent = 4)
# function without encoding
def save_data2(file, data):
with open (file, "w", encoding = "utf-8") as f:
json.dump(data, f, ensure_ascii = False, indent = 4)
# Building on the blank spaCy model

nlp = spacy.blank("es")

#Creating an Entity Ruler
ruler = nlp.add_pipe("entity_ruler")

# Adding patterns as rules
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[10]:

[11]:

ruler.add_patterns(patterns)

# creating the training database
TRAIN_DATA = []

# iterating over the corpus again

for

sentence in corpus:

doc = nlp(sentence)

displacy.render(doc, jupyter=True, style='ent')

#rremember, that the entities need to be a dictionary of index 1 of they

—~1ist, so it needs to be an empty list

entities = []

# extracting entities

for ent in doc.ents:

# adding the entities in the correct format for training data
entities.append([ent.start_char, ent.end_char, ent.label_])
TRAIN_DATA.append([sentence, {"entities": entities}])

# It is saved in json format for later use or to load in other environments.
save_data("./01-Training-Data/TRAIN_DATA_A11-220312. json", TRAIN_DATA)

save_data2("./01-Training-Data/TRAIN_DATA_A11-220312-No-utf8.json", TRAIN_DATA)
#print (TRAIN_DATA)

print (len(TRAIN_DATA))

6593

# transforming the data in json format to DocBin (spaCy format)

import pandas as pd
from tqdm import taqdm
from spacy.tokens import DocBin

def

load_data(file):

with open(file, "r", encoding="utf-8") as f:
data = json.load(f)

return(data)

# the created json ©s loaded
TRAIN_DATA = load_data('./01-Training-Data/TRAIN_DATA_A11-220312.json')

nlp

db =

for

= spacy.blank("es") # A new spaCy model is loaded
DocBin() # a DocBin object is created

text, annotations in TRAIN_DATA: # training data in the above format
doc = nlp(text) # a doc object is created from the text
ents = []

for start, end, label in annotations["entities"]: # adding character indices
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[]:

[31]:

span = doc.char_span(start, end, label=label)
ents. append (span)
doc.ents = ents # the text is tagged with the entities
db.add(doc)

db.to_disk("./01-Training-Data/train.spacy") # saving the DocBin object to disk

db = DocBin()
for text, annotations in training_data:
doc = nlp(text)
ents = []
for start, end, label in annotations:
span = doc.char_span(start, end, label=label)
ents.append (span)
doc.ents = ents
db.add(doc)
db.to_disk("./train.spacy")

# SpaCy Usage Example offsets_to_biluo_tags to transform from json format to.,
—~I0B, to then pass to pandas.

import spacy
from spacy.training import offsets_to_biluo_tags, biluo_tags_to_spans, Example
from spacy import util

TRAIN DATA = [
(";Quién es Pedro Pedreros?", {"entities": [(10, 24, "PERSON")]}),
("Me gusta Santiago y Puerto Montt", {"entities": [(9, 17, "LOC"), (20, 32,
~"LOC"MI1},
]

print (TRAIN_DATA)

nlp = spacy.load("es_core_news_lg")
docs = []
for text, annot in TRAIN_DATA:
doc = nlp(text)
token = doc
ent = offsets_to_biluo_tags(token, annot["entities"])
docs.append((text,{"entities": (ent)}))

#biluo_tags_to_spans(docs, tags)
print (docs)

bidata = []
for sent, tag in docs:
doc = nlp (sent)
for text in doc:
token = text.text bidata.append (token)
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[]:

print (bidata)

tags = []

for sent, ent in docs:
ls = list(ent["entities"])
tags.append(1ls)

print (tags)

#df = pd.DataFrame (bidata, tags, columns = ['coll’,

#print (df)
ent = []
for sent, tag in docs:
#text = sent.split()
ent .append(tag["entities"])

print (bidata, ent)

biluo_data = []

for text, annot in docs:
doc = nlp(text)
gold = Example.from_dict(doc, annot)
biluo_data.append(gold)

#print (biluo_data)

'col2'])

#df = pd.DataFrame. from_dict (biluo_data, orient="columns")

#df

[(';Quién es Pedro Pedreros?', {'entities': [(10, 24, 'PERSON')]}), ('Me gusta
Santiago y Puerto Montt', {'entities': [(9, 17, 'LOC'),

(20, 32,

[(';Quién es Pedro Pedreros?', {'entities': ['0O', 'O', 'O', 'B-PERSON',
'L-PERSON', '0']}), ('Me gusta Santiago y Puerto Montt', {'entities': ['0', 'O',

'u-Loc', 'o', 'B-LOC', 'L-LOC']1}H)]

[',', 'Quién', 'es', 'Pedro', 'Pedreros', '?7', 'Me',
'Puerto', 'Montt']

(cro', 'o', 'o', 'B-PERSON', 'L-PERSON', '0'], ['O',
'L-L0C']]

[',', 'Quién', 'es', 'Pedro', 'Pedreros', '?', 'Me',

'v-Loc', '0o', 'B-LOC', 'L-LOC']]

# Transforming training data in json to BILUO for use in Keras

import json

import pandas as pd

from pandas import json_normalize
import spacy

IDI’

'gusta’,

'gusta’,
'Puerto', 'Montt'] [['O', 'O', 'O', 'B-PERSON', 'L-PERSON',

'U-L0OC',

IDI’

'Santiago’,
IOI]’

(o',

'LOC')1M)]

'Santiago', '

'B-L0OC',

IDI’

from spacy.training import offsets_to_biluo_tags, biluo_tags_to_spans, Example
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[34]:

# function to save and load training data from json to BILUO
# function without encoding
def save_data2(file, data):
with open (file, "w", encoding = "utf-8") as f:
json.dump(data, f, ensure_ascii = False, indent = 4)

def load_data(file):
with open(file, "r", encoding="utf-8") as f:
data = json.load(f)
return(data)

# the created json ts loaded
TRAIN_DATA = load_data('./01-Training-Data/TRAIN_DATA_A11-220312.json')

nlp = spacy.load("es_core_news_lg")
docs = []
for text, annot in TRAIN_DATA:
doc = nlp(text)
#spacy.training.offsets_to_biluo_tags(nlp.make_doc(text), annot["entities"])
ent = offsets_to_biluo_tags(doc, annot["entities"])
docs.append ((text,{"entities": (ent)}))

#biluo_tags_to_spans(docs, tags)
#print (docs)

bidata = []
for sent, tag in docs:
doc = nlp (sent)
for text in doc:
token = text.text bidata.append (token)
#print (bidata)

tags = []

for sent, ent in docs:
1ls = list(ent["entities"])
tags.append(1ls)

#print (tags)

#df = pd.DataFrame (bidata, tags, columns = ['coll', 'col2'])
#print (df)

ent = []
for sent, tag in docs:
#text = sent.split()
ent .append(tag["entities"])

#print (bidata, ent)

#biluo_data = []
#for text, anmnot in docs:
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# doc = nlp(tezt)
# gold = Ezample. from_dict(doc, annot)
# biluo_data.append(gold)

# dictionary of lists

databi = {'text': bidata, 'tag': ent}

#df = pd.DataFrame(databi)

#df.to_csv(”./01—Training—Data/train—BILUU.csv", header=False, index=False)
#biluo_data[0:2]

# guardando en disco
save_data2("./01-Training-Data/train-BILUO. json", databi)
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C Appendix: Generating word-vectors with Gensim/-
Word2vec

Using the examples from the Gensim tutorial, we want to train a model using
word2vec to later be integrated into the spaCy pipeline.

Preparing the environment

[2] : import logging
logging.basicConfig(format="'%(asctime)s : % (levelname)s : % (message)s',y
~level=logging.INFO)

Loading libraries and data

The first model trained with Gensim only includes decrees. Given the poor results
as in the training in spaCy, it was considered to incorporate all the legal text compiled
to date, which incorporates laws, decrees and resolutions linked to the environmental
legal field.

[11]: from gensim.test.utils import datapath
from gensim import utils

class MyCorpus:

"tiAn iterator that produces sentences (lists of str)."""

def __iter__(self):
corpus_path = '0OO-Data/texto_all_ldr.txt' # a tzt with laws, decrees
—~and resolutions linked to the environmental legal field <s loaded
for line in open(corpus_path):
# assume there ©s one document per line, tokens separated by
—~whitespace
yield utils.simple_preprocess(line)

The model is trained using the text

The model is trained with an N of 300 dimensions of the N-dimensional space
(default = 100), and in addition, all those words that have less than 10 repetitions in
the text are removed (default = 5).

[35]: import gensim.models
sentences = MyCorpus ()

model = gensim.models.Word2Vec(sentences=sentences, min_count=3,,
—~vector_size=300, workers=8, seed=79, epochs=20)
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2022-01-14 23:49:20,482 : INFO : collecting all words and their counts
2022-01-14 23:49:20,484 : INFO : PROGRESS: at sentence #0, processed 0 words,
keeping 0 word types

2022-01-14 23:49:20,676 : INFO : PROGRESS: at sentence #10000, processed 164387
words, keeping 8589 word types

2022-01-14 23:49:20,707 : INFO : collected 9298 word types from a corpus of
190472 raw words and 11927 sentences

2022-01-14 23:49:20,708 : INFO : Creating a fresh vocabulary

2022-01-14 23:49:20,721 : INFO : Word2Vec lifecycle event {'msg':
'effective_min_count=3 retains 4519 unique words (48.6018498601849847% of
original 9298, drops 4779)', 'datetime': '2022-01-14T23:49:20.721086', 'gensim':
'4.1.2', 'python': '3.8.10 (default, Nov 26 2021, 20:14:08) \n[GCC 9.3.0]',
'platform': 'Linux-5.11.0-46-generic-x86_64-with-glibc2.29', 'event':
'prepare_vocab'}

2022-01-14 23:49:20,721 : INFO : Word2Vec lifecycle event {'msg':
'effective_min_count=3 leaves 184245 word corpus (96.73075307656768%) of
original 190472, drops 6227)', 'datetime': '2022-01-14T23:49:20.721647"',
'gensim': '4.1.2', 'python': '3.8.10 (default, Nov 26 2021, 20:14:08) \n[GCC
9.3.0]', 'platform': 'Linux-5.11.0-46-generic-x86_64-with-glibc2.29', 'event':
'prepare_vocab'}

2022-01-14 23:49:20,743 : INFO : deleting the raw counts dictionary of 9298
items

2022-01-14 23:49:20,744 : INFO : sample=0.001 downsamples 33 most-common words
2022-01-14 23:49:20,744 : INFO : Word2Vec lifecycle event {'msg': 'downsampling
leaves estimated 126195.21034856439 word corpus (68.5%) of prior 184245)',
'datetime': '2022-01-14T23:49:20.744497', 'gensim': '4.1.2', 'python': '3.8.10
(default, Nov 26 2021, 20:14:08) \n[GCC 9.3.0]', 'platform':
'Linux-5.11.0-46-generic-x86_64-with-glibc2.29', 'event': 'prepare_vocab'}
2022-01-14 23:49:20,781 : INFO : estimated required memory for 4519 words and
300 dimensions: 13105100 bytes

