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Abstract

Natural language processing and Machine learning are subjects undergoing intense study
nowadays. These fields are continually spreading, and are more interrelated than ever before.
A case in point is text classification which is an instance of Machine learning(ML) application in

Natural Language processing(NLP).

Although these subjects have evolved over the recent years, they still have some problems that
have to be considered. Some are related to the computing power techniques from these subjects

require, whereas the others to how much training data they require.

The research problem addressed in this thesis regards lack of knowledge on whether Machine
learning techniques such as Word2Vec, Bidirectional encoder representations from transformers
(BERT) and Support vector machine(SVM) classifier can be used for text classification, provided
only a small training set. Furthermore, it is not known whether these techniques can be run on

regular laptops.

To solve the research problem, the main purpose of this thesis was to develop two separate
conversational interfaces utilizing text classification techniques. These interfaces, provided with
user input, can recognise the intent behind it, viz. classify the input sentence within a small set of
pre-defined categories. Firstly, a conversational interface utilizing Word2Vec, and SVM classifier
was developed. Secondly, an interface utilizing BERT and SVM classifier was developed. The goal
of the thesis was to determine whether a small dataset can be used for intent classification and

with what accuracy, and if it can be run on regular laptops.

The research reported in this thesis followed a standard applied research method. The main
purpose was achieved and the two conversational interfaces were developed. Regarding the
conversational interface utilizing Word2Vec pre-trained dataset, and SVM classifier, the main
results showed that it can be used for intent classification with the accuracy of 60%, and that it can
be run on regular computers. Concerning the conversational interface utilizing BERT and SVM
Classifier, the results showed that this interface cannot be trained and run on regular laptops. The

training ran over 24 hours and then crashed.

The results showed that it is possible to make a conversational interface which is able to classify
intents provided only a small training set. However, due to the small training set, and consequently
low accuracy, this conversational interface is not a suitable option for important tasks, but can be

used for some non-critical classification tasks.

Keywords

Intent classification, input categorisation, conversational interfaces, SVM, Word2Vec, BERT,

small domain






Abstract

Natural language processing och maskininlarning 4r amnen som forskas mycket om idag. Dessa
omraden fortsitter vixa och blir allt mer sammanvéavda, nu mer dn nagonsin. Ett omrade ar
textklassifikation som dr en gren av maskininlarningsapplikationer (ML) inom Natural language

processing (NLP).

Aven om dessa dmnen har utvecklats de senaste &ren, finns det fortfarande problem att ha i &
tanke. Vissa ar relaterade till ra datakraft som kravs for dessa tekniker medans andra problem

handlar om mingden data som kréavs.

Forskningsfragan i denna avhandling handlar om kunskapsbrist inom maskininlarningtekniker
som Wordavec, Bidirectional encoder representations from transformers (BERT) och Support
vector machine(SVM) Klassificierare kan anvidndas som Kklassification, givet endast sma

traningsset. Fortsédttningsvis, vet man inte om dessa metoder fungerar pé vanliga datorer.

For att 16sa forskningsproblemet, huvudsyftet for denna avhandling var att utveckla tva separata
konversationsgranssnitt som anvinder textklassifikationstekniker. Dessa granssnitt, give med
data, kan kinna igen syftet bakom det, med andra ord, klassificera given datamening inom ett
litet set av fordefinierade kategorier. Forst, utvecklades ett konversationsgrianssnitt som anviander
Wordavec och SVM Klassificerare. For det andra, utvecklades ett granssnitt som anviander BERT
och SVM Klassificerare. Malet med denna avhandling var att avgora om ett litet dataset kan
anvandas for syftesklassifikation och med vad for triaffsikerhet, och om det kan anvindas pa

vanliga datorer.

Forskningen i denna avhandling foljde en standard tillimpad forskningsmetod. Huvudsyftet
uppndddes och de tvd konversationsgrinssnitten utvecklades. Angaende
konversationsgrianssnittet som anvinde Word2avec fortranat dataset och SVM Kklassificerar, visade
resultatet att det kan anvandas for syftesklassifikation till en traffsikerhet pa 60%, och fungerar pa
vanliga datorer. Angéende konversationsgranssnittet som anvinde BERT och SVM Kklassificerare,
visade resultatet att det inte gér att kora det pa vanliga datorer. Traningen kordes i 6ver 24 timmar
och kraschade efter det.

Resultatet visade att det d4r mojligt att skapa ett konversationsgrianssnitt som kan klassificera
syften, givet endast ett litet triningsset. Daremot, pa grund av det begrinsade traningssetet, och
konsekvent 1ag traffsdkerhet, 4r denna konversationsgranssnitt inte 1amplig for viktiga uppgifter,

men kan anvindas for icke kritiska klassifikationsuppdrag.

Nyckelord

Avsiktsklassificering, input kategorisering, conversational interfaces, SVM, Word2Vec, BERT,

begrinsad domén
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1 Introduction

Natural Language Processing (NLP) [1] is a subject undergoing intense study
nowadays. One of the reasons why NLP became widespread is that Machine
learning (ML) [2] methods such as representation learning [3] started being used
in NLP [4]. These types of methods are able to achieve exemplary results in
language modelling and parsing [5], and many other areas. One typical use case

is to classify words and sentences with respect to their meaning.

1.1 Background

A Machine learning application in Natural Language Processing is text
classification [6]. Text classification is a process of assigning categories to a text
depending on its content. Unstructured textual data can be seen everywhere, such
asin chats, websites and media [77]. Text can be a rather rich source of information,
and hence many businesses are turning to text classification. A typical case of
text classification implementation is intent classification. Given a certain input (a
word or a sentence), classify it to one of pre-defined categories, depending on its

meaning.

Systems used for intent classification contain the following two components [8]:
Word embedding [9], and a classifier [10]. Word embedding is a collective name
for techniques which map natural language words to vectors of real numbers, and
the one mostly used is Word2Vec [11], a simpler technique [12] which maps every
word to its own vector, thereby disregarding the semantic and morphological
relations among the words in the sentence. Bidirectional encoder representations
from transformers (BERT) [13] is a more advanced word embedding technique
which takes these relations into account. After mapping the words into vectors,
a classifier, such as Support-vector machine (SVM) is used to identify to which
set of categories does a new observation belong, and this is based on a training
set of data containing observations (or instances) whose category membership is

already known [8].



The systems utilizing the stated text classification techniques have a potential of
being used for creating conversational interfaces which, given the user input, are
able to discern the intent behind it, that is, assign the input a certain category, and
output the category [14]. These systems furthermore require big datasets in order
work as intended [12], and small datasets are usually considered not sufficient for

the general use [8].

1.2 Problem

According to the authors’ knowledge, there is no scientific paper specifically
focusing on whether ML techniques such as Word2Vec, BERT and SVM classifier
can be used for implementing a conversational interface which is able to classify
the user input to its corresponding predefined category provided a small training
dataset. These techniques usually require a larger dataset to work, and it is
unknown whether a small dataset would be satisfactory. Another problem that
can be encountered is training time. The systems used for training are usually
powerful desktop computers or super-computers, but the systems used during
this project for implementing and testing these techniques are regular laptops.
A particular question that is investigated is: What would the systems contain in
order to be able to recognize the intents behind the user input within a small

domain?

