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“We believe that emotions are powerful inner forces
that affect onr bebavior and thoughts, even when we
would prefer that they did not.”

— Robert Plutchik, Theories of Emotion, 1980.
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Prepoznavanje ustev na Twitterju z uporabo nevronskib mreg

POVZETEK

Ceprav prodira globoko uéenje na vsa podrogja procesiranja naravnega jezika, do zdaj e
ni bilo uporabljeno za prepoznavanje ¢ustev. Vecina dosedanjih $tudij prepoznavanja ¢u-
stev na tvitih uporablja preproste klasifikatorje na znadilkah, ki pripadajo modelu vrece
besed ali pa jih raziskovalci konstruirajo roéno. Glavna tema disertacije je izbolj$ava mo-
delov za prepoznavanje custev v tvitih z uporabo nevronskih mrez. V ta namen najprej
ustvarimo tri velike podatkovne mnozice, sestavljene iz uénih primerov, ki so oznaéeni
glede na to, katero ¢ustvo po Ekmanovi, Plutchikovi ali POMS-ovi kategorizaciji izrazajo.
Custvene oznake pridelamo avtomatsko z uporabo Twitterjevega mehanizma za samo-
oznalevanje vsebine, s t. i. tematskimi oznakami (angl. hashtags). Nato primerjamo
natanénost klasifikatorjev z uporabo modelov vrece besed in latentnega semanti¢nega
indeksiranja z natanénostjo nevronskih mrez, tako rekurenénih kot konvolucijskih, ki
na vhodu sprejmejo besede ali znake. Nadalje smo raziskovali prenosljivost reprezentacij
konénih skritih stanj modelov nevronskih mrez, natanéneje, ali je reprezentacija, nauce-
na pri treniranju modela za neko klasifikacijo ¢ustev, lahko koristna za napovedovanje
druge klasifikacije. Zaklju¢imo z u¢enjem skupnega modela, ki je sposoben prepozna-
vati Custva vseh treh omenjenih klasifikacij, pri tem pa je omejen na uporabo skupne
reprezentacije.

Eksperimentalno pokazemo, da so nevronske mreze natan¢nejse od klasiénih pristo-
pov k prepoznavanju ¢ustev. Kot najnatanénejse se izkazejo rekurenéne mreze, ki na vho-
du sprejemajo znake in tako predstavljajo celosten pristop k uéenju (angl. end-to-end
learning). Ceprav je prenosljivost reprezentacij modelov, ki so trenirani na eni poda-
tkovni mnoZici, precej slaba, se ta drasti¢no izbolj$a pri skupnem modelu. Pri uenju
skupnega modela z znanimi metodami opazimo, da je natan¢nost zelo neuravnotezena
glede na podatkovne mnozice, predvsem zaradi velike razlike v $tevilu u¢nih primerov

znotraj posamezne mnozice. Zato zasnujemo novo strategijo treniranja tak$nih skupnih
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modelov, s katero nau¢imo model, katerega natanénost je uravnotezena ez vse tri po-

datkovne mnozice.

Kljucne besede  prepoznavanje Custev, tekstovna analiza, Twitter, rekurenéne nevron-

ske mreze, konvolucijske nevronske mreze
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ABSTRACT

Deep learning has recently revolutionised many fields of natural language processing
but has not yet been applied to emotion recognition. Most recent studies of emotion
recognition on tweets used simple classifiers on a combination of bag-of-words and
human-engineered features. Hence, we worked on improving emotion-recognition al-
gorithms using neural networks. To this end, we created three large emotion-labelled
data sets corresponding to Ekman’s, Plutchik’s, and POMS’s emotions by exploiting
Twitter’s popular self-annotation mechanism — hashtags. We compared the perfor-
mance of bag-of-words and latent semantic indexing models with the performance of
neural networks. We trained several word- and character-based, recurrent and convolu-
tional neural networks. Further, we investigated the transferability of final hidden state
representations of neural networks: how appropriate is the representation trained on
one classification for recognising another one? Finally, we developed a single model for
recognising all three emotion classifications from a shared representation.

We show that neural networks can surpass traditional text classification approaches
for emotion recognition. Recurrent neural network working directly on characters with-
out any text preprocessing in a completely end-to-end fashion was the most successful
architecture. Although models trained on single data sets have revealed poor transfer-
ability, we improved the generality of final hidden state representation in the unison
model. When training the unison model, the standard training heuristic yielded un-
balanced performance, due to the vast difference in data set sizes. However, the newly
proposed training strategy produced a unison model with performance comparable to

that of single models.