2022-01-14 23:49:20,782 : INFO : resetting layer weights

2022-01-14 23:49:20,787 : INFO : Word2Vec lifecycle event {'update': False,
'trim_rule': 'None', 'datetime': '2022-01-14T23:49:20.787556', 'gensim':
'4.1.2', 'python': '3.8.10 (default, Nov 26 2021, 20:14:08) \n[GCC 9.3.0]',
'platform': 'Linux-5.11.0-46-generic-x86_64-with-glibc2.29', 'event':
'build_vocab'}

2022-01-14 23:49:20,788 : INFO : Word2Vec lifecycle event {'msg': 'training
model with 8 workers on 4519 vocabulary and 300 features, using sg=0 hs=0
sample=0.001 negative=5 window=5 shrink_windows=True', 'datetime':
'2022-01-14T23:49:20.788258"', 'gensim': '4.1.2', 'python': '3.8.10 (default, Nov
26 2021, 20:14:08) \n[GCC 9.3.0]', 'platform':
'Linux-5.11.0-46-generic-x86_64-with-glibc2.29', 'event': 'train'}

2022-01-14 23:49:21,096 : INFO : worker thread finished; awaiting finish of 7
more threads

2022-01-14 23:49:21,104 : INFO : worker thread finished; awaiting finish of 6
more threads

2022-01-14 23:49:21,112 : INFO : worker thread finished; awaiting finish of 5
more threads

2022-01-14 23:49:21,113 : INFO : worker thread finished; awaiting finish of 4
more threads
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2022-01-14 23:49:21,114 : INFO : worker thread finished; awaiting finish of
more threads

2022-01-14 23:49:21,115 : INFO : worker thread finished; awaiting finish of
more threads

2022-01-14 23:49:21,116 : INFO : worker thread finished; awaiting finish of
more threads

2022-01-14 23:49:21,117 : INFO : worker thread finished; awaiting finish of
more threads

2022-01-14 23:49:21,118 : INFO : EPOCH - 1 : training on 190472 raw words
(126260 effective words) took 0.3s, 385135 effective words/s

2022-01-14 23:49:21,508 : INFO : worker thread finished; awaiting finish of
more threads

2022-01-14 23:49:21,512 : INFO : worker thread finished; awaiting finish of
more threads

2022-01-14 23:49:21,520 : INFO : worker thread finished; awaiting finish of
more threads

2022-01-14 23:49:21,521 : INFO : worker thread finished; awaiting finish of
more threads

2022-01-14 23:49:21,527 : INFO : worker thread finished; awaiting finish of
more threads

2022-01-14 23:49:21,531 : INFO : worker thread finished; awaiting finish of
more threads

2022-01-14 23:49:21,532 : INFO : worker thread finished; awaiting finish of
more threads

2022-01-14 23:49:21,5633 : INFO : worker thread finished; awaiting finish of
more threads

. .OUTPUT TRUNCATED. ..

2022-01-14 23:49:27,203 : INFO : EPOCH - 19 : training on 190472 raw words

(126370 effective words) took 0.4s, 322846 effective words/s

2022-01-14 23:49:27,504 : INFO : worker thread finished; awaiting finish of
more threads

2022-01-14 23:49:27,508 : INFO : worker thread finished; awaiting finish of
more threads

2022-01-14 23:49:27,509 : INFO : worker thread finished; awaiting finish of
more threads

2022-01-14 23:49:27,510 : INFO : worker thread finished; awaiting finish of
more threads

2022-01-14 23:49:27,515 : INFO : worker thread finished; awaiting finish of
more threads

2022-01-14 23:49:27,518 : INFO : worker thread finished; awaiting finish of
more threads

2022-01-14 23:49:27,522 : INFO : worker thread finished; awaiting finish of
more threads

2022-01-14 23:49:27,525 : INFO : worker thread finished; awaiting finish of
more threads

2022-01-14 23:49:27,525 : INFO : EPOCH - 20 : training on 190472 raw words

(126244 effective words) took 0.3s, 394800 effective words/s

2022-01-14 23:49:27,526 : INFO : Word2Vec lifecycle event {'msg': 'training

on
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[13]:

[13]:

[36] :

3809440 raw words (2524663 effective words) took 6.7s, 374721 effective

words/s', 'datetime': '2022-01-14T23:49:27.526146', 'gensim': '4.1.2', 'python':
'3.8.10 (default, Nov 26 2021, 20:14:08) \n[GCC 9.3.0]', 'platform':
'Linux-5.11.0-46-generic-x86_64-with-glibc2.29', 'event': 'train'}

2022-01-14 23:49:27,526 :

INFO :

Word2Vec lifecycle event {'params':

'Word2Vec (vocab=4519, vector_size=300, alpha=0.025)', 'datetime':

'2022-01-14T23:49:27.526669"',
26 2021, 20:14:08) \n[GCC 9.3.0]"',
'Linux-5.11.0-46-generic-x86_64-with-glibc2.29',

'gensim':

'4.1.2',
'platform':

'event':

'python':

'3.8.10 (default, Nov

'created'}

Obtaining the vector corresponding to a word that is common to the model:

vec_art = model.wv['articulo']

vec_art

array([-7

...0UTPUT

9.
-2.
4.

.56538093e-01, -2.
.24331617e-01, 2
.59174299e-01, 3.
.32274926e+00, -1
.46313506e-01, -5

.64845979e-01,
.36163855e+00, 2

TRUNCATED. . .

51317620e-01,

dtype=float32)

72442329e-01, 4.
.50453109e-01,
09335583e-01, 1.

67952919e-01,

.30615929e-01,

23003709e-01,

.13901830e+00,
.02166927e-01,
.20573062e-01,
.03398004e-01,
.52051762e-01, 4.

22827750e-01,

37452830e-02,

92796454e-01,

.12408364e-01,
.64467657e-01,
.58398867e-01,
.93764362e-02,
.97940308e-01,
.12516356e-01,
.06929857e-01,
.44364297e-01,

.71309578e-01,
.13374543e-01,
.79026085e-01,

Reviewing vocabulary present in the model:

for

11:

break

print (f"word #{index}/{len(model.wv.index_to_key)} is

word
word
word
word
word
word
word
word
word
word
word

#0/4519
#1/4519
#2/4519
#3/4519
#4/4519
#5/4519
#6/4519
#7/4519
#8/4519
#9/4519
#10/4519 is articulo

de
la
el
en
del
que
los
las
se
para

is
is
is
is
is
is
is
is
is
is

index, word in enumerate(model.wv.index_to_key) :
if index ==

.06433737e-02,
.50750446e-01,
.31568478e-01,
.54746992e-02,
.66866854e-01,
.57046854e-01,
.56452432e-01,
.90315795e-01,

.40619123e+00,

.03986561e+00,
.84970355e-01],

{wordl}")

Checking the similarity between pairs of words with the trained model, it can
be seen that an article looks more like a decree than a law, and not at all with
pollutant:
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[37]: pairs = [

('articulo', 'ley'),

('articulo', 'decreto'),
('articulo', 'resolucién'),
('articulo', 'ambiental'),
('articulo', 'contaminante'),

]

for wi, w2 in pairs:
print (' %r\tr\t}.2f"' 7/ (wl, w2, model.wv.similarity(wl, w2)))

'articulo’ 'ley! 0.43

'articulo' 'decreto’ 0.45
'articulo' 'resolucién'’ 0.23
'articulo' 'ambiental’ 0.27
'articulo' 'contaminante' 0.10

[38] : model.wv.most_similar(positive=['contaminante'])

[38]: [(*efluente', 0.7263919115066528),
('elemento', 0.7239376306533813),
('balance', 0.6955969333648682),
('parédmetro', 0.6875048279762268),
('porcentaje', 0.682728111743927),
('so', 0.6723634004592896) ,
('arsénico', 0.6719986200332642),
('medir', 0.6626269817352295),
('calculo', 0.6621272563934326),
('magnitud', 0.6558148264884949)]

[39] : model.wv.most_similar(positive=['vida'])

[39]: [('biodiversidad', 0.764335572719574),
('poblacién', 0.7608422040939331),
('astronémica', 0.756157398223877),
('tutelar', 0.7206318974494934),
('contraparte', 0.7189157605171204),
('cielo', 0.7182424664497375),
('integridad', 0.7174928784370422),
('humana', 0.7090886235237122),
('riesgo', 0.7060478925704956),
('conservacién', 0.694452166557312)]

[50] : model.wv.most_similar(positive=['articulo'])

[50]: [('inciso', 0.733634889125824),
('letra', 0.7036660313606262),
('cbédigo', 0.6807164549827576),
('articulos', 0.6473606824874878),
('parrafo', 0.642257809638977),
('art', 0.6310014128684998),
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[54] :

[54] :

[52]:

[43]:

('letras', 0.6270051002502441),
('sefialadas', 0.6098313927650452),
('bis', 0.6054291725158691),
('sefialados', 0.5988930463790894)]

model .wv.most_similar(positive=['regira'])

[('regiran', 0.755047082901001),
('entendera', 0.679348349571228),
('refieren', 0.6486899256706238),
('exceptian', 0.6401525735855103),
('aplicara', 0.6281970143318176),
('sancionara', 0.6183983087539673),
('aplicaran', 0.6077778935432434),
('refiere', 0.5966508984565735),
('indicaran', 0.5957207083702087),
('diligencia', 0.5951999425888062)]

Saving the model to disk

from gensim.test.utils import common_texts, get_tmpfile
from gensim.models import Word2Vec

model . save ("02-Gensim-models/gensim-model-002.model.bin")

#model = Word2Vec(common_texts, size=100, window=5, min_count=1, workers=4)
model .wv.save_word2vec_format ("02-Gensim-models/gensim-model-002.txt")

2022-01-15 09:06:47,190 : INFO : Word2Vec lifecycle event {'fname_or_handle':
'02-Gensim-models/gensim-model-002.model.bin', 'separately': 'None',
'sep_limit': 10485760, 'ignore': frozenset(), 'datetime':
'2022-01-15T09:06:47.190026"', 'gensim': '4.1.2', 'python': '3.8.10 (default, Nov
26 2021, 20:14:08) \n[GCC 9.3.0]', 'platform':
'Linux-5.11.0-46-generic-x86_64-with-glibc2.29', 'event': 'saving'}
2022-01-15 09:06:47,191 : INFO : not storing attribute cum_table

2022-01-15 09:06:47,204 : INFO : saved 02-Gensim-models/gensim-
model-002.model.bin

2022-01-15 09:06:47,207 : INFO : storing 4519x300 projection weights into
02-Gensim-models/gensim-model-002.txt

lgzip ./02-Gensim-models/gensim-model-002.txt

Loading the model into spaCy for common use

spaCy loaded a total of 4,519 vectors contained in the word2vec model. Com-
pared to the 300,000 vectors contained in the long spaCy model, much more envi-
ronmental legislation would be required to reach a comparable value. This may be
insufficient to be able to generate a change in the training of the model.
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[44] :

[45] :
[46] :

[47]:

[48]:

Ipython -m spacy init vectors es ./02-Gensim-models/gensim-model-002.txt.gz
—~--name model002.model ./gensim_models

1 1

Creating blank nlp object for language 'es
[2022-01-14 23:53:11,082] [INFO] Reading vectors from 02-Gensim-models/gensim-
model-002.txt.gz
4519it [00:00, 14792.23it/s]

[2022-01-14 23:53:11,390] [INFO] Loaded vectors from 02-Gensim-models/gensim-
model-002.txt.gz

Successfully converted 4519 vectors

Saved nlp object with vectors to output directory. You can now use

the path to it in your config as the 'vectors' setting in [initialize].
/home/anibal/gitsources/tesis-estadistica/03-Experimentos/Ejem-1/gensim_models

import spacy
gensim_model = spacy.load("./gensim_models")

tokens = gensim_model("Articulo 21.- Aqui hay una sentencia. El proyecto deberd,
—ser presentado a la Subsecretaria antes del plazo de 10 dias habiles. Por loj
—~demés, se deberad mitigar el efecto de las emisiones al medio ambiente de|
—acuerdo a lo sefialado en el articulo 3 de la Norma de Emisiones de 2012. Que
—~los niveles y periodo de exposicidén a los contaminantes serén regulados pory,
—~la normativa vigente. Para cada medicidén realizada, se elegird el promedio
—~de los valores medidos. Articulo 3.- La presente norma serd de aplicacidn
—nacional.")