1.3 Purpose

The purpose is to present two different systems, show what they should contain,
and describe their development. These two systems have the same capability,
to discern the intent behind the user input within a small domain. The first
one would be a system consisting of an SVM classifier utilizing the pre-trained
Word2Vec dataset, whereas the second system would incorporate an SVM

classifier utilizing the BERT pre-trained dataset.



1.4 Goal

The goal is to determine whether a small dataset can be used for intent
classification and with what accuracy. Machine learning is considered to be the
future of conversational interfaces, and it will be determined if different Machine
learning (ML) techniques can indeed be applied to making conversational
interfaces. The conversational interfaces usually work within a small domain,
and since Machine learning techniques require a big training dataset, it will
be determined if a small dataset is sufficient for the implementation of a

conversational interface.

1.5 Benefits, Ethics and Sustainability

The results of this project will improve the accuracy of conversational interfaces
when it comes to intent recognition. The conversational interfaces would obtain
the capability to recognize the intent behind the user input, and hence be close
to being aware of the actual meaning of what the user wishes. These kind of
conversational interfaces would also bring the customer service to the next level.
In the future, all conversational interfaces can have the capability to recognize
the intent behind the user’s input, and in that way, long queues would be avoided
and customer service would be better. The company that acquires these type of
conversational interfaces would also be able to cut their costs by employing fewer

people.

When conducting this research, special care is paid to ethical issues. The thesis
is objective, and there is no bias in experimental design, data analysis or any
other part. Patents and copyrights from the company for which the thesis is done
are respected, and no data is published without previous permission from the
company. This project also features a social responsibility. It strives to promote
good by making conversational interfaces even more useful, and in that way saving

people’s time, and reducing the queues.

Conversational interfaces also collect a lot of data, which is, in turn, the key to

allowing them to self-improve. Some users, on the other hand, would prefer not to



share their data, and would reject their input data to be used for analysis. Hence,
conversational interfaces should be programmed carefully, and most probable

user wishes should be accounted for.

These interfaces can furthermore be used to address social sustainability issues.
Problems like population aging have become a global phenomena [15]. More and
more people would be required for elderly care, and the lack of people who wish to
work in that sector is already very high. These interfaces, if properly implemented
in a robot, can be used to serve the basic needs of elderly people, and help them

with everyday problems.

1.6 Methodology

The key to a successful research is choosing the right methods and methodologies.
The basic research method used for this research was the qualitative research
method. The reason for that is that this method utilises smaller datasets, which
are sufficient enough to produce reliable and valid results, and that suited this

research.

Regarding the research methods, Applied research method was used, and the
main reason for that is that the main idea of this paper was to create new systems.
As for the research approaches, inductive approach was chosen. The research
strategy used in this research was Action research. Data was collected by using
Observations method, and was later analysed with the help of Analytic induction
and Grounded theory methods. Concerning the quality assurance, this research
applied and discussed validity, dependability, confirmability, transferability and
ethics. Moreover, a literature study was conducted prior to implementation, and

the conclusions were drawn and used during the implementation phase.

1.7 Stakeholders

The project is conducted at the company Digital Edge. Digital Edge is a
small consultancy company with the focus on information and communication

technologies. It provides business to business services, and it advises



organizations how to use information technologies in order to achieve their
business goals [16]. The company is interested in text classification and in this
project since their long term agenda is to develop a chat bot utilising Machine
learning and Text classification techniques, and this conversational interface,

according to them, would be the first step to it.

1.8 Delimitations

This thesis project is about developing two systems, one based on Word2Vec pre-
trained dataset, and the other on BERT pre-trained dataset. This project is not
about assessing the performance of the two systems, nor comparing them. It is
not evaluated in which cases should each system be used. It is also not determined
how much data is needed for the systems to work with high accuracy [17], [11],
[8], but instead the systems are trained on one small dataset and their accuracy
determined. The main agenda is to only deliver the two systems and describe what

they consist of.

1.9 Outline

The remainder of this thesis report is as follows. In Section 2 the theoretical
background for this project is described. In Section 3 one can find more
information about engineering-related content, methodologies and methods.
Section 4 says more about the system used, and how the software was designed, as
well as how the program was implemented. Section 5 provides more information
about results, that is, findings from the survey. Discussion is also a part of
the Section 5. Section 6 takes a holistic approach to the research, methodology
and results and also features a summary of the most important conclusions and

discoveries, as well as future work proposals and ideas.






2 Machine learning and sentence classification

This chapter presents the theory behind the techniques important for this
research. It is important to describe these crucial concepts before starting to
implement them. Section 2.1 gives an overview of all the used concepts. In
Section 2.2 Support vector machine (SVM) classifier is presented. Section 2.3
describes Word2Vec word embeddings. Section 2.4 gives more information about
Bidirectional Encoder Representations from Transformers (BERT). In Section 2.5
related work is described, and in Section 2.6 it is specified which techniques are

utilized.

2.1 Overview

Recent progress in Machine learning has, in large part, been driven by models
based on deep neural networks and representation learning. These models
have made a big impact across various fields. A typical area influenced by
these methods is Natural Language Processing (NLP). Representation learning,
or feature learning is used for discovering representations that are necessary
for feature detection and classification from data [3]. Feature learning can be
furthermore divided into supervised and unsupervised. The former is about
grasping features from labeled data, such as text. A typical example of it is
Support Vector Machine (SVM) technique, which is used for classifiying data into
certain groups [18]. These Machine learning techniques furthermore make use
of word embeddings. These embeddings are used for understanding semantic
relationships between words and sentences [19]. Typical examples of these word
embedding techniques are Word2Vec and BERT. With them, semantic meaning

of words could be mapped to positions within a feature space.

Word2Vec is an algorithm that produces word embeddings in vector space. It has
the ability to show how words are related to each other within a specific domain
[19]. One of its main problems is that it addresses each word separately, and has

difficulty in analysing a group of words or a sentence as a whole.



During 2018, newer models such as Bidirectional Encoder Representations from
Transformers (BERT) [17] were introduced which solve this problem. They do

require more time to be trained, but the accuracy is higher.

These Machine learning (ML) techniques can potentially be used for creating
Conversational interfaces which, given the user input, are able to discern the
intent behind it, that is, assign the input a certain category, and output the

category.

2.2 SVM Classifier

Text classification is an instance of Machine learning (ML) application in Natural
Language processing. Classifying a certain document means assigning categories
to it, which proves beneficial for later actions, such as sorting. Sorting a document
makes it furthermore easier to manage. There are several ML techniques useful for
doing this, such as deep neural network ones and representation (feature) learning

ones.