Keywords  emotion recognition, text mining, Twitter, recurrent neural networks, con-

volutional neural networks
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While the World Wide Web initially consisted of mainly static content prepared by the
authors of the site, it soon transformed into a media that anyone can contribute to
with ease. The main characteristic of so-called Web 2.0 is that the emphasis is on the
user-generated content. Many social networks, blogs, micro-blogging platforms, online
encyclopedias, and product reviews sites could not exist without users expressing and
sharing their knowledge, experiences, opinions, thoughts, and emotions. While these
provide an endless possibility to express oneself, we can not neglect the almost frighten-
ing production rate of such content. The manual inspection of web-scale data is usually
infeasible, creating the need for automatic systems able of summarising, organising, clas-
sifying, and presenting the desired data. Hence, the tools for natural language processing
(NLP) and understanding are becoming pivotal in efforts to extract knowledge from the
abundance of online content.

The problem of automatic emotion recognition is defined as follows. For a given piece
of text, the algorithm should recognise which emotions the author expressed in the writ-
ing. Asan instance of text categorisation problem, the algorithm should consider a set of
pre-defined categories and pick the most suitable for a given text. For example, consider

these short texts:

= Someone went into my car during practice yesterday and stole my big hunk out

of the console ... 'm pissed!

I feel so guilty for eating.

Every time I think about leaving for school at the end of summer I get really bad

anxiety and my heart feels like it’s breaking.

Sun in my eyes but I don’t mind, what a beautiful day we’ve had in New York

today!

= Do you know that feeling if your mom doesn’t allow you to buy the most beau-

tiful dress in the world?

I'love how my dad doesn’t notice shit I do, but he notices everything I don’t!

= That dream you have that every time you think of it your heart breaks a little

because you know it won’t come true.
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u Not sure if I should look forward to tomorrow or not.
= I need a day off and it’s only Tuesday.
= When I write a paper and then it doesn’t save!
= My job doesn’t stress me out at all.

Some authors, as in the first few examples, are quite transparent about the emotions
they want to express (e.g. “I'm pissed!”, I feel so guilty”, or I get really bad anxiety”).
Others express the emotions more subtly. People overlooking your efforts might cause
annoyance, while saying that you need a day off might express fatigue. Both cases are
easy for humans to interpret due to the background knowledge we implicitly consider,
but they may be trickier for automatic systems. Finally, notice that from texts like "4y
job doesn’t stress me out at all.” it is almost impossible to infer whether this is a genuine
or sarcastic statement. Although some of these examples are quite easy to classify, others
are much more difficult — even for humans — which illustrates the challenges we face
when developing an automated emotion recognition system.

Applying such algorithms on the web-scale data can be used to gauge public opin-
ions [1], while their utility also extends to predicting real-life events. Observations of
online chat activity have been used to predict book sales [2]. Blog posts showed as pre-
dictors of product sales performance [3]. There is a correlation between movie’s financial
success and a context around its references in blog posts [4], and it has been shown that
tweets abouta movie are a good predictor of its box-office revenues [ 5]. Multiple studies
have used expressions from online content to predict stock market changes [6-8].

Most recent studies tackled the emotion-recognition problem with a typical approach
to text categorisation. That is, they first took raw text and transformed it into a fixed
length vector representation. These representations usually contain statistics on the num-
ber of occurrences of specific words inside the document — known as bag-of-words
— accompanied with other, human-engineered features. Next, they passed these repre-
sentations together with emotion labels to a machine learning algorithm that trained a
model for recognising emotions. We refer to these as traditional text classification ap-
proaches.

Although these approaches have proven successful, many automatic systems for vari-
ous NLP tasks recently received a boost in performance when using neural networks [9].

One of the central questions of the thesis is: can neural networks improve the accuracy of
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emotion recognition systems? As neural networks can recognise more complex patterns
than traditional text categorisation approaches, they have the potential to improve emo-
tion recognition systems.

Furthermore, previous studies were mostly recognising only one emotion classifica-
tion at a time although there is no consensus among psychologists about a universal
set of emotions, so multiple such classifications exist. This leads us to the second cent-
ral question of the thesis: can we develop a single model for recognising multiple emo-
tion classifications at the same time, with performance comparable to multiple separate
models? As this model can recognise emotions from various classifications at the same
time, and since it is trained concurrently on multiple data sets, we refer to it as a #nison
model. Working with multiple classifications enables performance comparisons of dif-
ferent classifications across the same type of data, and tests whether emotions from some
classifications are harder to recognise than others. The motivation behind these exper-
imentations is that such multi-task settings can yield better performance due to better
generalisation and less over-fitting.