You can see that the word2vec model was trained on only lowercase words, so it
doesn’t know the word ‘Articulo’. Also, numbers and some stopwords were removed.
This was done automatically when loading the text.

for token in tokens:
print (token.text, token.has_vector, token.vector_norm, token.is_oov)

Articulo False 0.0 True

21.- False 0.0 True

Aqui False 0.0 True

hay True 1.3766278 False

una True 11.793155 False
sentencia True 4.3536572 False
. False 0.0 True

El False 0.0 True

proyecto True 13.025288 False
debera True 16.490122 False
ser True 11.243809 False
presentado True 0.99033886 False
a False 0.0 True

la True 8.280686 False
Subsecretaria False 0.0 True
antes True 5.015717 False
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del True 9.070202 False
.. .0UTPUT TRUNCATED.
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D Appendix: Training the model with spaCy

This appendix shows the configuration files used to train the NER model and
shows the runtime obtained from a Jupyter notebook.

title: "NER legal pipeline (Named Entity Recognition)"

description: "Experimento 7 para entrenar un modelo NER con spaCy que reconozcaj

—estructuras y terminos legales en base a Decretos. Se prepard un diccionarioj
—~de terminos y se anotdé una base de datos de entrenamiento con spaCy

— (TRAIN_DATA_Dec.json, ver Data ejemplos)."
# Se mantienen las notas de cada apartado.

# Version 0.0.5
# TRAIN_DATA_A11-220312.json

# Se puede hacer referencia a las variables en project.yml usando $vars.var_name
vars:

name: '"ner_exp_T7"

lang: "es"

train: "train.json"

dev: "dev.json"

version: "0.0.9" # se modifica acorde

# Configura tu ID de GPU, -1 es CPU

gpu_id: -1

# Modelo de vectores para entrenamiento con vectores

vectors_model: "es_core_news_lg"

# Estos son los directorios que necesita el proyecto. La CLI del proyecto se
—asegurard de que

# siempre existan.

directories: ["assets", "corpus", "configs", "training", "scripts", "packages"]

# Activos que deben descargarse o estar disponibles en el directorio. Los|
—enviaremos con el
# proyecto para que no sea necesario descargarlos.
assets:
- dest: "assets/train. json"
description: "Training data converted from the v2 “train_ner.py  example
—~with “srsly.write_json(train.json, TRAIN_DATA) "
- dest: "assets/dev.json"
description: "Development data"

#Los flujos de trabajo son secuencias de comandos (ver mads abajo) que se|
—~ejecutan en orden. Puede
# ejecutarlos a través de "ejecucidn de proyecto espacial [workflow]". Si las|
—entradas /
# salidas de un comando no han cambiado, no se volverd a ejecutar.
workflows:
all:
- convert
- create-config
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- train
# - train-with-vectors
- evaluate

# Comandos de proyecto, especificados en un estilo similar a los archivos de
—~configuracién de CI
# (por ejemplo, Azure Pipelines). El nombre es el nombre del comando que le|,
—permite activar el
# comando a través de "proyecto espacial ejecutar [comando] [rutal". El mensaje,
—~de ayuda es
# opcional y se muestra al ejecutar "spacy project run [comando opcional] [rutal, |
—~—=help".
commands:
- name: "download"
help: "Download a spaCy model with pretrained vectors"
script:
- "python -m spacy download $vars.vectors_model"

- name: "convert"
help: "Convert the data to spaCy's binary format"
script:
- "python scripts/convert.py $vars.lang assets/$vars.train corpus/train.
—spacy"
- "python scripts/convert.py $vars.lang assets/$vars.dev corpus/dev.spacy"
deps:
- "assets/$vars.train"
- "assets/$vars.dev"
- "scripts/convert.py"
outputs:
- "corpus/train.spacy"
- "corpus/dev.spacy"

- name: "create-config"
help: "Create a new config with an NER pipeline component"
script:

- "python -m spacy init config --lang $vars.lang --pipeline ner configs/
—~config.cfg —-—force"

outputs:
- "configs/config.cfg"
- name: "train"
help: "Train the NER model"
script:

- "python -m spacy train configs/config.cfg --output training/ --paths.
—train corpus/train.spacy --paths.dev corpus/dev.spacy --training.
—eval_frequency 10 --training.patience 50 --gpu-id $vars.gpu_id"

deps:

- "configs/config.cfg"

- "corpus/train.spacy"

- "corpus/dev.spacy"

outputs:
- "training/model-best"
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- name: "train-with-vectors"
help: "Train the NER model with vectors"
script:

- "python -m spacy train configs/config.cfg --output training/ --paths.
—train corpus/train.spacy --paths.dev corpus/dev.spacy --training.
—eval_frequency 10 --training.patience 50 --gpu-id $vars.gpu_id --initialize.
—~vectors $vars.vectors_model --components.tok2vec.model.embed.
—include_static_vectors true"

deps:

- "configs/config.cfg"

- "corpus/train.spacy"

- "corpus/dev.spacy"

outputs:
- "training/model-best"

- name: "evaluate"
help: "Evaluate the model and export metrics"
script:
- "python -m spacy evaluate training/model-best corpus/dev.spacy --output
—~training/metrics. json"
deps:
- "corpus/dev.spacy"
- "training/model-best"
outputs:
- "training/metrics.json"

- name: package
help: "Package the trained model as a pip package"
script:
- "python -m spacy package training/model-best packages --name $vars.name
—~--version $vars.version --force"
deps:
- "training/model-best"
outputs_no_cache:
- "packages/$vars.lang_$vars.name-$vars.version/dist/$vars.lang $vars.
—name-$vars.version.tar.gz"

- name: visualize-model
help: Visualize the model's output interactively using Streamlit
script:

- "streamlit run scripts/visualize_model.py training/model-best Decreto N9 |
—~11, de fecha 8 de abril de 2015, del Ministerio de Salud.Que de acuerdo a laj
Qle{ Ne 19.300, el Estado tiene Eor funcion dictar normas secundarias de|
—~calidad ambiental para regular la presencia de contaminantes en el medio
—ambiente. DISPOSICIONES GENERALES. La presente norma de emisién establece la
—concentracion maxima de contaminantes. TITULO I. Parrafo 12. Articulo 92.-
—~Responsabilidad extendida del productor. Articulo 29.- Educacién ambiental. EI
—~Ministerio diseflard e implementara programas de educacién ambiental, formal e
—~informal, destinados a transmitir conocimientos y crear conciencia en laj
—comunidad sobre la prevencidén en la generacién de residuos. Articulo 38.-(
—~Fiscalizacién y seguimiento. Corresponderd a la Superintendencia la
—~fiscalizacién del cumplimiento. TITULO V. Del Fondo de Proteccién Ambiental.
—Articulo 66.- E1 Ministerio del Medio Ambiente tendrd a su cargo laj

—administracién de un Fondo de Proteccién Ambiental."
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deps:
- "scripts/visualize_model.py"
- "training/model-best"

[paths]
raw_text = null
pretrain = "./corpus/pretrain/"

train = null

dev = null

vectors = "./gensim-models/"
init_tok2vec = null

[system]
gpu_allocator = null
seed = 0

[nlp]

lang = "es"

pipeline = ["tok2vec","ner"]

batch_size = 1000

disabled = []

before_creation = null

after_creation = null

after_pipeline_creation = null

tokenizer = "Q@tokenizers":"spacy.Tokenizer.vl"

[components]

[components.ner]

factory = "ner"

moves = null
update_with_oracle_cut_size = 100

[components.ner.modell

Qarchitectures = "spacy.TransitionBasedParser.v2"
state_type = "ner"

extra_state_tokens = false

hidden_width = 64

maxout_pieces = 2

use_upper = true

n0 = null

[components.ner.model.tok2vec]

Q@architectures = "spacy.Tok2VecListener.vl"
width = $components.tok2vec.model.encode.width
upstream = "x"

[components. tok2vec]
factory = "tok2vec"
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[components.tok2vec.model]
Q@architectures = "spacy.Tok2Vec.v2"

[components.tok2vec.model.embed]
Q@architectures = "spacy.MultiHashEmbed.v2"
width = $components.tok2vec.model.encode.width
attrs = ["NORM","PREFIX","SUFFIX","SHAPE"]
rows = [5000,2500,2500,2500]
include_static_vectors = false

[components.tok2vec.model.encode]

Q@architectures = "spacy.MaxoutWindowEncoder.v2"
width = 96
depth = 4

window_size = 1
maxout_pieces = 3

[corporal

[corpora.dev]

@readers = "spacy.Corpus.vl"
path = $paths.dev
max_length = 0

gold_preproc =
limit = 0
augmenter = null

false

[corpora.pretrain]

Q@readers = "spacy.JsonlCorpus.v1l"
path = $paths.pretrain
min_length = 0

max_length = 0

limit = 0

[corpora.train]

Q@readers = "spacy.Corpus.vl"
path = $paths.train
max_length = 2000
gold_preproc = false

limit = 0

augmenter = null

[training]
dev_corpus = "corpora.dev"
train_corpus = "corpora.train"

seed = $system.seed

gpu_allocator = $system.gpu_allocator
dropout = 0.1

accumulate_gradient = 1
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patience = 1600
max_epochs = 0
max_steps = 20000
eval_frequency = 200
frozen_components = []
before_to_disk = null

[training.batcher]

@batchers = "spacy.batch_by_words.v1"
discard_oversize = false

tolerance = 0.2

get_length = null

[training.batcher.size]

@schedules = "compounding.vl"
start = 100

stop = 1000

compound = 1.001

t =0.0

[training.logger]
Q@loggers = "spacy.ConsoleLogger.vl"
progress_bar = false

[training.optimizer]

Q@optimizers = "Adam.v1"
betal = 0.9

beta2 = 0.999
L2_is_weight_decay = true
L2 = 0.01

grad_clip = 1.0
use_averages = false
eps = 0.00000001
learn_rate = 0.001

[training.score_weights]
ents_per_type = null
ents_f = 1.0

ents_p = 0.0

ents_r = 0.0

[pretraining]
max_epochs = 1000
dropout = 0.2
n_save_every = null
#n_save_epoch = 10

component = "tok2vec"
layer = ""
corpus = "corpora.pretrain"

122



[pretraining.batcher]

@batchers = "spacy.batch_by_words.v1"
size = 3000

discard_oversize = false

tolerance = 0.2

get_length = null

[pretraining.objective]

Q@architectures = "spacy.PretrainVectors.vl"
maxout_pieces = 3

hidden_size = 300

loss = "cosine"

[pretraining.optimizer]