Representation (feature) learning is furthermore divided into: supervised and
unsupervised learning. In supervised learning, the model is made based on a
training set. Categories are already pre-defined, and all the documents in the
training set are labeled to belong to one of the categories. Finally, the classifier
is trained on that pre-trained dataset, and then it is able to recognise new, similar
entries from the test set, and assign categories to them (Figure 2.2). On the
other hand, unsupervised learning models need to have the ability to discern the

patterns and similarity within the raw data without any help, or pre-classification

[6].

Certain classifiers also have the ability to show confidence interval which specifies
how probable it is that the classifier labeled certain test data correctly. The words
within sentences are considered features and these are used for classification. For
instance, the following three sentences can be a part of a simple training set (Table
2.1). The next step is to take words from these sentences and create a table from
them. A 1 can be assigned if a word exists in the sentence, and 0 otherwise (Table

2.2). Then, when a new raw sentence, i.e. “vilken ar din favoritfarg ” is to be



Technology

Acme Article

Sports

Entertainment

Figure 2.1: Classifier [14]

classified, a new word vector will be made, and it will be seen that it resembles the

embedding of the sentence “vad ar din favoritfarg” the most (Table 2.3).

Itis seen that the vector embedding of this sentence (Table 2.3) has most matching
entries with embedding sentence from Class 2 (Table 2.2). Hence, it is assumed
that it belongs to that category. This was a simple example of a classifier, which is
not to be used in this project. Instead, a more common classifier such as Support-
vector machine (SVM) will be uswed. SVM will require word more advanced
embeddings than the one mentioned above, and they will be obtained using
Word2Vec model.

Table 2.1: Training set sentences

Category 1 Category 2 Category 3
Vilken ar ditt favoritrecept | Vad ar din favoritfarg | Vad jobbar du

Table 2.2: Training set word values

vilken | ar | ditt | favoritrecept | vad | din | favoritfarg | jobbar | du | Class
1 1| 1 1 0 0 0 0 o0 | Class 1
1 1| 0 0 1 1 0 0 | Class 2
o) 1| 0 0 1 o) 0 1 1 | Class 3




Table 2.3: Final classification

vilken | ar | ditt | favoritrecept | vad | din | favoritfarg | jobbar | du | Class

o} 1 o 0 1 1 1 0 o | Class 2

Figure 2.2: A simple line that divides 2 classes [20]

Support-vector machines (SVMs) are a type of supervised learning methods and
can be used for classification [10]. SVM is a discriminative classifier that can be
formally defined by a separating hyperplane. Stated differently, provided labeled
training data, the SVM makes an optimal hyperplane which categorizes new input
examples. In 2D this hyperplane is only a line that divides the plane in 2 parts

where each part has one category.

In essence, if there is a plot of two label classes (Figure 2.1) a line that
separates these two should be drawn. This is exactly what SVM does, it draws

a line/hyperplane to separate classes.

In case the class instances are more spread out in plane, a simple line cannot be
drawn. In that case a transformation can be applied and one more dimension
added, the z-axis. If one assumes that values of first class are on the circle m =
z? + y?, one can manipulate the new z distance from the origin, and make the 2
classes differ by their z distance. Now, the separating line will be drawn between
these 2 classes. This can now be trasnformed back to 2D, and the boundary would
have a circular shape even though it was straight in 3D. These kind of transformers

are called kernel. Furthermore, there is a case when data from different classes

10



overlaps, and regularisation plays an important role here. The regularisation
parameter specifies how much the SVM classification should avoid misclasifying

each training example.

2.3 Word2Vec Embeddings

Word embeddings is a commonly used technique for representing words in vector
space. Word2vec is essentially an algorithm for creating a neural network which
is used for producing word embeddings. It takes a large corpus of text and
outputs a set of vectors, creating a vector space. Each vector is a representation
of a unique word in the corpus. While Word2Vec is not a deep neural network,
the representation of words in numerical form allows deep neural network to
understand it. The vectors are placed in the word vector space so they are close
to the words they share common context from in the corpus. The technique
furthermore utilizes the softmax activation function, which takes the vectors and
normalizes the values so the values are in the intervals (0,1) and add up to a
total sum of 1, this simplifies the interpretation of the vectors as probabilities
[21].Moreover, there are two models that Word2Vec can use, continuous bag-of-

words (CBOW) or skip-gram (Figure 2.3).

INPUT ~ PROJECTION  OUTPUT INPUT  PROJECTION  OUTPUT
w(t-2) 4 WE2)
wit1) €« WD
S\ SUM Y4
AN & /’/
W) wity ——
( N
w(t+1) 4 w(t+1)
W(t+2) 4wt
CBOW Skip-gram

Figure 2.3: CBOW and Skip-gram models [22]
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The CBOW model predicts a word from the surrounding context words. It
functions by first finding out the average vector value of those surrounding words,
and then projecting that single value into a position in the vector space. Since the
average value is used, the actual order of the surrounding words does not matter.
Finally, the most probable word is predicted. CBOW also makes use of the words
located later in the sentence, e.g. it takes a full sentence into account while doing
this prediction. The skip-gram method can be described as the opposite of the
CBOW method. It takes a current word and predicts the surrounding words. It
also has ways to improve the classification such as also taking into account other

words in the sentence where the original word is located [22].

24 BERT

Bidirectional Encoder Representations from Transformers (BERT) is a recently
made NLP technique which can be applied to a wide variety of NLP tasks such
as question Answering, text classification etc. The crucial novelty with BERT
is that it does a bidirectional training of transformer, a well-known attention
model, to language modelling [17]. Consequently, this model takes a new and
better approach when it comes to whole sentence classification in comparison to
Word2Vec. In Subsection 2.4.1 an overview of BERT is given. In Subsection 2.4.2
Masked language model (MLM) is described, and Subsection 2.4.3 describes Next
sentence prediction (NSP).

2.4.1 BERT Overview

Contrary to other implementations that consider a text sequence from either
left-to-right or right-to-left, BERT does it bidirectionally. The original BERT
paper [17] shows that a bidirectionally trained language model has a better
understanding of the context and of the text flow. A new technique, called Masked
LM (MLM) is described there, and it specifies how to do bidirectional training in

models where this kind of training was considered non-doable.

In essence, BERT uses Transformer [23]. Transformer is a type of an attention

mechanism whose main use is to discern contextual relationships among words

12



in a text. A basic Transformer is consisted of two individual mechanisms, an
encoder which reads the textual input, and a decoder whose main task is to make

a prediction for a specific task.

In contrast to directional models, that read the text left-to-right or the other way
around, the Transformer reads the whole group of words directly at once. Hence
it is considered to be bidirectional, albeit the best descriptive term would be non-
directional. This feature gives the model the opportunity to grasp the context of a

word based on other words in both left and right direction.

Figure 2.4 describes a Transformer encoder. Input is consisted of a list of tokens
that are initially embedded into vectors and after that handled by the neural
network. The output is consisted of a set of vectors, whose size is H, where every
vector coincides with a vector which has the same index from the input.