Throughout our experiments we focused primarily on completely autonomous sys-
tems in an end-to-end fashion. Hence, human interaction was kept to the minimum or

was eliminated entirely from the process of training our models wherever possible.

.1 Thesis Overview

Chapter 2 presents the background this thesis builds upon. We first introduce three
emotion classifications: Ekman’s basic set of emotions, Plutchik’s wheel of emotions,
and Profile of Mood States (POMS). Then we describe approaches to traditional text
classification. We next describe neural networks, especially recurrent and convolutional
ones, and how they are applied to classification of text documents. We conclude the back-
ground chapter with a section on training a single model on multiple data sets, which is
the base for building our unison model, and a section on related work.

Chapter 3 focuses on generating training data from a massive data set of tweets. We
first describe how we filtered out the tweets that are unsuitable for learning, and then
illustrate how hashtags were exploited for creating our target categories.

The experimental setup along with the methodology is the focus of Chapter 4. We
first explain experiments with traditional text classification approaches that serve as a

baseline for comparison with neural networks. Next, we investigate the transfer abilities
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of our neural networks models; more precisely, we test whether the embedding trained

on one classification is general enough for predicting a different one. We conclude the

chapter with a section about the unison model and present a novel training heuristic.
Experimental results along with discussion about each set of experiments are pre-
sented in Chapter 5, while Chapter 6 showcases the utility of our models in Python and

Orange. Concluding remarks are provided in Chapter 7.

1.2 Scientific Contributions

w A novel training beuristic for training neural networks in multi-task settings

We proposed a novel training heuristic for training multi-task neural networks.
The heuristic focuses especially on settings with data sets of various complexity
and data set sizes. The motivation came from observing how researchers get the
intuition whether a neural network started overfitting. We used the difference
between the accuracy on training and evaluation data sets as a proxy for training
progress and exploited it to guide the sampling for the next training batch. We
showed that this training approach drastically improved the performance of our
unison model, especially for POMS — the largest among our data sets, which

underperformed using known training approach.

= A universal emotion embedding for tweets

We developed a unison model for recognising emotions from three emotion clas-
sifications at the same time, while sharing the majority of its parameters across
tasks. Parameter sharing forced the model to discover general embedding able to

recognise emotions from multiple classifications.

13 Technical Contribution

Publicly available models for emotion recognition

Our best performing models are freely available in Python and Orange (see Chap-

ter 6), which enables future studies to compare with our work.
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We start the chapter by describing three emotion classification schemes we used to clas-
sify tweets in Section 2.1 and then focus on the methodology. We describe the tradi-
tional approach to text classification with the bag-of-words transformation of texts to
vectors in Section 2.2. Using simple classifiers on top of these transformations served as
abaseline for comparison. Section 2.3 focuses on neural networks. We present word and
character embeddings that served as inputs to networks, recurrent and convolutional
neural network architectures, an approach to training such networks, and an example
of unified architecture. We conclude the chapter with a review of related work in Sec-

tion 2.4.

2.1 Emotion Classifications

There is a multitude of discrete emotion classification theories without a consensus on
a single one. Hence, we decided to work with the three that are the most popular in
natural language processing and have been used in previous studies: Ekman’s set of basic
emotions, Plutchik’s wheel of emotions, and Profile of Mood States (POMS). Working
with multiple classifications not only allowed the comparisons between them and with
the related work, but it also enabled the development of a single model for recognising

all classifications, which can lead to improved performance or better generalisation.

2.1.1 Ekman’s Set of Basic Emotions

Paul Ekman is an American psychologist who pioneered the studies of emotions. His
work is based on observing facial expressions as a universal way of expressing emotions
that cross cultural- end socio-economic borders. In his seminal work entitled A7 argu-
ment for basic emotions [10] he defined nine characteristics that distinguish basic emo-
tions. Out of those nine, three can be used to distinguish between different emotions —
a challenge we focus on in this thesis — while others can be used to differentiate between
emotions and other affective states such as moods, emotional traits, or attitudes. The

three characteristics for distinguishing between emotional states are the following:

= distinctive universal signals: different facial expressions correspond to different

emotions,

= distinctive physiology: autonomic nervous system activity differs across basic emo-

tions, and,
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= distinctive universals antecedent events: as emotions can be a response to funda-

mental life-tasks, we can distinguish emotions based on the context in which they

appear.