Q@optimizers = "Adam.v1"
betal = 0.9

beta2 = 0.999
L2_is_weight_decay = true
L2 = 0.01

grad_clip = 1.0
use_averages = true
eps = 0.00000001
learn_rate = 0.001

[initialize]

vectors = $paths.vectors
init_tok2vec = $paths.init_tok2vec
vocab_data = null

lookups = null

before_init = null

after_init = null

[initialize.components]

[initialize.tokenizer]

[paths]

raw_text = null

pretrain = "./corpus/pretrain.spacy"
train = "./corpus/"

dev = "./corpus/"

vectors = "./gensim-models/"
init_tok2vec = "./pretrain/model999.bin"
[system]

gpu_allocator = null

seed = 79
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[nlp]

lang = "es
pipeline = ["tok2vec","ner"]
batch_size = 1000

disabled = []
before_creation = null
after_creation = null

after_pipeline_creation = null
tokenizer = "Q@tokenizers":'"spacy.Tokenizer.v1l"

[components]

[components.ner]

factory = "ner"

moves = null
update_with_oracle_cut_size = 100

[components.ner.model]

Q@architectures = "spacy.TransitionBasedParser.v2"
state_type = "ner"

extra_state_tokens = false

hidden_width = 64

maxout_pieces = 2

use_upper = true

n0 = null

[components.ner.model.tok2vec]

Q@architectures = "spacy.Tok2VecListener.v1"
width = $components.tok2vec.model.encode.width
upstream = "x"

[components. tok2vec]
factory = "tok2vec"

[components.tok2vec.model]
Q@architectures = "spacy.Tok2Vec.v2"

[components.tok2vec.model.embed]
Q@architectures = "spacy.MultiHashEmbed.v2"
width = $components.tok2vec.model.encode.width
attrs = ["NORM","PREFIX","SUFFIX","SHAPE"]
rows = [5000,2500,2500,2500]
include_static_vectors = true

[components.tok2vec.model.encode]

Q@architectures = "spacy.MaxoutWindowEncoder.v2"
width = 96
depth = 4

window_size = 1
maxout_pieces = 3
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[corporal

[corpora.dev]

Q@readers = "spacy.Corpus.vl"
path = $paths.dev
max_length = 0
gold_preproc =
limit = 0
augmenter = null

false

[corpora.train]

Q@readers = "spacy.Corpus.vl"
path = $paths.train
max_length = 2000
gold_preproc = false

limit = 0

augmenter = null

[training]
dev_corpus = "corpora.dev"
train_corpus = "corpora.train"

seed = $system.seed

gpu_allocator = $system.gpu_allocator
dropout = 0.1

accumulate_gradient = 1

patience = 1600

max_epochs = 0

max_steps = 20000

eval_frequency = 200
frozen_components = []

before_to_disk = null

[training.batcher]

@batchers = "spacy.batch_by_words.v1"
discard_oversize = false

tolerance = 0.2

get_length = null

[training.batcher.size]

@schedules = "compounding.vl"
start = 100

stop = 1000

compound = 1.001

t =0.0

[training.logger]
Q@loggers = "spacy.ConsolelLogger.v1"
progress_bar = false
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[1]:

[training.optimizer]

Q@optimizers = "Adam.v1"
betal = 0.9

beta2 = 0.999
L2_is_weight_decay = true
L2 = 0.01

grad_clip = 1.0
use_averages = false
eps = 0.00000001
learn_rate = 0.001

[training.score_weights]
ents_per_type = null
ents_f = 1.0

ents_p = 0.0

ents_r 0.0

[pretraining]

[initialize]

vectors = $paths.vectors
init_tok2vec = $paths.init_tok2vec
vocab_data = null

lookups = null

before_init = null

after_init = null

[initialize.components]

[initialize.tokenizer]

Trainning NER model with spaCy

Ipython -m spacy debug data ./configs/config.cfg

Data file validation

Corpus is loadable
Pipeline can be initialized with data

Training stats

Language: es
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[3]:

Training pipeline: tok2vec, ner
32442 training docs
32442 evaluation docs

Vocab & Vectors

1157725 total word(s) in the data (16814 unique)
4519 vectors (4519 unique keys, 300 dimensions)

Named Entity Recognition

17 label(s)
0 missing value(s) (tokens with '-' label)

Good amount of examples for all labels
Examples without occurrences available for all labels
No entities consisting of or starting/ending with whitespace

Entity spans consisting of or starting/ending with punctuation can not be
trained with a noise level > 0.

Summary

5 checks passed

!python -m spacy project run train

train

Running command: /home/anibal/gitsources/tesis-
estadistica/03-Experimentos/.env/bin/python -m spacy train configs/config.cfg
--output training/ --paths.train corpus/train.spacy --paths.dev corpus/dev.spacy
--training.eval_frequency 10 --training.patience 50 --gpu-id -1

Using CPU

To switch to GPU O, use the option: --gpu-id O

Initializing pipeline

[W Module.cpp:482] Warning: Disabling benchmark mode for MIOpen is NOT
supported. Overriding value to True (function operator())
[2022-03-17 16:09:09,955] [INFO] Set up nlp object from config
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[2022-03-17
[2022-03-17
[2022-03-17
[2022-03-17
[2022-03-17
'ner']

16:09:09,962]
16:09:09,964]
16:09:10,024]
16:09:10,024]
16:09:15,342]

Initialized pipeline

[INFO]
[INFO]
[INFO]
[INFO]
[INFO]

Pipeline:
Created vocabulary
Added vectors:

Finished initializing nlp object
Initialized pipeline components:

Pipeline: ['tok2vec', 'mer']
Initial learn rate: 0.001
E # LOSS TOK2VEC LOSS NER

0 0 0.00 58.
0 10 2.45 601.
0 20 11.30 271.
0 30 9.30 257.
0 40 5.52 211.
0 50 5.84 199.
0 60 6.60 205.
0 70 12.90 301.
0 80 8.73 211.
0 90 10.05 215.
0 100 7.54 183.
0 110 51.46 159.
0 120 2360.30 616.
0 130 1909.83 345.
0 140 8.40 185.
0 150 10.51 176.
0 160 11.41 159.
0 170 10.73 145.
0 180 9.20 121.
0 190 12.38 139.
0 200 14.90 142.
0 210 15.02 166.
0 220 11.64 123.
0 230 61.89 209.
0 240 22.61 212.
0 250 22.82 163.
0 260 17.65 142.
0 270 465.17 227 .
0 280 111.28 109.
0 290 13.53 108.
0 300 16.94 117.
0 310 16.93 114.
0 320 29.03 173.
0 330 16.15 117.
0 340 14.79 93.

['tok2vec',

Training pipeline

'ner']

./gensim-models/

['tok2vec',

ENTS_F ENTS_ P ENTS_R SCORE

.03
.00
.00
.02
11
.65
.52
.53
.90
.99
.80
.44
.32
.64
.45
.82
.87
.15
.07
.88
.35
.15
.60
.49
.53
.89
.36
.53
7T
.12
.02
.72
.89
.24
.90

.24
.00
.00
.57
.71
.38
.18
77
.50
.64
.47
.85
.51
.73
.44
.00
.34
.98
.39
.11
.09
.07
.51
.72
.02
.24
.42
.81
.39
.65
.19

.66
.11
.69

.02
.00
.00
.01
.06
.85
.37
.95
.80
.74
22.
25.
26.
27.
33.
39.
42.
37.
45.
46.
48.
54.
56.
57.
58.
64.
64.
64.
63.
68.
69.
66.
73.
74.
74.

D OH®” O OO O OO

e
N O

57
70
62
29
09
09
12
67
21
04
58
52
29
02
60
25
20
73
84
09
49
98
32
71
29

.00
.00
.00
.00
.00
.02
11
.12
.14
.21
.31
.33
.33
.37
.41
.49
.46
AT
.52
.53
.56
.60
.63
.61
.63
.69
.69
.69
.71
.72
.74
.72
.76
.78
77

O OO O OO OO ODODODODODODODODODODODODODODOODOOOODOOOOOOO
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350
360
370
380
390
400
410
420
430
440
450
460
470
480
490
500
510
520
530
540
550
560
570
580
590
600
610
620
630
640
650
660
670
680
690
700
710
720
730
740
750
760
770
780
790
800
810
820
830
840

15.
36.
16.
28.
23.
17.
17.
33.
20.
15.
28.
18.
12.
41.
19.
19.
12.
24.
20.
18.
28.
257.
32.
14.
19.
234.
18.
15.
17.
19.
20.
23.
17.
13.
18.
.48
24.
14.
13.
14256.
16.
18.
17.
17.
15.
21.
17.
297.
20.
16.

21

75
90
14
54
83
24
28
22
18
99
68
46
31
50
95
67
41
13
74
90
59
25
34
35
80
46
51
48
53
68
51
87
05
89
38

22
12
92
97
69
03
11
34
86
13
27
59
67
26

103.
62.
98.

129.

121.

.79
95.

162.

100.
88.
88.

102.
61.
80.
97.

100.
66.

116.

103.

109.

127.

120.

156.

.89
96.

114.
90.
81.
76.
56.

102.

.81
88.
65.
84.
94.

112.
60.
65.

238.
66.
73.
65.
73.

.81

97.

72.

.79

78.

66.

101

71

111

61

186

73
06
08
87
57

05
30
26
65
02
38
07
32
20
85
56
10
32
62
31
72
15

14
99
84
08
49
30
32

33
06
55
67
78
12
03
09
37
86
64
36

71
37

76
63

78
78

80

87

87

92

92

.40
.45
76.
80.
81.
79.
79.
.44
84.
83.
84.
85.
84.
85.
85.
83.
85.
85.
87.
87.
85.
.47
87.
88.
87.
.61
89.
89.
8r7.
88.
86.
89.
90.
90.
90.
90.
91.
91.
91.
.44
92.
92.
92.
.48
92.
92.
92.
92.
92.
93.

81
69
51
15
15

28
94
06
11
43
03
69
04
31
25
52
39
63

75
55
87

37
80
94
64
92
38
38
93
71
86
32
04
07

38
60
34

64
68
08
64
65
19

82
82

85
82
82

86
85
85

86

89

85
89
89
89
89

90
89
90
90
89
90
91
91
91
92
91
90

92

92
93

.72
.79
80.
84.
.32
.70
.31
84.
.44
.84
.58
87.
88.
.66
8r7.
84.
88.
85.
.83
88.
.80
.39
.44
.23
.96
88.
.81
.99
.70
.60
.83
.64
.97
.88
.52
.41
.53
.99
93.
94.
.59
93.
93.
94.
93.
93.
.79
.07
93.
93.

18
32

80

07
35

11
15
13
18

61

76

11
19

39
15
60
01
42

36
89

4.
4.
73.
TT.
78.
75.
76.
76.
82.
82.
82.
83.
80.
83.
84.
81.
82.
85.
85.
86.
85.
85.
86.
87.
85.
86.
87.
89.
85.
86.
84.
88.
88.
90.
89.
89.
91.
91.
89.
90.
92.
.82
91.
90.
92.
91.
.38
92.
91.
92.