During the training of multiple language models, it is problematic to specify the
goal of a prediction. A majority of the language models predict the coming word

in a sentence (for instance “The man goes to ”), and this is a directional way of

considering a sentence, and it clearly inhibits context learning. In order to solve
this problem of limiting the context learning, BERT makes use of two techniques:
Masked LM (MLM) and Next Sentence Prediction (NSP).

2.4.2 Masked Language Model (MLM)

Prior to inputting sentences into BERT, 15% of the words in every sentence are
masked. They are removed and mask token put in their place. After that, the
model tries to guess the initial value of those masked words, and it does that by
checking out the non-masked words belonging to the sentences. In essence, for the

proper prediction of the desired output words, the following is required [13]:
« A classification layer on top of the encoder output

« Multiplying the vectors in the output by the embedding matrix, transforming

them into the vocabulary dimension

« Determining the probability of every word in the vocabulary, and making

use of softmax

13
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Figure 2.4: Transformer Encoder [13]

BERT'’s loss function disregards the prediction of the words that are not masked,
and only takes into account the predictions of the masked values. Consequently,
this model has a slower convergence rate when compared to directional models.

However, this is compensated by a higher awareness of the context.

2.4.3 Next Sentence Prediction (NSP)

After receiving a sentence pair as input during the training procedure, the model
learns to predict whether the latter sentence of that pair is the following the first
sentence of the pair inside the document as well. Half of the input data to BERT
model is consisted of a pair of sentences where the latter follows the former in
the original text, while the other half of input data is consisted of two random
sentences from the original text. It is presumed that the random sentence shall be

disassociated from the first sentence.

In order to assist the model see the difference between the two sentence during
the training, the actual input needs to be processed before it is put into the model
(Figure 2.5), and that is done in the following manner: First, a [CLS] token is

put where the first sentence beginns, and a [SEP] token is put at the end of that

14
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Figure 2.5: BERT Next Sentence Prediction [17].

sentence. Then, a sentence embedding which specifies if it is sentence one or
two is added to the tokens. These types of sentence embeddings are furthermore
akin to token embeddings which have a vocabulary of 2. Finally, every token
is given a positional embedding, and this is useful so that each token’s position
in the sequence is known. The theory behind positional embedding, as well as

implementation can be found in Transformer paper [23].

Next, in order to predict whether the second sentence is subsequent to the
first one, the following is done: First, the full input sequence is input in the
Transformer model. Next, the output of [CLS] token gets reshaped to 2x1 shaped
vector, and a straightforward classification layer is used for this. Finally, the
probability of isNextSequence is computed with the help of softmax. During the
training of BERT, MLM and NSP are trained simultaneously, and the reason for

this is to reduce the combined loss function of the two as much as possible.

2.5 Related Work

There exist other techniques to pre-train general language representations. Some
of them, such as GloVe and ELMo are briefly discussed here. There are
furthermore multiple ways in which BERT, Word2Vec and SVM can be used
for solving different tasks, some of which are presented here. These are Image

classification, Sentiment analysis and Named Entitty Recognition(NER).

« GloVe (Global Vectors) is a model for word representation. It is
Stanford’s open source project, and it is a log-bilinear regression model

for unsupervised learning of word representations. Its advantage is that
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it combines characteristics of two model families, namely, global matrix

factorization and local context window methods [19].

ELMo is one of the most used approaches of pretraining general languages
representations today [24]. ELMo takes a new approach to word embedding
research. It has the capability to obtain context-sensitive characteristics
from a language model. In essence, this deep contextualized word
representation models both intricate characteristics of word use, and how

these uses act in different linguistic contexts.

Image classification can be done by utilizing SVM. Experimental results
indicate that image classification accuracy is much higher when SVM is used,
in comparison to regular query refinement schemes [25]. The accuracy is
also higher in image segmentation systems that make use of a modified SVM

which uses the privileged approach [26].

Sentiment analysis classification using BERT is done in a similar manner
to Next sentence classification. An addition of a small classification layer
which will be located on the top of Transformer output for the [CLS] token

is enough.

Named Entity Recognition (NER) is a type of information extraction,
where the software identifies different named entities in the text, and
assigns them into one of the pre-specified categories, such as person names,
companies, quantities etc. NER research nowadays is mostly focused on how
to produce an annotated block of text from an unannotated one [27]. With
the use of BERT, a NER model can be trained by inputting the output vector
of every token to a classification layer that is used for prediction of the NER
label.

2.6 Utilized techniques

In this thesis, two systems are implemented. One is utilizing Word2Vec

word embeddings and an SVM classifier, while the other utilizes BERT word

embeddings and an SVM classifier. These techniques are fine-tuned and
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combined in order to be able to classify user input to some of the pre-given
categories. Other related techniques, such as GloVe and ELMo are not be used.
SVM fine tuning used for image classification or BERT fine tuning used for named

entity recognition or sentiment analysis are not utilized.
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3 Methodologies and Methods

The research methods and methodologies are processes which certify the quality
of the results of the research [28], and are presented in this section. Section
3.1 gives an overview of all used methods and methodologies. In Section 3.2
basic methods are presented. Section 3.3 describes philosophical assumptions.
Section 3.4 gives more information about research methods. In Section 3.5
research approaches are described. Section 3.6 describes research strategies and
designs (methodologies). In Section 3.7 data collection methods are described.
Section 3.8 gives more information about the data analysis. In Section 3.9 quality

assurance is described, and in Section 3.10 evaluation criteria is specified.

3.1 Overview

The qualitative research method was used in this research since the main aim was
to develop systems. This method utilises smaller data sets, which are sufficient
enough to produce reliable and valid results (Figure 3.1). When it comes to
philosophical assumptions, Interpretivism was used. As for research methods,
Applied research method was used, and the reason for that is that the main
agenda of this paper was to create new, specific, systems. Regarding research
approaches , inductive approach was used. When it comes to research strategy,
Action research was used. Data was collected using Observations method, and
was analysed using Analytic induction and Grounded theory methods. Regarding
quality assurance, this research applied and discussed validity, dependability,

confirmability, transferability and ethics.

3.2 Basic category

There are two basic research methods- quantitative research method and
qualitative research method. These methods can be used both for the numerical
and non-numerical projects. Only one of them can be chosen, and this choice, in

turn, affects the choice of research methods, strategies and analysis.
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Figure 3.1: The portal of research method and methodologies [28]

Experiments and testings have an important role in quantitative method, and
this method supports them by measuring variables in order to verify/falsify
hypothesis, theories or systems. The hypothesis has to be formulated so that it
can be measured with quantifications. This method requires big data sets due to

the necessary hypothesis testings, which lead to the validation of the project.

The qualitative method is about grasping the opinions, meanings and behaviours
in order to reach theories and hypothesis or to develop systems. This method
usually utilizes smaller data sets, which are sufficient for producing reliable
results. The data collection here does not stop before the saturation is

reached.