Based on these observations he defined a set of basic emotions: anger, disgust, fear, joy,
sadness, and surprise. He considers each of these basic emotions not as a single affective

state but rather as a family of related states [10].

2.1.2  Plutchik’s Wheel of Emotions

Robert Plutchik’s General psychoevolutionary theory of emotion [11] defined ten postu-

lates, out of which we present four that are the most relevant for our work:

Postulate s: There is a small number of basic, primary, or prototype emotions.

Postulate 6: All other emotions are mixed or derivative states; that is, they occur

as combinations, mixtures, or compounds of primary emotions.

Postulate §: Primary emotions can be conceptualised in terms of pairs of polar

opposites.

Postulate 10: Each emotion can exist in varying degrees of intensity or levels of

arousal.

The postulates lead to the development of Plutchik’s wheel of emotions depicted in
Figure 2.1. It defines eight basic, pairwise contrasting emotions: joy — sadness, trust -
disgust, fear — anger, and surprise — anticipation. The circular representation reflects the
opposition by putting each of the contrasting emotion pair opposite to one another.

For each basic emotion, the wheel also defines different intensity levels. For example,
rage is an intense expression of anger, and annoyance is its milder form.

Beyond the basic emotions, the wheel also presents composed ones. They are depicted
between two wings corresponding to basicemotions. For example, love is a combination

of joy and trust, while 7emorse includes elements of sadness and disgust.

2.1.3  Profile of Mood States

Profile of Mood States [12] is a psychological instrument for assessing the individual’s

mood state. The test consists of 65 adjectives describing moods or feelings, and a person
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optimism

aggressveneﬁ anticipatio|

acceptance
submission

N/

contemp
boredom

remorse disapproval

Figure 2.1

Plutchik’s wheel of
emotions.

is asked to respond on a five-point scale how strongly he experienced a particular mood
in the last week. Those answers are aggregated into a seven-dimensional mood state rep-
resentation consisting of anger, depression, fatigue, vigour, tension, confusion, and friend-
liness. Each adjective contributes to the total score for only one dimension. The greatest
majority of adjectives contribute positively to their categories; not experiencing the mood
at all in the last week contributes zero points to the category while experiencing it ex-
tremely contributes four. For example, if the person was highly annoyed in the last week,
this contributes positively to the anger category. For some adjectives, however, the rating

scheme is inverted — 7ot at all contributes four points while extremely contributes zero.
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The global score for each dimension is obtained by summing the contributions of all
adjectives. The higher the score, the more that dimension is expressed in the individual.

‘The manual for the POMS test [12] along with the instructions on how to perform

the test on patients and the normative data is only available to certified psychologists.

However, we are only interested in its factor structure, which is publicly available in
Norcross et al. [13], and which we further supplemented with the information from
the BrianMac Sports Coach website’. We emphasise that despite the POMS manual
not being public, in our study we only worked with the information that is. We used

» »

the following structure (note that adjectives with reverted rating scheme have a >-” sign

prepended to the word):

= _Anger: angry, peeved, grouchy, spiteful, annoyed, resentful, bitter, ready to fight,

deceived, furious, bad-tempered, rebellious,

Depression: sorry for things done, unworthy, worthless, guilty, desperate, hope-

less, helpless, lonely, terrified, discouraged, gloomy, sad, miserable, blue, unhappy,

Fatigne: fatigued, exhausted, bushed, sluggish, worn out, weary, listless,

= Vigour: active, energetic, full of pep, lively, vigorous, cheerful, carefree, alert,

Tension: tense, panicky, anxious, shaky, on edge, uneasy, restless, nervous, -relaxed,

Confusion: forgetful, unable to concentrate, muddled, confused, bewildered, un-

certain about things, -efficient,

= Friendliness: friendly, clear-headed, considerate, sympathetic, helpful, trusting,

and good-natured.