91

91

51
54
71
36
03
90
23
51
22
11
59
23
83
46
31
95
67
32
32
20
45
63
13
89
87
49
97
61
33
76
19
16
84
00
90
37
10
09
11
75
17

54
47
27
94

22
96
50

O OO OO OO ODODODODODODODODODODODODODODODODODODODODODODODODODODODODODODODO0ODODODOOOOOOOOOOO

.78
.78
7T
.81
.82
.79
.79
.80
.84
.84
.84
.85
.84
.85
.86
.83
.85
.85
.88
.87
.86
.87
.88
.89
.88
.88
.89
.90
.88
.89
.87
.89
.90
.91
.91
.91
.91
.91
.91
.92
.92
.93
.92
.92
.93
.93
.92
.93
.93
.93
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[]:
[4] :

O OO OO OO OOOOOOoOOoOOo

850 11.98 40.65 93.12
860 22.62 86.49  92.87
870 26.58 91.46 93.38
880 20.07 72.18 91.77
890 24.69 83.21 92.68
900 20.82 77.72  92.91
910 24.60 77.46  93.77
920 19.06 66.24 93.96
930 15.81 57.59 94.28
940 21.89 68.99 94.88
950 26.67 76.93 93.71
960 34.37 117.52 94.24
970 14.82 51.81 94.71
980 20.73 70.63 93.24
990 19.06 68.95 93.22

Saved pipeline to output directory
training/model-last

!python -m spacy project run evaluate

evaluate

94.
93.
93.
94.
.44
94.
94.
94.
94.
.44
94.
94.
94.
93.
94.

92

95

Running command: /home/anibal/gitsources/tesis-

estadistica/03-Experimentos/.env/bin/python -m spacy evaluate training/model-
best corpus/dev.spacy --output training/metrics.json

[W Module.cpp:482] Warning: Disabling benchmark mode for MIOpen is NOT
supported. Overriding value to True (function operator())

Using CPU
To switch to GPU O, use the option: --gpu-id O

Results

TOK 100.00
NER P 95.44
NER R 94.33
NER F 94.88
SPEED 25270
NER (per type)
P R F

54
11
57
34

36
42
65
27

09
27
98
05
10

91

.74
92.
93.
89.
92.
91.
93.
93.
94.
94.
93.
94.
94.
93.
92.

63
19
34
91
51
12
28
30
33
32
21
44
43
36

O OO OO OOOOOOO0OOOoOOoOOo

.93
.93
.93
.92
.93
.93
.94
.94
.94
.95
.94
.94
.95
.93
.93
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[5]:

LEGEST 96.97 96.97  96.97

NUM 98.14 98.62 98.38
SAMBL 89.50 93.91 91.65
CAMB 95.47 92.99 94.21
ACCAMB 91.40 93.36 92.37
ILEG 96.88 95.22 96.04
ACC 97.43 95.62 96.51
ADMB 96.61 82.61 89.06
SUJ 94.39 91.42 92.88
CUANT 97.17 97.15 97.16
LUGAR 90.79 91.256 91.02
SA 95.92 50.00 65.73
EST 92.67 92.88 92.78
ILAMB 86.83 75.90 81.00
VAMB 94.41 70.31 80.60
PORC 100.00 89.29 94.34
FECHA 91.11 92.09 91.60

Saved results to training/metrics.json

!python -m spacy project run package

package

Running command: /home/anibal/gitsources/tesis-
estadistica/03-Experimentos/.env/bin/python -m spacy package training/model-best
packages --name ner_exp_7 --version 0.0.9 --force
Building package artifacts: sdist
Loaded meta.json from file
training/model-best/meta. json
Successfully created package 'es_ner_exp_7-0.0.9'
packages/es_ner_exp_7-0.0.9
running sdist
running egg_info
creating es_ner_exp_7.egg-info
writing es_ner_exp_7.egg-info/PKG-INFO
writing dependency_links to es_ner_exp_7.egg-info/dependency_links.txt
writing entry points to es_ner_exp_7.egg-info/entry_points.txt
writing requirements to es_ner_exp_7.egg-info/requires.txt
writing top-level names to es_ner_exp_7.egg-info/top_level.txt
writing manifest file 'es_ner_exp_7.egg-info/SOURCES.txt'
reading manifest file 'es_ner_exp_7.egg-info/SOURCES.txt"'
reading manifest template 'MANIFEST.in'
warning: no files found matching 'LICENSE'
writing manifest file 'es_ner_exp_7.egg-info/SOURCES.txt'
warning: sdist: standard file not found: should have one of README, README.rst,
README.txt, README.md
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running check
warning: check: missing required meta-data: url

warning: check: missing meta-data: either (author and author_email) or
(maintainer and maintainer_email) must be supplied

creating es_ner_exp_7-0.0.9

creating es_ner_exp_7-0.0.9/es_ner_exp_7

creating es_ner_exp_7-0.0.9/es_ner_exp_7.egg-info

creating es_ner_exp_7-0.0.9/es_ner_exp_7/es_ner_exp_7-0.0.9
creating es_ner_exp_7-0.0.9/es_ner_exp_7/es_ner_exp_7-0.0.9/ner
creating es_ner_exp_7-0.0.9/es_ner_exp_7/es_ner_exp_7-0.0.9/tok2vec
creating es_ner_exp_7-0.0.9/es_ner_exp_7/es_ner_exp_7-0.0.9/vocab

copying files to es_ner_exp_7-0.0.9..

copying MANIFEST.in -> es_ner_exp_7-0.0.9

copying meta.json -> es_ner_exp_7-0.0.9

copying setup.py -> es_ner_exp_7-0.0.9

copying es_ner_exp_7/__init__.py -> es_ner_exp_7-0.0.9/es_ner_exp_7
copying es_ner_exp_7/meta.json -> es_ner_exp_7-0.0.9/es_ner_exp_7
copying es_ner_exp_7.egg-info/PKG-INFO -> es_ner_exp_7-0.0.9/es_ner_exp_7.egg-
info

copying es_ner_exp_7.egg-info/SOURCES.txt ->
es_ner_exp_7-0.0.9/es_ner_exp_7.egg-info

copying es_ner_exp_7.egg-info/dependency_links.txt ->
es_ner_exp_7-0.0.9/es_ner_exp_7.egg-info

copying es_ner_exp_7.egg-info/entry_points.txt ->
es_ner_exp_7-0.0.9/es_ner_exp_7.egg-info

copying es_ner_exp_7.egg-info/not-zip-safe ->
es_ner_exp_7-0.0.9/es_ner_exp_7.egg-info

copying es_ner_exp_7.egg-info/requires.txt ->
es_ner_exp_7-0.0.9/es_ner_exp_7.egg-info

copying es_ner_exp_7.egg-info/top_level.txt ->
es_ner_exp_7-0.0.9/es_ner_exp_7.egg-info

copying es_ner_exp_7/es_ner_exp_7-0.0.9/config.cfg ->
es_ner_exp_7-0.0.9/es_ner_exp_7/es_ner_exp_7-0.0.9

copying es_ner_exp_7/es_ner_exp_7-0.0.9/meta.json ->
es_ner_exp_7-0.0.9/es_ner_exp_7/es_ner_exp_7-0.0.9

copying es_ner_exp_7/es_ner_exp_7-0.0.9/tokenizer ->
es_ner_exp_7-0.0.9/es_ner_exp_7/es_ner_exp_7-0.0.9

copying es_ner_exp_7/es_ner_exp_7-0.0.9/ner/cfg —>
es_ner_exp_7-0.0.9/es_ner_exp_7/es_ner_exp_7-0.0.9/ner
copying es_ner_exp_7/es_ner_exp_7-0.0.9/ner/model ->
es_ner_exp_7-0.0.9/es_ner_exp_7/es_ner_exp_7-0.0.9/ner
copying es_ner_exp_7/es_ner_exp_7-0.0.9/ner/moves ->
es_ner_exp_7-0.0.9/es_ner_exp_7/es_ner_exp_7-0.0.9/ner
copying es_ner_exp_7/es_ner_exp_7-0.0.9/tok2vec/cfg —->
es_ner_exp_7-0.0.9/es_ner_exp_7/es_ner_exp_7-0.0.9/tok2vec
copying es_ner_exp_7/es_ner_exp_7-0.0.9/tok2vec/model ->
es_ner_exp_7-0.0.9/es_ner_exp_7/es_ner_exp_7-0.0.9/tok2vec
copying es_ner_exp_7/es_ner_exp_7-0.0.9/vocab/key2row ->
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[]1:

[1]:

[15]:

es_ner_exp_7-0.0.9/es_ner_exp_7/es_ner_exp_7-0.0.9/vocab

copying es_ner_exp_7/es_ner_exp_7-0.0.9/vocab/lookups.bin ->

es_ner_exp_7-0.0.9/es_ner_exp_7/es_ner_exp_7-0.0.9/vocab

copying es_ner_exp_7/es_ner_exp_7-0.0.9/vocab/strings.json ->

es_ner_exp_7-0.0.9/es_ner_exp_7/es_ner_exp_7-0.0.9/vocab

copying es_ner_exp_7/es_ner_exp_7-0.0.9/vocab/vectors ->

es_ner_exp_7-0.0.9/es_ner_exp_7/es_ner_exp_7-0.0.9/vocab

Writing es_ner_exp_7-0.0.9/setup.cfg

creating dist

Creating tar archive

removing 'es_ner_exp_7-0.0.9' (and everything under it)
Successfully created zipped Python package

packages/es_ner_exp_7-0.0.9/dist/es_ner_exp_7-0.0.9.tar.gz

E Appendix: K-Fold Crossvalidation data preparation

This notebook shows how the training data was prepared for K-Fold cross-
validate analysis.

e [t was separated a 10% of the data for test purposes.

The ratio between train and dev data was 9:1.

The files were transformed to spaCy’s binary format and sourced to the training
pipeline.

E.1 K-Fold Data Split

Importing the training dataset This dataset corresponds to the complete set used
in previous experiments.

Jload_ext rpy2.ipython

TR
setwd("/home/anibal/gitsources/tesis-estadistica/03-Experimentos/Exp-10")
library(tidyverse)

data_dir <- "./data/texto_all_ldr.txt"

tmp <- read_file(data_dir)

textl <- tibble(read_lines(tmp, skip_empty_rows = TRUE))

textl

# A tibble: 8,141 x 1
“read_lines(tmp, skip_empty_rows = TRUE)"
<chr>
1 LEY NOM. 19.300
2 TITULO I
3 Disposiciones Generales
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N

Articulo 1°.- El derecho a vivir en un medio ambiente libre de contaminacién..
Articulo 2°.- Para todos los efectos legales, se entenderd por:

a) Biodiversidad o Diversidad Bioldgica: la variabilidad de los organismos V..
a bis) Biotecnologia: se entiende toda aplicacidén tecnoldgica que utilice si..
a ter) Cambio Clim&tico: se entiende un cambio de clima atribuido directa o ..
b) Conservacién del Patrimonio Ambiental: el uso y aprovechamiento racionale..
10 c¢) Contaminacién: la presencia en el ambiente de sustancias, elementos, ener..
# .. with 8,131 more rows

© 00 N O O»

Shuffling and separate the 10% of the data for test
[43]: %AR

shufData <-textl[sample(nrow(textl)), ]
splitIdx <- sample(l:nrow(shufData), nrow(shufData)*0.1, replace = F)
testSplit <- shufData[splitIdx, ]
ksplit <- shufData[-splitIdx, ]
write.table(testSplit,
"./data/test_split.txt",
sep=";",
col.names = FALSE,
row.names = FALSE)
folds <- cut(seq(l, nrow(ksplit)), breaks=10, labels=FALSE)
testSplit

# A tibble: 814 x 1
“read_lines(tmp, skip_empty_rows = TRUE) "
<chr>

1" Anétese, publiquese y comuniquese.- Francisco Echeverria Ellsworth, Dir..
2" parte de los gases emitidos por chimeneas utilizadas para esos"
3 "Manganeso 0,3 (mg/L) 4,8 (g/dia)"

4 "Selenio mg/L 0,02"

5 "Aluminio mg/L Al 1"

6 " b) Si la infraccién cometida perjudica gravemente el cauce, y siempre gq.
7 "NCh 2313/14: Aguas Residuales - Métodos de analisis Parte 14: Determinacién.
8 "b) Desde el afio 2003, 34 ton/afio."