In this project the qualitative research method was used since the main intent
is to develop a system, and not to test or assess it. Firstly, the behaviour of the
Word2Vec, BERT and SVM classifier was studied in order to reach a theory and

develop a system which combines these.
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3.3 Philosophical Assumptions

A philosophical assumption is considered to be a foundation of a project, since
it guides the whole research. There are multiple core paradigms: Positivism,
Realism, Interpretivism, and Criticalism [29] [30] . Realism presumes that things
are known, and exist in reality. These are independent of the observer. The realists
monitor the occurrence in order to provide reliable facts and data. Subsequently,
they try to understand the obtained data and gain more knowledge. The final

result is considered as precise worldly experience.

Interpretivism presumes that reality is a matter of social constructions.
Interpretivists try to discern the phenomena by investigating the depth,
copiousness and complexity, mostly in an inductive way, in order to ascertain
the meaning that people give to a certain phenomena. while criticalism presumes
that reality is based on history and culture, and that it is made by people. Critical
presumptions address conflicts and contraditions in society and aim to put an end

to the causes of alienations and injustice to name a few examples.

Positivism was not used since it is a part of the auantitative method which was not
used. Rather, Interpretivism was used in this paper. From a system perspective,
the pre-trained Wordavec and BERT data sets were trained on everyday human
sentences. The meaning of those sentences was interpreted, and that is how the
data set was created. From a more general perspective, other scientific papers
were taken into account, as well as other researcher’s experience with these
models, in order to decide whether and how SVM can be used on Word2Vec and
BERT.

3.4 Research Methods

Research methods are considered to be procedures used for achieving tasks.
The methods provide guidelines about how to initiate, execute and finalize
research tasks. For the purpose of this thesis, research methods, strategies and
design are set apart. The research methods represent a theoretical frame for

the methods. Research designs and strategies are methodologies or guidelines
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(steps) used for carrying out the research. Hence, the research method is located
one level above the strategies and design. The methods used for qualitative
research are: Fundamental, Applied, Non-experimental, Empirical, Analytical

and Conceptual.

Non-experimental research method studies the existent scenarios and obtains
conclusions for the specific situation [31]. This research method predicts or
describes behaviours and may also provide more information about variable’s
relations but does not test causalities among variables. Non-experimental
research method has three distinct subdesigns: longitudinal, comparative and
realtional research and study, and it is mainly used for analyzing users’ behaviour

and nature, or user’s view of certain functionalities.

Fundamental research method is a method with curiosity-driven focus, which
means that a phenomena is observed and new insights into its underlying nature
are obtained. This method targets basic principles and testing theories, and
produces new ideas and theories. The final result are new discoveries and new
solutions to the old problems. This method therefore supports challenging old
theories and creating new ones, and it is used for different types of investigations

in order to generate innovations or theories.

Applied research method’s main focus is on providing an answer for particular
questions or figuring out solutions to practical and known problems. This method
checks the current state, the series of circumstances and the results it provides
are hence linked to that specific situations. It is usually based on using existing
studies and utilizing their data in order to apply it and solve different problems and
develop new technologies and inventions. Applied method is utilised for multiple
types of surveys and investigations, and is frequently based on basic research with

a specific intended application.

Conceptual research method is mainly utilised for building up new concepts, and
evaluating the existing ones [32]. It regards theory development, critical analysis
and historical research and may be used for creating new ideas in the field. It
is also noteworthy that the method may be used studying system content’s while
simultaneously disregarding its historic development. Conceptual research main

usage is to identify, inspect and interpret widely used concepts.
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Empirical research method is a method which is based on experiences and
observations. It acquires knowledge from real experiences and test predictions
by maintaining focus on people and situations. This method makes theories by
collecting and analyzing the data and experiences in order to discern relations
among deliverables, practices and technologies. A research utilizing this
method gets knowledge by obtaining proofs built upon evidence originating from

observations, experience, or experiments.

Analytical research method tests an already given hypothesis with the use of
current knowledge. Its main focus is on validating the hypothesis. This method
utilizes already collected information and facts, examines the material and finally
evaluates it. Other research methods, such as Experimental and Descriptive [28]
were not used since they belong to the quantitative research which is not used.
Instead, Applied research method was used here. The reason for that is that the
main agenda of this paper was to create new, specific systems, and this was done by
reviewing the already existing research, combining the conclusions of the works,
and applying the obtained knowledge and data in order to create the system in

praxis.

3.5 Research Approaches

Main use of research approaches is to draw conclusions and determine what is true
and what is not. Mostly used are deductive and inductive, and there is another
mixed one, though less frequently used, called Abductive. Deductive approach
derives conclusions from a known premises [28], whereas the inductive approach

takes facts into consideration and makes a general proposition.

Inductive approach [33] establishes propositions as well as theories by explaining
and examining the observations and patterns. Data is initially gathered, mostly
using the qualitative method, and then interpreted in order to obtain a clearer
picture of the phenomena. The phenomena is furthermore observed it from
different perspectives. The outcome are then formed on behaviors, experiences
and opinions. They furthermore need to consist of enough data, in order to

determine why phenomena is occurring, and specify the reasons for that.
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Deductive approach [33] is about testing theories and determining whether they
are true or false. The theories are thoroughly examined and that is done by
deducing as well as testing hypothesis and theory. This is predominantly done
with large data sets, and using quantitative method. Clearly, the hypothesis must
be defined in a way that it can be measured. It should provide information how the
measuring is to be done, and also state the outcome that is expected to be reached.
The outcome has to be formed on the data that was gathered, and relationships

among variables, in order to clearly show what is actually happening.

Abductive approach combines both deductive and inductive approaches in order
to reach certain conclusions. Here, the hypothesis that explains the significant
evidence is selected. At the beginning of application of this approach, there is
an incomplete, partial, set of data, and the abductive approach makes use of
preconditions in order to explain(or infer) conclusions. The final outcome is a

probable explanation.

Inductive method was used in this paper. Systems were developed, data from

them was collected, analyzed, and understanding of the systems was gained.

3.6 Research Strategy/Designs (Methodologies)

The research strategies and designs are guidelines (methodologies) which say
how to conduct a research. They include organizing, planning, designing and
carrying out the research. When it comes to qualitative research, most commonly
used strategies and designs are Surveys, Case study, Action research, Exploratory

research, Grounded theory, and Ethnography [28].

Surveys check characteristics of different types of subjects. Surveys can be cross-
sectional and longitudinal. This research method is a descriptive one, and it
checks frequency relationships among variables. Cross-sectional surveys gather
data on a population at some particular moment, whereas Longitudinal surveys

gather data over specific time period.

A case study is a study of empirical type which inspects a phenomenon in concrete

circumstances (situation), when boundaries between the phenomenon and the
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circumstances (situation) are not fully obvious. This type of study investigates
empirically a specific phenomenon by making use of several evidence sources.
Case study can be used be used by both quantitative and qualitative method basic

research method.

Action research is about doing certain actions that would make a contribution
to some practical concerns in uncertain and problematic situations and
circumstances. This method’s main advantage is that it improves the fashion
people use tackle with problems. This is a systematic method which consists of
planning, taking action, observing, evaluating and critically reflecting. Action
research is often used with restricted datasets, and qualitative method is

appropriate for it.