2.2 Traditional Text Classification

Before we can apply a machine learning algorithm to a set of documents — usually re-
ferred to as a corpus — we need to transform them into a vector representation. A com-
mon approach to this is bag-of-words. Given a set of documents, we first construct a

set of all words that appear inside any document. Each word will correspond to one

! https:/Avww.brianmac.co.uk/pomscoring.htm

II
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dimension in the final vector representation; i.e. the dimensionality of a documents’
vector representation is determined by the number of different words appearing in doc-
uments. With dimensions defined, a given document is transformed into a vector by
counting the number of times a word corresponding to a particular dimension occurs
inside a document. An illustrative example of bag-of-words transformation for the fol-

lowing three documents is shown in Table 2..1:
= doc;: John likes movies. I like movies too.
= doc,: Ilike my co-workers.

= docs: My successful co-workers make me look incompetent.

Table 2.1

Bag-of-words representation of three documents with column vectors representing each document.

docy  docy  docy

I 1 1 o
incompetent o o 1
John 1 o o
My [¢) o 1
my o I o
co-workers o I I
like 1 1 o
likes 1 o o
look o o 1
make o o I
me o o I
movies 2 o o
successful o o I
too I o o

Although this looks like a trivial transformation, there are a few critical questions we
need to consider. First, what defines a word? How to get a set of words for a given docu-

ment? A naive approach would split the text by spaces, but that does not work well with
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punctuations, dashes, etc. Hence, we usually rely on a pre-trained, language-specific,
off-the-shelve tool: a tokeniser. Second, do we want to keep punctuation? In the ex-
ample above, we did not. However, punctuation might indicate the tone the text is
expressing or can influence the meaning, so we might want to keep it. Third, should our
analysis be case sensitive or not? Considering the example in Table 2.1 it seems reason-
able to group dimensions Ay and my into one dimension. Contrary, grouping #s and
US would make it impossible to distinguish between the pronoun and the abbreviation
for the United States. As this is task-specific, we need to use our best judgement when
transforming documents or compare the performance of both approaches. Fourth, do
we keep all words or only some? Keeping all words requires more resources when train-
ing classifiers and might hurt their performance. Also, it seems useless to keep words
that occur in only one document, since they usually bear little predictive power. On the
other hand, removing too much might remove some relevant information. A common
approach to filtering words is to remove the least and the most common words. Filtering
out words from both end of the frequency spectrum should remove words that occur
in the majority of the documents as well as those that occur in only a few. Lastly, do
we want to group different word variations with same meaning together? For example,
like and likes are just morphological variations of the same verb, so perhaps it is better to
group them. Various stemming and lemmatisation algorithms exist that aim to reduce
inflected or derived words to their word stem. These can either be a crude set of rules that
chop off word endings or methods based on vocabularies and morphological analysis of
words.

The aim of the above discussion was not to provide the reader with a set of rules on
how to transform documents to vectors, but merely to raise some important questions
that need to be considered and to shed light on the required external resources.

Once documents are transformed into vectors, they are, along with the true labels of
the documents, fed into a machine learning algorithm, which returns a classifier. For
document classification, the following are especially popular: naive Bayes, logistic re-
gression, support vector machines, but others such as decision trees, random forests,
k-nearest neighbours can be used as well.

Training a simple classifier on top of the bag-of-words representation of documents
is considered a strong baseline for many document classification tasks. However, its
primary deficiency, besides a handful of parameters that require tuning, is that it dis-

regards the order of words. Considering the vector representation of doc; in Table 2.1

3
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it is impossible to know whether the original sentence was "My successful co-workers
make me look incompetent.” or "My incompetent co-workers make me look successful.”.
Such differences might not be relevant for tasks like topic classification but are of para-
mount importance in other cases, like emotion recognition, where a more in-depth un-
derstanding of the sentence can be required to predict the target category successfully. A
usual approach to introducing some context into the bag-of-words transformation are
n-grams, which first require setting the value of 7 and second, they significantly increase
the dimensionality of the transformation.

Another flaw of the bag-of-words transformations is its sparseness and high dimen-
sionality. The larger the corpus, the larger the dimensionality of the bag-of-words trans-
formation, especially when working with n-grams. Since for a given document, only
some dimensions have non-zero values, various problems, referred to as the curse of di-
mensionality, occur. A method called Latent Semantic Indexing (LSI) can be used to
transform this high-dimensional sparse space into a lower-dimensional dense one. LSI
exploits the distributional hypothesis — words with a similar meaning will tend to have
similar distributions across large corpora — to shrink the dimensionality of the original
space. It does so by grouping the words with similar meaning into one dimension. If
the dimensions of original space correspond to words, after using LSI they correspond to
concepts. The transformation is done by Singular Value Decomposition (SVD), which
transforms the original space into a new orthonormal one. Dimensions are set so that
the first one corresponds to the direction of the largest variation in the data. The next
one is perpendicular to the first one and is set to capture the most variation left. Hence,
when shrinking the dimensionality with LSI, the number of dimensions to keep is usu-
ally determined by the proportion of the variance in the data that we want to retain.
Studies report that around 70% variance [14] is a reasonable threshold.