9 "h) Fomentar y facilitar la participacién ciudadana en la evaluacién de proy..
10 " (CVAFS)"

# .. with 804 more rows

Iterating to split and write train and dev data
[46] : iR
for(i in 1:10){
#Segement your data by fold using the which() function
testIdx <- which(folds==i, arr.ind=TRUE)
testData <- ksplit[testIdx, ]
trainData <- ksplit[-testIdx, ]
write.table(testData,
sep = ";",
file = pasteO("./data/dev_",i,".txt"),
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row.names =

E3|

col.names
quote = F)

I
]

write.table(trainData,
sep = n;n’
file = pasteO("./data/train_",i,".txt"),
row.names = F,
col.names = F,
quote = F)
#Use the test and train data partitions however you desire...

E.2 Annotate and transform the data to spaCy’s format

[1]: import json
import spacy
import pandas as pd
import numpy as np
import rpy2
from tqdm import tqdm
from spacy.tokens import DocBin

[3]:  # Using the spaCy large Model to prepare matcher and corpuses.
nlp = spacy.load("es_core_news_lg")

nlp.max_length = 1500000 # <mproving maximum length to use in memorTy
[3]: | # functio to importing json format

def load_data(file):
with open(file, "r", encoding="utf-8") as f:
data = json.load(f)
return(data)

def load_txt(file):
with open(file, "r", encoding="utf-8") as f:
data = f.read()
return(data)

[4] : | # function to save training data to json
def save_data(file, data):
with open (file, "w", encoding = "utf-8") as f:
json.dump(data, f, indent = 4)

# function without encoding
def save_data2(file, data):
with open (file, "w", encoding = "utf-8") as f:
json.dump(data, f, ensure_ascii = False, indent = 4)
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# function to save a tzt file
def save_txt(file, data):
with open (file, "w", encoding = "utf-8") as f:
f.writelines(data) # It need to be writelines

Loading files The files are from the above steps in R, and are stored in data folder.

[6]:  # assign directory
direc = '/home/anibal/gitsources/tesis-estadistica/03-Experimentos/Exp-10/data/'

# iterate over dev files
all_dev = []
for i in range(1,11):
all_dev.append(load_txt(direc + "dev_" + str(i) + ".txt"))

# iterate over train files
all_train = []
for i in range(1,11):
all_train.append(load_txt(direc + "train_" + str(i) + ".txt"))

[44] : # length of the first list in the lists

print(len(all_train[4]))
print(len(all_dev[9]))

1147795
132450

Preparing train and dev data to annotate with PhraseMatcher (imported code)
[8]:  # Importing keywords to annotate in data:
keyword_dict = pd.read_csv("./data/words.csv")

[9] : | # The keywords are extracted from the dictionary and added to the matcher withy
—~their tag

from spacy.matcher import PhraseMatcher

ACC_words = [nlp(text) for text in keyword_dict['ACC'].dropna(axis = 0)]
ADMB_words = [nlp(text) for text in keyword_dict['ADMB'].dropna(axis = 0)]
CAMB_words = [nlp(text) for text in keyword_dict['CAMB'].dropna(axis = 0)]
CUANT _words = [nlp(text) for text in keyword_dict['CUANT'].dropna(axis = 0)]
ILAMB_words = [nlp(text) for text in keyword_dict['ILAMB'].dropna(axis = 0)]
ILEG_words = [nlp(text) for text in keyword_dict['ILEG'].dropna(axis = 0)]
SA_words = [nlp(text) for text in keyword_dict['SA'].dropna(axis = 0)]
SAMBL_words = [nlp(text) for text in keyword_dict['SAMBL'].dropna(axis = 0)]
SUJ_words = [nlp(text) for text in keyword_dict['SUJ'].dropna(axis = 0)]
VAMB_words = [nlp(text) for text in keyword_dict['VAMB'].dropna(axis = 0)]
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[87]:

EST_words = [nlp(text) for text in keyword_dict['EST'].dropna(axis = 0)]
LEGEST_words = [nlp(text) for text in keyword_dict['LEGEST'] .dropna(axis = 0)]
## TAGs nuevos

NUM_words = [nlp(text) for text in keyword_dict['NUM'].dropna(axis = 0)]
FECHA_words = [nlp(text) for text in keyword_dict['FECHA'].dropna(axis = 0)]
LUGAR_words [nlp(text) for text in keyword_dict['LUGAR'].dropna(axis = 0)]
ACCAMB_words = [nlp(text) for text in keyword_dict['ACCAMB'] .dropna(axis = 0)]
PORC_words = [nlp(text) for text in keyword_dict['PORC'].dropna(axis = 0)]
#ORG_words = [nlp(text) for text in keyword_dict['ORG'].dropna(azis = 0)]

matcher = PhraseMatcher(nlp.vocab)
matcher.add('ACC', None, *ACC_words)
matcher.add('ADMB', None, *ADMB_words)
matcher.add('CAMB', None, *CAMB_words)
matcher.add('CUANT', None, *CUANT_words)
matcher.add('ILAMB', None, *ILAMB_words)
matcher.add('ILEG', None, *ILEG_words)
matcher.add('SA', None, *SA_words)
matcher.add('SAMBL', None, *SAMBL_words)
matcher.add('SUJ', None, *SUJ_words)
matcher.add('VAMB', None, *VAMB_words)
matcher.add('EST', None, *EST_words)
matcher.add('LEGEST', None, *LEGEST_words)
## TAGs nuevos

matcher.add('NUM', None, *NUM_words)
matcher.add('FECHA', None, *FECHA_ words)
matcher.add('LUGAR', None, *LUGAR_words)
matcher.add('ACCAMB', None, *ACCAMB_words)
matcher.add('PORC', None, *PORC_words)
#matcher.add('ORG', Nome, *ORG_words)

# Iterationg to get the sentences from train and dev lists and creating the,
—~Corpuses. (several minutes)

corp_dev = []
patterns_dev = []
for i in range(10):
corp_dev.append([])
patterns_dev.append([])
docl = nlp(all_dev[i]) # access to dev list of lists and process withy
—~spaCy lg model
for sent in docl.sents:
corp_dev[i] .append(sent.text) # get sentences
matchesl = matcher(docl)
for match_id, start, end in matchesl:
rule_id = nlp.vocab.strings[match_id] # acquiring the unique ID, i.e.|
— 'LEGEST'
span = docl[start : end] # getting the range of the match in the,
—document
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patterns_dev[i] .append({"label":rule_id, "pattern'":span.text}) #,

—~adding by ID and span

[89] : # Getting the length of the list of lists. All have different lengths
print(len(corp_dev))

print (len(corp_dev[8]))
print(len(patterns_dev[3]))

10
585
4373

[93]: corp_train = []
patterns_train = []
for j in range(10):
corp_train.append([])
patterns_train.append([])
doc2 = nlp(all_train[jl) # access of train list of lists and process withy,
—~spaCy lg model
for sent in doc2.sents:
corp_train[j].append(sent.text) # get sentences
matches2 = matcher(doc2)
for match_id, start, end in matches2:
rule_id = nlp.vocab.strings[match_id]

— 'LEGEST'
span = doc2[start : end]

—~document
patterns_train[j].append({"label":rule_id, "pattern':span.text}) #,

—~adding by ID and span

# acquiring the unique ID, %.e.

# getting the range of the match in they

[96] :  # Getting the length of the list of lists.
print(len(corp_train))
print(len(corp_train[7]))
print(len(patterns_train([5]))
len(patterns_train)

10
5331
41106

[96]: 10

Train data Apply rules to corpus and transform train data to json compatible for-
mat. The saved json file didn’t preserv the list folding.

[97] : | #from spacy import displacy

#Creating the training database
TRAIN = []
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[101]:

for h in range(10):
TRAIN.append ([])

# The rules are added and applied to the base model.
# Butilding on the blank spaCy model
nlpl = spacy.blank("es")

# Creating an Entity Ruler
rulerl = nlpl.add_pipe("entity_ruler")
# Adding patterns as rules
rulerl.add_patterns(patterns_train[h])

# iterating over the corpus again
for sentence in corp_train[h]:

# Creating spaCy doc
doc = nlpi(sentence)
#displacy.render(doc, jupyter=True, style='ent')

# remember, that the entities need to be a dictionary of indexr 1 of they
~list, so it needs to be an empty list
entities = []

# extracting entities

for ent in doc.ents:
# adding the entities inm the correct format for training data
entities.append([ent.start_char, ent.end_char, ent.label_])

TRAIN[h] .append([sentence, {"entities": entities}])
print (len(TRAIN))

10

# assign directory
dire = '/home/anibal/gitsources/tesis-estadistica/03-Experimentos/Exp-10/"'

# It ©1s saved in json format for later use or to load in other environments.
for 1 in range(len(TRAIN)):

save_data(dire + "./assets/TRAIN_" + str(l) + ".json", TRAIN[1])
save_data2(dire + "./assets/TRAIN_No-utf8_" + str(l) + ".json", TRAIN[1])

E.3 Devdata

Apply rules to corpus and transform dev data to json compatible format. The
saved json file didn’t preserv the list folding.
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[102]:

[105]:

#Creating the developing database
DEV = []

for h in range(10):

DEV.append([])

# The rules are added and applied to the base model.
# Butlding on the blank spaCy model
nlp2 = spacy.blank("es")

# Creating an Entity Ruler

ruler2 = nlp2.add_pipe("entity_ruler")
# Adding patterns as rules
ruler2.add_patterns(patterns_dev[h])

# iterating over the corpus again
for sentence in corp_dev[h]:

# Creating spaCy doc
doc = nlp2(sentence)

#displacy.render(doc, jupyter=True, style='ent')

# remember, that the entities meed to be a dictionary of indexr 1 of they

—~1ist, so it needs to be an empty list

entities = []

# extracting entities

for ent in doc.ents:
# adding the entities in the correct format for training data
entities.append([ent.start_char, ent.end_char, ent.label_])

DEV[h] .append([sentence, {"entities": entities}])

print (len(DEV))

# assign directory

= '/home/anibal/gitsources/tesis-estadistica/03-Experimentos/Exp-10/"

# It is saved in json format for later use or to load in other environments.
for 1 in range(len(DEV)):

save_data(dire + "./assets/DEV_" + str(1l) + ".json", DEV[1])
save_data2(dire + "./assets/DEV_No-utf8_" + str(l) + ".json", DEV[1])
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E.4 Converting files to binary format

It was used directly the lists TRAIN and DEV loaded in memory. Also, was saved
the json files in the assets folder. Those files when loaded need it to split in ten folds
by sentence.