Exploratory research’s main focus on getting many relationships among variables
and using them to make a basis for general findings. This research commonly uses
surveys to gain better understanding of the problem. It pinpoints crucial variables
and issues to describe objectives, but seldom gives exact answers to particular

problems.

Grounded theory makes a theory that is grounded in the data. It systematically
gathers and analyzes the data. This theory is a type of inductive theory discovery
method [28].

Ethnography method originates from anthropology, and it is is used as a method
to study people. It makes use of descriptive human and cultural studies that under
inspection have something common. This method puts phenomena into in their

social and cultural context.

Other research methods, such as Experimental research, Ex post facto research
were not used since these methodologies belong to quantitative research, which

was not used.

Action research was used here. The reason why Action research was used is
because this research contributed to practical concerns in problematic situations.
This research has the potential to change the way people address issues, that is,
to change their way of thinking when it comes to implementing conversational

Interfaces.
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3.7 Data Collection

Data collection plays a crucial role in studies. For qualitative research, the
follwoing methods are used: Questionnaire, Case study, Observations, Interviews,
and Language and text. It is furthermore noteworthy that data collection methods
make use of samplings. Qualitative research utilizes concenience, snowball,

probability with stratification and theoretical samplings.

» Questionnaire gathers data by asking questions, and these questions either

quantify (closed questions) or qualify the data(open questions).

 Case study is a thorough analysis of a few participants who take part in the
study. This data collection method is most commonly used in combination

with the Case study research method.

« Observations monitor behaviors, along with paying special attention to the

context and ethnography.

« Interviews provide an in-depth problem understanding, and obtain the
participant’s perspective. They can either be structured, semi-structured or

unstructured.

« Language and text are commonly utilised for interpreting conversations,

and meanings of different types of text.

Observations were used here since the behavior of the systems was observed, and

it was noted if it can be used for intents classification within a small domain.

3.8 Data Analysis

Data analysis methods’ analyze the gathered data by inspecting, cleaning,
transforming and modelling it. They are useful for decision-making process,
and for making conclusions. There are different type of data analysis methods
commonly used today, such as Statistics, and Computational mathematics,
Coding, Analytic induction, Grounded theory, Narrative analysis, Hermeneutic,

and Semiotic.
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« Coding makes an analysis of the interviews through changing qualitative
into quantitative data. In essence, Coding designates concepts and strategies

and also numerates them and then applies Statistics.

« Analytic induction and Grounded theory are a type of iterative methods
which shift between collections and analyses. These iterations only stop

when there is no instance that reject the hypothesis.
« Narrative analysis is about literary discussion and analysis.
« Hermeneutic (in relation to text), and

« Semiotic (in relation to signs/symbols) are commonly utilised when it comes
to text analysis which can be used for supporting traceability in requirements

and interfaces.

Statistics, and Computational mathematics are not described here since they are a
part of qualitative research, which was not used. In this paper Analytic induction
and Grounded theory were used. The reason for that is that the systems developed
were iteratively checked, and those iterations were not stopped until a conclusion
was reached whether the systems could, in fact, be used, for intent classification

within a small domain.

3.9 Quality Assurance

The main point of quality assurance is validation and verification of the material
obtained from the research. This qualitative research, which took an inductive
approach considered validity, dependability, confirmability, transferability and
ethics [29]. In brief, these stand for:

« validity assures that the research was done in accordance to the specified

rules [34].

« dependability is about determining the correctness of the conclusions, and

auditing is used here [29].

« confirmability makes sure that the research was objective, and that it does

not include any biased assessment that could have influenced the results.
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« transferability is about creating a good documentation of research which

can be utilized by other researchers.

« ethics is about moral principles used during the whole research, and it
includes participants’ safety, guarantee of confidentiality, restraining from

coercion and having consent in written form.

3.10 Evaluation Criteria

The stakeholder stated that systems’ accuracy above 60% would be satisfactory
for the moment, and that a lower value would not be practical and could cause
more frustration than convenience. Accuracy of 60% means that 60% of all the
input sentences are classified to the right category. Above 85% would mean
a somewhat functional system that can be implemented for commercial use
within a limited frame, mainly as a conversational interface for people to interact
with [16], for example a virtual receptionist which can recognise the intents
behind the sentences people say and provide the people a corresponding, suitable

answer.
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4 System

In this chapter, the two developed systems are presented. Section 4.1 provides
information about the requirements and also an overview of the systems. Section
4.2 describes the development process. In Section 4.3 Word2Vec and SVM system
design and implementation is described. Section 4.4 describes BERT and SVM
system design and implementation. Section 4.5 describes the test bed and Section

4.6 gives more information about the observations that were made.

4.1 Overview

Two systems were developed. The first one is consisted of Word2Vec together with
SVM classifier, whereas the other one is consisted of BERT and SVM classifier.
The stakeholder wanted to compare Word2vec with BERT and see which one
of them is more suited to their needs. They required both systems to have a
limited amount of predefined intents, 12 of them and around 100 sentences for
the training of the classifier. The stakeholder furthermore required everything to

done in Swedish language.

4.2 System Development

For the implementation of the two systems, Agile method was used and it was
implemented as Scrum. A product backlog was firstly created, and all upcoming
user stories were put there. There were in total five sprints, and before each one
of them user stories were made, and some of them were worked on during the
sprint. Before the beginning of the first sprint the main topic of the thesis was

determined, and it was known what the expected result should be.

The main focus of the first sprint (18/03-01/04) was to learn more about
the project itself and the techniques to be used. Chapter 1 was written
during this period of time. Second sprint (01/04-15/04) was directed towards
learning about the techniques from a deep, theoretical perspective. By the

end of this point, it was more clear what function should each component
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of the future system have. Chapter 2: Sentence classificaion was written
during this sprint. Third sprint (15/04-29/04) focused on how the research
should be conducted. It was thoroughly analysed what kind of approaches
and methodologies should be chosen and the conclusions were written down in
Chapter 3: Methodologies and methods. Fourth sprint (29/04-13/04) targeted
system design and implementation. Theory from chapter 2 was used, along
with the methods and methodologies described in chapter 3, and systems were
designed, implemented, and described in chapter 4. Fifth sprint (13/05-27/05)

focused getting the results.

After the results were obtained they were present in chapter. During this sprint
discussion as well as final words, conclusions and future work were written. After
the end of the fifth and the last print, backlog was reviewed and it was concluded
that all the planned user stories were handled and that the project was successfully

completed.

4.3 Word2Vec and SVM

The first intent classification system utilizes Word2Vec and SVM classifier. A pre-
trained Word2Vec word embedding dataset was used, and the SVM classifier was
trained using it. In Subsection 4.3.1 system design of Word2Vec and SVM system

is given, and Subsection 4.3.2 describes the system implementation.