LST shrinks the dimensionality of the space while approximately preserving the dis-
tances between documents. Also, the transformation of representation from words to
concepts can denoise the original feature space and discover hidden correlations or top-

ics, which can boost the predictive power of classifiers.

2.3 Neural Networks

We present word embeddings, a typical neural network input, in Section 2.3.1. Next,

we describe recurrent neural networks in Section 2.3.2 and convolutional ones in Sec-
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tion 2.3.3. We conclude by discussing the training of neural networks in Section 2.3.4

and explaining the unison learning approach in Section 2.3.5.

2.3.1  Word Embeddings

Word embedding or word vectors are fixed-length vectorial representations of words.
Its most straightforward implementation is the so-called one-hot encoding. Similarly to
the bag-of-words approach, one-hot encodings have a number of dimensions equal to
the number of distinct words in the corpus with each dimension corresponding to one
word. Hence, the word vector for word cat would have all other dimensions set to zero,
except the dimension for a cat which is set to one: word“ =1, 0, 0, o, ...., 0].

There are two problems with this embedding that we eluded to in the previous chaprer.
Such embedding is enormous for a large dictionary, but more importantly, it ignores
similarities between words since the distance between any pair of words is exactly the
same, regardless if the words are semantically similar or not.

To alleviate these deficiencies, when working with neural networks, we typically use
shorter, dense words vectors that resemble semantic similarity between words. Among
the most popular ones are wordzvec and GloVe, which were trained in an unsupervised
fashion on a large corpus.

Wordavec [15] is a group of two related shallow neural network models: continu-
ous bag-of-words (CBOW) and skip-gram. Both rely on a famous hypothesis by John
Rupert Firth: You shall know a word by the company it keeps. They were trained on
a corpus of Google News by iterating through the training corpus and using small con-
texts to update the word embedding. A contextisa sequence of a few consecutive words.
CBOW used all words except the middle one to predict what the centre word might be.
Contrary, Skip-gram used the centre word only and tried to predict the context around
it. Both models seem to capture the semantic similarity of words well. Since words are
now dense vectors, we can find similar words for a given word by finding the word em-
bedding that is the closest to it. For example, the nearest word to the word car is vebicle
and to My is my, hence the dilemma that we had in Section 2.2 is elegantly resolved by
letting wordavec decide which words should be considered equivalent. Further, these
vectors are surprisingly accurate in word analogy tasks. For example, a driver to a car is
as a pilor to __? To search for an answer with word vectors we employ simple algebraic
operations:

word — worddriver 4 wgrdpzlot ~ worﬂmeroplane

5
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Intuitively, the difference between vectors for a car and a driver is the same as the differ-
ence between vectors for an aeroplane and a pilot. The vectors are accurate enough to
capture such differences.

Although word2vec was trained by observing only one context at a time, GloVe [16]
trained word vectors by considering a global word-word co-occurrence counts as well.
GloVe, too, shows the astonishing performance on analogy and word similarity tasks. It
provides pre-trained word vectors trained on Wikipedia, Common Crawl, or Twitter.

While the above embeddings did not devote special attention to words with multiple
meanings, some of the more recent ones, like ELMo [17], model words characteristics as
well as how those vary across different contexts. As this embedding was published while
our experimental work was already well under way, we have not included it in our study.

When working on an NLP task with neural networks, it has become a standard prac-
tice to start with these pre-trained, off-the-shelve, semantic word vectors. Depending
on the task and the amount of training data, these vectors can further be updated when
training a network or can remain fixed throughout the training process. Despite these
embeddings being usually trained on an enormous corpus, our data set might still con-
tain some words for which embeddings are not provided. For those, we can either use an
all-zero vector as the embedding, or use one global embedding for all out-of-vocabulary
words, which we randomly initialise and then update during training to learn a single

representation for all unknown words.