[108] : | # Need %t to put in a loop for good

# assign directory
d = '/home/anibal/gitsources/tesis-estadistica/03-Experimentos/Exp-10/"

# Converting to binary format (spaCy)

for h in range(10):
nlp3 = spacy.blank("es") # Load a new blank spaCy model
dbl = DocBin() # se crea un objeto DocBin

for text, annotations in TRAIN[h]: # datos de entrenamiento en el formato,,

—anterior
doc = nlp3(text) # se crea un objeto doc desde el texto
ents = []

for start, end, label in annotations["entities"]: # agregando indicesy
—~de caracteres
span = doc.char_span(start, end, label=label)
ents.append (span)
doc.ents = ents # se etiqueta el texto con las entidades
db1.add(doc)

dbl.to_disk(d + "./corpus/train_" + str(h) + ".spacy") # guardando a discoy
—~el objeto DocBin

nlp4 = spacy.blank("es") # Se carga un nuevo spaCy model
db2 = DocBin() # se crea un objeto DocBin

for text, annotations in DEV[h]: # datos de entrenamiento en el formatoy,

—anterior
doc = nlp4(text) # se crea un objeto doc desde el texto
ents = []

for start, end, label in annotations["entities"]: # agregando indicesy
—de caracteres
span = doc.char_span(start, end, label=label)
ents.append (span)
doc.ents = ents # se etiqueta el texto con las entidades
db2.add(doc)

db2.to_disk(d + "./corpus/dev_" + str(h) + ".spacy") # guardando a disco el
—~objeto DocBin
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E.5 Testdataconverting

[5]:  # assign directory
direc = '/home/anibal/gitsources/tesis-estadistica/03-Experimentos/Exp-10/data/"

# load test text data
testText = load_txt(direc + "test_split.txt")
[6]: print(len(testText))

134475

[7]1: # Using the spaCy large Model to prepare matcher and corpuses.
nlp = spacy.load("es_core_news_lg")

nlp.max_length = 1500000 # <mproving maximum length to use in memory

[8]:  # Importing keywords to annotate in data:
keyword_dict = pd.read_csv("./data/words.csv")

[9] : | # The keywords are extracted from the dictionary and added to the matcher withy
—~their tag

from spacy.matcher import PhraseMatcher

ACC_words = [nlp(text) for text in keyword_dict['ACC'].dropna(axis = 0)]
ADMB_words = [nlp(text) for text in keyword_dict['ADMB'].dropna(axis = 0)]
CAMB_words [n1lp(text) for text in keyword_dict['CAMB'].dropna(axis = 0)]
CUANT _words = [nlp(text) for text in keyword_dict['CUANT'].dropna(axis = 0)]
ILAMB_words [nlp(text) for text in keyword_dict['ILAMB'].dropna(axis = 0)]
ILEG_words = [nlp(text) for text in keyword_dict['ILEG'].dropna(axis = 0)]
SA_words = [nlp(text) for text in keyword_dict['SA'].dropna(axis = 0)]
SAMBL_words = [nlp(text) for text in keyword_dict['SAMBL'].dropna(axis = 0)]
SUJ_words = [nlp(text) for text in keyword_dict['SUJ'].dropna(axis = 0)]
VAMB_words = [nlp(text) for text in keyword_dict['VAMB'].dropna(axis = 0)]
EST_words = [nlp(text) for text in keyword_dict['EST'].dropna(axis = 0)]
LEGEST_words = [nlp(text) for text in keyword_dict['LEGEST'] .dropna(axis = 0)]
## TAGs nuevos

NUM_words = [nlp(text) for text in keyword_dict['NUM'].dropna(axis = 0)]
FECHA_words = [nlp(text) for text in keyword_dict['FECHA'].dropna(axis = 0)]
LUGAR_words = [nlp(text) for text in keyword_dict['LUGAR'].dropna(axis = 0)]
ACCAMB_words = [nlp(text) for text in keyword_dict['ACCAMB'] .dropna(axis = 0)]
PORC_words = [nlp(text) for text in keyword_dict['PORC'].dropna(axis = 0)]
#0ORG_words = [nlp(text) for text in keyword_dict['ORG'].dropna(azis = 0)]

matcher = PhraseMatcher(nlp.vocab)
matcher.add('ACC', None, *ACC_words)
matcher.add('ADMB', None, *ADMB_words)
matcher.add('CAMB', None, *CAMB_words)
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[10]:

[10]:

[12] :

[13]:

matcher.add('CUANT', None, *CUANT_words)
matcher.add('ILAMB', None, *ILAMB_words)
matcher.add('ILEG', None, *ILEG_words)
matcher.add('SA', None, *SA_words)
matcher.add('SAMBL', None, *SAMBL_words)
matcher.add('SUJ', None, *SUJ_words)
matcher.add('VAMB', None, *VAMB_words)
matcher.add('EST', None, *EST_words)
matcher.add('LEGEST', None, *LEGEST_words)
## TAGs nuevos

matcher.add('NUM', None, *NUM_words)
matcher.add('FECHA', None, *FECHA_words)
matcher.add('LUGAR', None, *LUGAR_words)
matcher.add('ACCAMB', None, *ACCAMB_words)
matcher.add('PORC', None, *PORC_words)
#matcher.add('ORG', Nome, *ORG_words)

corpus = []

doc = nlp(testText)
for sent in doc.sents:
corpus.append (sent . text)

# longitud del corpus (sentencias)
len(corpus)

602
# Creating PATTERNS for train and dev data

patterns = []
matches = matcher(doc)
for match_id, start, end in matches:
rule_id = nlp.vocab.strings[match_id] # acquiring the unique ID, i.e.
— 'LEGEST'
span = doc[start : end] # getting the range of the match in the document
patterns.append({"label":rule_id, "pattern":span.text}) # adding by ID and,
—span

# assign directory
d = '/home/anibal/gitsources/tesis-estadistica/03-Experimentos/Exp-10/"
# The rules are added and applied to the base model.

# Building on the blank spaCy model
nlp2 = spacy.blank("es")

# Creating an Entity Ruler
ruler2 = nlp2.add_pipe("entity_ruler")
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[14]:

[]:

# Adding patterns as rules
ruler2.add_patterns(patterns)

# Creating the training database
TEST = []

# iterating over the corpus again
for sentence in corpus:
doc = nlp2(sentence)
# remember, that the entities nmeed to be a dictionary of index 1 of the,
~list, so it needs to be an empty list
entities = []

# extracting entities

for ent in doc.ents:
# adding the entities in the correct format for training data
entities.append([ent.start_char, ent.end_char, ent.label_])

TEST.append([sentence, {"entities": entitiesl}])

# It i1s saved in json format for later use or to load in other environments.
save_data(d + "./assets/TEST.json", TEST)
save_data2(d + "./assets/TEST-No-utf8.json", TEST)

# Transforming test data to binary format

nlp5 = spacy.blank("es")
db = DocBin()

for text, annotations in TEST:

doc = nlp5(text)

ents = []

for start, end, label in annotations["entities"]:
span = doc.char_span(start, end, label=label)
ents.append (span)

doc.ents = ents

db.add(doc)

db.to_disk(d + "./corpus/test.spacy")

F Appendix: K-Fold Crossvalidation training

This notebook is an excerpt of the entire training process and shows the training
of the first datasets.
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[44] . 'python -m spacy debug data ./configs/config.cfg

Data file validation

Corpus is loadable
Pipeline can be initialized with data

Training stats

Language: es

Training pipeline: tok2vec, ner
5300 training docs

615 evaluation docs

Vocab & Vectors

207994 total word(s) in the data (12090 unique)
4519 vectors (4519 unique keys, 300 dimensions)

Named Entity Recognition

17 label(s)
0 missing value(s) (tokens with '-' label)

Good amount of examples for all labels
Examples without occurrences available for all labels
No entities consisting of or starting/ending with whitespace

Entity spans consisting of or starting/ending with punctuation can not be
trained with a noise level > 0.

Summary

5 checks passed

[47]: 'python -m spacy project run train

train

145



Running command: /home/anibal/gitsources/tesis-

estadistica/03-Experimentos/.env/bin/python -m spacy train configs/config.cfg
--output training/ --paths.train corpus/train_0.spacy --paths.dev

corpus/dev_0.spacy --training.eval_frequency 10 --training.patience 100 --gpu-id

-1
Using CPU

To switch to GPU O, use the option: --gpu-id O

Initializing pipeline

[W Module.cpp:482] Warning: Disabling benchmark mode for MIOpen is NOT

supported. Overriding value to True (function operator())
:67:
:57:
:57:
:57:
:57:
:67:

[2022-06-27
[2022-06-27
[2022-06-27
[2022-06-27
[2022-06-27
[2022-06-27
'ner']

15
15
15
15
15
15

39,264]
39,271]
39,273]
39,333]
39,333]
43,650]

Initialized pipeline

[INFO]
[INFO]
[INFO]
[INFO]
[INFO]
[INFO]

Set up nlp object from config
Pipeline:
Created vocabulary
Added vectors:

Finished initializing nlp object
Initialized pipeline components:

Pipeline: ['tok2vec', 'mer']
Initial learn rate: 0.001

E # LOSS TOK2VEC LOSS NER
0 0 0.00 59.56
0 10 2.95 908.55
0 20 9.95 331.72
0 30 5.43 225.39
0 40 5.80 249.08
0 50 5.15 180.22
0 60 5.81 211.74
0 70 7.62 216.03
0 80 6.44 192.53
0 90 7.78 213.47
0 100 14.64 287.79
.. Truncated output ...
1 1500 41.66 88.24
1 1510 16.13 48.39
1 1520 34.08 80.37
1 1530 25.21 67.29
1 1540 25.00 65.59
1 1550 29.86 86.56
1 1560 33.56 86.39
1 1570 41.33 87.85
1 1580 27.73 86.70

['tok2vec',

Training pipeline

'ner']

./gensim-models/

['tok2vec',

ENTS_F ENTS_ P ENTS_R SCORE

.01
.00
.00
.00
.00
.41
.61
.70
26.
.83
.94

96.
96.
96.
96.
96.
96.
96.
95.
95.

61

82
73
69
26
38
22
06
92
72

97.

96
96
96
96
96
95
95
95

.21
.00
.00
.00
.00
.00
.96
77
.67
.75
.02

08
.63
.60
.40
.31
.52
.86
.92
.95

.97
.00
.00
.00
.00
.21
.95
.72
.12
.90
30.

0 00O OO OO W!m

N =
DN

96.
96.
96.
96.
96.
95.
96.
95.
95.