4.3.1 System Design

This system (Figure 4.1) is able to discern intent behind the user input. It consists
of Word2Vec [11] pre-trained dataset and SVM classifier [10]. Word2Vec is a
model which produces word embeddings (vectors), and these are later used by
the SVM classifier. Word2Vec pre-trained dataset in swedish language was found,
loaded, and then used by SVM classifier. This classifier was trained using the
word embeddings. For the system to recognise intents behind user’s input, that is,
categorise user input to certain categories, these categories had to be predefined,

and every category had its examples, and this was used for the training of the
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Figure 4.1: Text Classification System [35]

classifier. When the classifier is trained, the system requires the input from the
user, and the system regards this as test data. The classifier then assigns that
input the most probable category, that is, recognise the intent behind the input,

and prints it out.

4.3.2 System Implementation

This system (Figure 4.1) was implemented using Python 3.6 programming
language. Python is a high level programming language, most frequently used
in natural language processing applications. Word2Vec pre-trained dataset was

found [12].

The dataset was first loaded into the system. Then SVM classifier is used for the
actual classification of the test data into categories. The pre-defined categories

(intents) are: CatchAreYouSingle, CatchHowMuchDoYouMake,
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CatchFavoriteColor, = CatchWhatsYourFavoriteFood, = CatchWhatsYourDiet,
CatchWhereDoYouWork, CatchWhatsYourGender, CatchWhatsYourName,
CatchAreYouABot, CatchHowAreYou, Greetings, Goodbye.

Every sentence (one entry in X_train) which belongs to the classifier training
set (100 sentences in total) is assigned to one of these categories, and that is
done by setting Y_train entries equal to values from 1 to 12, depending on to
which category does the corresponding sentence in X_train belong to. The text
input is then converted to digital form. In essence, every word in a sentence
has its own vector value. In order to determine the vector value representing the
whole sentence, the vector values of all words in the sentence were combined and
averaged and one value obtained. One part of the data is the training set, and the
other part of the data is testing set. The testing set is obtained directly through
user input. Next, SVM classifier is loaded and it does the classification, prints the

assigned category (intent), and the precision.

4.4 BERT and SVM

The second intent classification system utilizes BERT and SVM classifier. A pre-
trained BERT word embedding dataset was used, and the SVM classifier was
trained using it. In Subsection 4.4.1 system design of BERT and SVM system is

given, and Subsection 4.4.2 describes the system implementation.

441 System Design

The difference between BERT and Word2Vec is mainly in the encoding phase of
the transformer [23]. Whereas Word2Vec is a directional encoder and BERT is
a bidirectional encoder. It is a bidirectional encoder due to its ability to mask a
portion of a sentence or a word [17]. The system design itself is quite similar to
figure 4.1, the logic is the same but the execution is different. Instead of using
Word2Vec for the encoding phase it uses BERTs own pre-trained data set and
then the classifier is trained using SVM. Once the system classifier is trained,

it is ready for an input as test data. The output is in the form of a confidence
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level, represented as a number between 0 and 1, where 1 is the highest confidence
possible. Every category above a certain threshold will show a confidence value
and the value with the highest confidence value will be the answer, that is, the

category to which the input is assigned to.

44.2 System Implementation

BERT was implemented according to the authors of the BERT paper [17] and the
author of bert-as-service [36], with additional fine tuning to suit the needs of the
system. The fine tuned layer consist of a SVM classifier which is used to train the
different intents. The lack of a Swedish language package made resorting to an
English language pack as the only viable option. Firstly, the pre trained model is
downloaded and a server and client is installed. The server handles the back end
while the client side is the front end part. Once the server is up and running, the
fine tuning for the purpose of this system can be trained. Although the fine tuning
might not always be necessary due to the amount of data BERT is trained on, for

a more accurate result it is used in this system.

The intents are encoded through the encode() call which takes a list of string and
converts it into a list of vectors. The batch size sets the maximum amount of
sequences a worker can handle at the time and is a value between 1 and 256, a
worker is a processor running on the server. The training for the fine tuning is a
semi-supervised training and by providing some answers for some of the intents
it can self-correct and be able to run larger amounts of data. In this system, 12
different intents are used and some of them are provided with an answer in the
form of a string and fed to the server. Through a lamda function the strings are

converted into vectors of set batch size.

Once the training is done, the system is ready for an input from the user and will

return a category and the confidence level for it.
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4.5 TestBed

The two systems were developed and tested on 2 Apple Macbook Pro laptops (OS
X versions 10.13.4 and 10.14) on a double core 2,9 GHz Intel Core i7 and quad-core
2.3GHz Intel Core i5 processors, and 8GB of RAM each, 1MB L2 cash and 6MB of
L3 cache. By running and testing the code on 2 different machines, the OS impact
can be minimized, and a more objective picture of the systems and their usability
obtained. Both systems produced almost identical classification results, and used

very similar amount of time.

4.6 Observations

The systems’ output during different inputs was observed to determine if the
systems can indeed recognise the intent behind the user input, and if so, with
what probability and accuracy. The input is test sentences which are not a part
of the training set. These test sentences are, however, chosen in such a way that
it is known that they belong to a certain pre-defined category. Furthermore, it
was observed what is the probability that a chosen category is correct, and what
is the probability that one of the other categories should have been chosen. In
some cases, probability for the right category was less than 50%, but given that
there are 12 categories and a limited training dataset, that was expected. Even in
those cases, the probability for the chosen, right, category was much higher than
the probability value for the second possible category.
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5 Result

In this chapter, the results are presented. In Section 5.1 Word2Vec and SVM
system results are presented. Section 5.2 describes the BERT and SVM system
results. Section 5.3 gives more information about evaluation and reliability
analysis and Section 5.4 is about validity analysis. In Section 5.5 discussion of

the results is presented.

5.1 Word2Vec and SVM System

The first system is the one consisting of Word2Vec pre-trained dataset and SVM
classifier is developed. It has the following categories pre-defined, that is, intents

that it can recognise from the user input:
1. CatchAreYouSingle,
2. CatchHowMuchDoYouMake,
3. CatchWhatsYourFavoriteColor,
4. CatchWhatsYourFavoriteFood,
5. CatchWhatsYourDiet,
6. CatchWhereDoYouWork,
7. CatchWhatsYourGender,
8. CatchWhatsYourName,
9. CatchAreYouABot,
10. CatchHowAreYou,
11. Greetings,
12. Goodbye.

Classifier is trained on every category, viz. every category is consisting of several
sentences/words on which the classifier is trained. The sentences belonging to

the test set (40 in total) are input into the system, and the system then assigns
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Table 5.1: Test set classification

Input Intent/Category Correct
Har du en flickvan? CatchAreYouSingle Yes
Vad ar ditt favoritrecept? CatchWhatsYourFavoriteFood | Yes
Ar du en pojke? CatchAreYouSingle No
Har du nén pojkvan eller flickvan? CatchAreYouSingle Yes
Vad ska jag kalla dig? CatchWhatsYourName Yes
Hur gar det? Greetings No
Ses Goodbye Yes
Ar du en tjej? CatchWhatsYourGender Yes
Vad ar ditt jobb? CatchAreYouABot No
Vad ater du? CatchWhatsYourDiet Yes
Hur mycket tjanar du? CatchWhereDoYouWork No

30
25
20
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10

5

0

Correct

Incorrect

Figure 5.1: Sentence Classification

each test sentence a category. The test set and the training set are disjoint. The

assigned categories for the first 10 out of the total of 40 can be seen in the table

5.1. The table also specifies if the assigned category is correct or not.

The classifier train score was was 70%, while the test score accuracy was 60%. In

other words, 60% of the intents were assigned a correct category. As can be seen

in Figure 5.1, 24 (60%) out of 40 sentences belonging to the test set were assigned

a correct category.
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5.2 BERT and SVM System

The second system, that is, the BERT and SVM system is not able to train and run
the fine tuning within a reasonable time frame on the current test bed. The system

was running over approximately 24 hours before it crashed.

5.3 Evaluation and Reliability Analysis

Reliability relates to correctness, trustworthiness, applicability and repeatability
of a measurements and measurement methods [37]. If the project is to be
run again, almost identical results would be obtained. Regarding the system
consisting of Word2Vec and SVM, 60% of the input sentences were assigned a
correct category, which is expected, due to accuracy of the system. It is noteworthy
that if the training set consisted of more than 100 sentences, the classification
would be more precise. Almost identical results were obtained on two different
machines (two Apple Macbook Pro laptops (OS X versions 10.13.4 and 10.14) on a
double core 2,9 GHz Intel Core i7 and quad-core 2.3GHz Intel Core i5 processors,
and 8GB of RAM each).

5.4 Validity Analysis

Validity regards if the chosen research methods indeed measure what they are
supposed to measure, so that the collected data can be used in order to answer the
research questions and make conclusions [37]. In order to assure the validity of

the project, the following steps were taken:

1. Suitable time scale for the study was selected. It was known from the
beginning that two systems are to be implemented, and the development

itself was done in phases, that is, sprints.

2. Scientific research methods were chosen, as can be read in chapter 3, and

the methods chosen are suitable for this study.

3. The most suitable sample method was selected.

37



4. No developer bias was involved in either collecting or presenting the results

of the project.

5.5 Discussion

The accuracy of the system consisting of Word2Vec and SVM was 60% and the
reasons for this are the limited Swedish language pre-trained dataset, and limited
training set (around 100 sentences belonging to different categories). If every
category had more examples, the accuracy would most likely have been higher.
Furthermore, if a test sentence is close or an exact match to the training data, the
confidence level is better, and if the test sentence has fewer words similar to the
training data sentences, the accuracy is lower. Nevertheless, it is questionable
to what extent can a system with this or similar accuracy be used in technology
nowadays. Depending on the purpose, the Word2Vec system accuracy might be
enough. The value is not limited to its ability to understand a given input, there
is a value of the technology itself as a attention catcher if implemented into, for

example a robot [38].

As for the BERT system, which is designed to run on a GPU [17], no result about
the accuracy of the system were collected due to it being run on a CPU. It is
possible to get a result through running it on a CPU, but a machine with more
RAM is needed. However, once the fine tuning of the system is done, it can be
run on any ordinary machine. No conclusions of the BERT system can be drawn
when it comes to its accuracy but if the original paper [17] is to be believed, it
has the potential to be very accurate. More research is needed to verify and prove
this assumption, especially for a limited data set. It was furthermore determined
that a small dataset can be used for intent classification, but it results in a lower
accuracy of 60%. With an accuracy of 60%, the system is not a suitable option
to use for important tasks, but it can be used as a proof of concept of intent

classification.
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6 Conclusions and Future Work

Natural Language Processing and Machine Learning are subjects of broad and
current interest. They are more interrelated than ever, and a typical example of

that it text classification.

The research problem addressed in this thesis regards lack of knowledge on
whether Machine learning techniques such as Word2Vec, Bidirectional encoder
representations from transformers (BERT) and Support vector machine(SVM)
classifier can be used for text classification, provided only a small training set.
Furthermore, it is not known whether these techniques can be run on regular

laptops.

The main purpose was to develop two separate conversational interfaces utilizing
text classification techniques. These interfaces, provided with user input, can
recognise the intent behind it, viz. classify the input sentence within a small set of

pre-defined categories.

This work firstly developed a conversational interface utilizing Word2Vec, and
SVM classifier. Secondly, an interface utilizing BERT and SVM classifier was
developed. The goal of the thesis was to determine whether a small dataset can
be used for intent classification and with what accuracy, and if it can be run on

regular laptops.

The research method followed a standard applied method design. Literature
regarding text classification was reviewed, and other similar systems utilizing text

classification techniques were checked out.

The main purpose of this research was accomplished. The study confirmed that
intent classification can be done provided only a small data set utilizing only
regular lap tops, and the system that was able to do this consisted of Word2Vec
and SVM classifier. Conversely, the system consisting of BERT and Word2Vec

could not be trained on regular lap tops.
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6.1 Thesis discussion

The only system that was able to function on the test bed was the Word2Vec
in combination with SVM. The basics of the system is quite simple and can be
implemented quickly with the help of different libraries in python. However,
limitations come with the Word2Vec pre-trained data. There are limited
Word2Vec language packs for the Swedish language and all of them were
minimum of 3.5 gigabytes in size. Since the language pack has to be reloaded
every time the program runs, roughly 15 minutes are spent just waiting for the

result.

The Word2Vec system is not as hardware demanding in comparison to the BERT
system and can therefore be used on a larger amount of machines. With an
accuracy of 60%, the system is not a suitable option to use for important tasks,

but it can be used as a proof of concept of intent classification.

BERT is very hardware demanding and a powerful GPU or a cloud service is
needed to train it. One option is to use google colab or google services[39].
However, once the fine tuning of the system is done, it can be run on any ordinary
machine. No conclusions of the BERT system can be drawn when it comes to
its accuracy but if the original paper [17] is to be believed, it has the potential to
be very accurate. More research is needed to verify and prove this assumption,

especially for a limited data set.

In brief, it is possible to classify intents based on a small data set. However,
where exactly the two systems developed in this thesis should be used has not
been researched. These systems can be used commercially, but mostly for the
amusement purposes. As it is now, it is not advised to implement them in
any critical type of work where a small misunderstandings can cause serious

consequences.

6.2 Future Work

Intent classification can be applied in different conversational interfaces,

depending on the need for an accurate system for a type of service. The two
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systems developed in the project can be used for non-essential work which are
more for an amusement purpose where the data is limited. More research
can be done in order to evaluate the two systems, asses their performance and
determine which one is the most suitable and for which use. It should also be more
researched if these classification techniques can be used on regular laptops for the
purpose of text classification, or if it is still a job more suited for super computers.
It can also be more researched to what extent and where would the conversational

interfaces utilizing Machine Learning techniques be useful today.
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