45

57
83
78
13
44
92
26
92
50

.02
.00
.00
.00
.00
.00
.16
.15
.27
.34
.39

O O OO OO OOOoOOoOOo

O OO OO OO oOOo

.97
.97
.97
.96
.96
.96
.96
.96
.96
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(48] :

1 1590 33.54 79.62 96.41 96.22 96.60 0.96
1 1600 22.21 74.79 96.49 96.61 96.36 0.96
Saved pipeline to output directory

training/model-last

!python -m spacy project run evaluate

evaluate

Running command: /home/anibal/gitsources/tesis-
estadistica/03-Experimentos/.env/bin/python -m spacy evaluate training/model-
best corpus/test.spacy --output training/metrics_0.0.1.json
[W Module.cpp:482] Warning: Disabling benchmark mode for MIOpen is NOT
supported. Overriding value to True (function operator())

Using CPU

To switch to GPU O, use the option: --gpu-id O

Results

TOK 100.00
NER P 95.85
NER R 95.39
NER F 95.62
SPEED 26125

NER (per type)

P R F
SAMBL 91.76 91.26 91.51
CAMB 95.16 92.27 93.69
NUM 97.81 97.19 97.50
CUANT 98.66 98.33 98.50
LEGEST 97.59 97.98 97.79
FECHA 94.08 96.95 95.50
ACC 95.80 98.49 97.12
ILAMB 86.47 80.99 83.64
ILEG 97.42 97.42 97.42
SUJ 94.55 89.67 92.05
ACCAMB 95.31 94.86 95.08
EST 93.84 95.80 94.81
LUGAR 93.62 97.78 95.65
SA 88.89 88.89 88.89
VAMB 93.33 77.78 84.85
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[]1:

PORC 100.00 100.00  100.00
ADMB 90.00 81.82 85.71

Saved results to training/metrics_0.0.1.json

Wilcoxon Test results

Tables 1, 3 and 5 shows the output for the Wilcoxon Test from the k-Fold Cross-
validation analysis.
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Table 1: Wilcoxon test for Precision score from k-Fold Cross-validation analysis.

Score group; group, n; n, statistic p p.adj signif.
Precision K-1 K-2 17 17 166.5 0.459 1.000 ns
Precision  K-1 K-3 17 17 167.0 0.449 1.000 ns
Precision  K-1 K-4 17 17 131.0 0.654 1.000 ns
Precision  K-1 K-5 17 17 191.0 0.113 1.000 ns
Precision  K-1 K-6 17 17 96.5 0.102 1.000 ns
Precision K-1 K-7 17 17 175.0 0301 1.000 ns
Precision  K-1 K-8 17 17 165.5 0.480 1.000 ns
Precision K-1 K-9 17 17 1385 0.850 1.000 ns
Precision  K-1 K-10 17 17 163.0 0.535 1.000 ns
Precision  K-2 K-3 17 17 148.0 0.918 1.000 ns
Precision  K-2 K-4 17 17 117.5 0361 1.000 ns
Precision  K-2 K-5 17 17 163.5 0.524 1.000 ns
Precision K-2 K-6 17 17 83.0 0.035 1.000 ns
Precision  K-2 K-7 17 17 159.0 0.630 1.000 ns
Precision  K-2 K-8 17 17 145.5 0.986 1.000 ns
Precision  K-2 K-9 17 17 126.0 0.535 1.000 ns
Precision  K-2 K-10 17 17 143.0 0.973 1.000 ns
Precision K-3 K-4 17 17 115.0 0.317 1.000 ns
Precision K-3 K-5 17 17 154.0 0.757 1.000 ns
Precision  K-3 K-6 17 17 85.5 0.044 1.000 ns
Precision  K-3 K-7 17 17 150.5 0.850 1.000 ns
Precision  K-3 K-8 17 17 138.5 0.850 1.000 ns
Precision  K-3 K-9 17 17 1255 0.524 1.000 ns
Precision K-3 K-10 17 17 146.5 0.959 1.000 ns
Precision K-4 K-5 17 17 191.0 0.113 1.000 ns
Precision K-4 K-6 17 17 122.5 0.458 1.000 ns
Precision K-4 K-7 17 17 182.5 0.196 1.000 ns
Precision K-4 K-8 17 17 173.0 0.334 1.000 ns
Precision K-4 K-9 17 17 159.5 0.617 1.000 ns
Precision K-4 K-10 17 17 1755 0.293 1.000 ns
Precision  K-5 K-6 17 17 745 0.017 0.747 ns
Precision K-5 K-7 17 17 133.5 0.718 1.000 ns
Precision  K-5 K-8 17 17 121.5 0438 1.000 ns
Precision  K-5 K-9 17 17 110.5 0.249 1.000 ns
Precision  K-5 K-10 17 17 130.5 0.642 1.000 ns
Precision K-6 K-7 17 17 209.5 0.026 1.000 ns
Precision K-6 K-8 17 17 199.5 0.060 1.000 ns
Precision K-6 K-9 17 17 183.0 0.190 1.000 ns
Precision  K-6 K-10 17 17 211.0 0.023 1.000 ns
Precision  K-7 K-8 17 17 1375 0.823 1.000 ns
Precision  K-7 K-9 17 17 1185 0.380 1.000 ns
Precision K-7 K-10 17 17 139.5 0.877 1.000 ns
Precision K-8 K-9 17 17 129.5 0.617 1.000 ns
Precision K-8 K-10 17 17 1475 0931 1.000 ns
Precision  K-9 K-10 17 17 165.5 0.480 1.000 ns
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Table 3: Wilcoxon test for Recall score from k-Fold Cross-validation analysis at 95% confi-

dence.

Score group, group, ny n, statistic p p.adj signif.
Recall K-1 K-2 17 17 1985 0.065 1.000 ns
Recall K-1 K-3 17 17 149.0 0.890 1.000 ns
Recall K-1 K-4 17 17 146.5 0959 1.000 ns
Recall K-1 K-5 17 17 201.0 0.054 1.000 ns
Recall K-1 K-6 17 17 117.5 0361 1.000 ns
Recall K-1 K-7 17 17 1675 0.438 1.000 ns
Recall K-1 K-8 17 17 1345 0.743 1.000 ns
Recall K-1 K-9 17 17 152.5 0.796 1.000 ns
Recall K-1 K-10 17 17 1745 0309 1.000 ns
Recall K-2 K-3 17 17 100.5 0.134 1.000 ns
Recall K-2 K-4 17 17 90.5 0.065 1.000 ns
Recall K-2 K-5 17 17 141.0 0918 1.000 ns
Recall K-2 K-6 17 17 70.5 0.011 0.508 ns
Recall K-2 K-7 17 17 108.0 0.215 1.000 ns
Recall K-2 K-8 17 17 835 0.037 1.000 ns
Recall K-2 K-9 17 17 98.5 0.117 1.000 ns
Recall K-2 K-10 17 17 1275 0570 1.000 ns
Recall K-3 K-4 17 17 140.0 0.890 1.000 ns
Recall K-3 K-5 17 17 185.5 0.163 1.000 ns
Recall K-3 K-6 17 17 1140 0301 1.000 ns
Recall K-3 K-7 17 17 156.0 0.705 1.000 ns
Recall K-3 K-8 17 17 128.0 0.581 1.000 ns
Recall K-3 K-9 17 17 1425 0959 1.000 ns
Recall K-3 K-10 17 17 168.5 0.418 1.000 ns
Recall K-4 K-5 17 17 198.0 0.068 1.000 ns
Recall K-4 K-6 17 17 1195 0.399 1.000 ns
Recall K-4 K-7 17 17 166.0 0.469 1.000 ns
Recall K-4 K-8 17 17 137.0 0.809 1.000 ns
Recall K-4 K-9 17 17 1485 0904 1.000 ns
Recall K-4 K-10 17 17 177.0 0270 1.000 ns
Recall K-5 K-6 17 17 72.0 0012 0531 ns
Recall K-5 K-7 17 17 1125 0.278 1.000 ns
Recall K-5 K-8 17 17 91.5 0.070 1.000 ns
Recall K-5 K-9 17 17 109.0 0.228 1.000 ns
Recall K-5 K-10 17 17 1225 0459 1.000 ns
Recall K-6 K-7 17 17 193.0 0.098 1.000 ns
Recall K-6 K-8 17 17 163.0 0.535 1.000 ns
Recall K-6 K-9 17 17 1745 0309 1.000 ns
Recall K-6 K-10 17 17 1945 0.088 1.000 ns
Recall K-7 K-8 17 17 119.5 0399 1.000 ns
Recall K-7 K-9 17 17 1285 0.593 1.000 ns
Recall K-7 K-10 17 17 1555 0.718 1.000 ns
Recall K-8 K-9 17 17 155.5 0.717 1.000 ns
Recall K-8 K-10 17 17 181.5 0.209 1.000 ns
Recall K-9 K-10 17 17 166.5 0.459 1.000 ns
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Table 5: Wilcoxon test for F1 score from k-Fold Cross-validation analysis.

Score group, group, n; n, statistic p p.adj signif.
F1 K-1 K-2 17 17 1940 0.092 1.000 ns
F1 K-1 K-3 17 17 163.0 0.535 1.000 ns
F1 K-1 K-4 17 17 1420 0.945 1.000 ns
F1 K-1 K-5 17 17 191.5 0.109 1.000 ns
F1 K-1 K-6 17 17 108.5 0.221 1.000 ns
F1 K-1 K-7 17 17 168.5 0.418 1.000 ns
F1 K-1 K-8 17 17 157.0 0.683 1.000 ns
F1 K-1 K-9 17 17 159.0 0.634 1.000 ns
F1 K-1 K-10 17 17 1825 0.196 1.000 ns
F1 K-2 K-3 17 17 1145 0.310 1.000 ns
F1 K-2 K-4 17 17 97.0 0.105 1.000 ns
F1 K-2 K-5 17 17 140.5 0.904 1.000 ns
F1 K-2 K-6 17 17 715 0.013 0562 ns
F1 K-2 K-7 17 17 1155 0.326 1.000 ns
F1 K-2 K-8 17 17 105.0 0.179 1.000 ns
F1 K-2 K-9 17 17 116.0  0.339 1.000 ns
F1 K-2 K-10 17 17 1340 0.734 1.000 ns
F1 K-3 K-4 17 17 125.0 0.513 1.000 ns
F1 K-3 K-5 17 17 176.0  0.286 1.000 ns
F1 K-3 K-6 17 17 102.5 0.153 1.000 ns
F1 K-3 K-7 17 17 152.0 0.812 1.000 ns
F1 K-3 K-8 17 17 138.0 0.838 1.000 ns
F1 K-3 K-9 17 17 1440 1.000 1.000 ns
F1 K-3 K-10 17 17 167.0 0.454 1.000 ns
F1 K-4 K-5 17 17 191.5 0.109 1.000 ns
F1 K-4 K-6 17 17 1180 0.370 1.000 ns
F1 K-4 K-7 17 17 1740 0.322 1.000 ns
F1 K-4 K-8 17 17 160.5 0.593 1.000 ns
F1 K-4 K-9 17 17 168.5 0.418 1.000 ns
F1 K-4 K-10 17 17 184.0 0.182 1.000 ns
F1 K-5 K-6 17 17 75.0 0.016 0.720 ns
F1 K-5 K-7 17 17 121.5 0.438 1.000 ns
F1 K-5 K-8 17 17 107.0  0.205 1.000 ns
F1 K-5 K-9 17 17 119.0 0.394 1.000 ns
F1 K-5 K-10 17 17 1340 0.734 1.000 ns
F1 K-6 K-7 17 17 202.0 0.049 1.000 ns
F1 K-6 K-8 17 17 1825 0.196 1.000 ns
F1 K-6 K-9 17 17 190.5 0.117 1.000 ns
F1 K-6 K-10 17 17 206.5 0.034 1.000 ns
F1 K-7 K-8 17 17 131.0 0.658 1.000 ns
F1 K-7 K-9 17 17 135.0 0.760 1.000 ns
F1 K-7 K-10 17 17 159.5 0.617 1.000 ns
F1 K-8 K-9 17 17 147.0  0.946 1.000 ns
F1 K-8 K-10 17 17 1755 0.293 1.000 ns
F1 K-9 K-10 17 17 169.0 0.413 1.000 ns
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