2.3.2  Recurrent Neural Networks

Recurrent neural network (RNN) is a network capable of processing variable-length
sequences on input, which makes it particularly suitable for processing text. First, let us
define the notation. At time step # we denote the vector for word embedding on input
with x, and the hidden state with /,. Let 7 be the length of the input sequence, 7 the
dimensionality of word embeddings on input, 4 the dimensionality of hidden states,
and z the number of outputs of the network. RNN starts with a zero-initialised hidden
state bg. It then processes input vectors one after another and updates the hidden state
considering the new input until the input sequence runs out and the final hidden state
is produced. Updates are done using dense (fully connected) layers of weights between
every neuron on the previous layer and every neuron on the next one. W) is a matrix
of shape d x d with weights connecting the previous and the current hidden state. W)

is a matrix of shape d x m with weights connecting the input to the hidden state. Ateach



Background

time step # the new hidden state is calculated as defined in Equation 2.1, where ¢ denotes

the activation function (e.g. sigmoid, tanh, or ReLu).
by = o (WO, + WO, ()

Notice that the RNN applies the same set of weights, WP and W) | a¢ every time
step. Once the whole input s incorporated into the final hidden state b,,, we use another
set of weights W) of shape z x d that connects the final hidden state to the output.
The output of the network, , is calculated using an Equation 2.2 for multiclass tasks or

Equation 2.3 for multilabel tasks.
9y = sof tmax (W(j)ht) (22)

3 = sigmoid (Wh,) (2.3)

To obtain the output, we apply either softmax or sigmoid activation function where
sof tmax(x;) = % and sigmoid(x;) = m%*f For multiclass tasks, where each
example only belongs to one category, we use softmax as it produces a probability dis-
tribution across a set of categories. For multilabel tasks, where each example can belong
to multiple categories, the neural network needs to provide a decision for each of them.
Hence, we use a sigmoid function that transforms the output for each of the categories
to a range [o, 1], which we treat as a probability for a given category. When making
predictions in multiclass setting, we pick the category whose probability is maximal. In
multilabel settings, we choose those categories whose probability is higher than o.5. The
schematic overview of RNNs is presented in Figure 2.2.

The problem with this vanilla RNN architectures is that although they are theoret-
ically capable of handling long-term dependencies, in practice, they usually perform
poorly on data where information from many previous steps is needed. As the hidden
state gets multiplied with W (bh) ¢ every time step, the gradient either explodes or van-
ishes during training. To alleviate this issue, two improved RNN architectures have been
proposed: long short-term memory (LSTM) and gated recurrent units (GRU). Both

feature more complicated recurrent steps which we describe in the following sections.

Long Short-Term Memory (LSTAM)  Similarly to vanilla RNN’s hidden state that runs
through all stages of the network, LSTM [18] introduces one additional state, called a cell

state. The cell state serves as a memory, to which LSTM can add or remove information

7
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Figure 2.2 :
The schema of an RNN. 6
We denote the input
word embeddings by * | O W Wihh)
x;, the hidden states O l
by b, weights between L | | O O O O O O O O |
input and hidden states h,
by W) weights
between two consec- W
utive hidden states by

W) weights for

the output by W), ©0O0|y
and the output of the

network by j.

through the mechanism of gates. Cell state at time £ is denoted as ¢,, the outputs of gates
as 7, for input gates, f, for forget gates, o, for output gates, and the candidate for cell
state update as ¢;. As before, the dense layer weights are marked with W) W) W),
W, U@, U, U and UE). The point-wise (Hadamard) product is denoted with

o. Ateach recurrent stage of LSTM, the cell state and new hidden state are calculated as:

fi=o(Wx, + U, ) (2.4)
i,=¢ (W(")x, + U(i)h,_l) (2.5)
0, = (Wx, + Up, ) (2.6)
¢, = tanh (\7(/(‘);\7,f + U(‘)bt_l) (27)
= freoc 1 +i 00 (2.8)
b, = o, o tank (c,) (2.9)

We show the schema of LSTM cells in Figure 2..3.
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Forget gate (equation 2.4): a sigmoid layer that decides what information to re-

move from the cell state ¢,_;.

Input gate (equation 2.5): a sigmoid layer that decides what information from the

cell update candidate ¢; to store into the new cell state c;.

Output gate (equation 2.6): a sigmoid layer that decides what information from

the newly updated cell state ¢, to send out as the new hidden state 4,.

Cell update candidate (equation 2.7): a tanh layer that creates a candidate ¢; for

updating the cell considering previous hidden state b,_; and current input x,.

New cell state (equation 2.8): combines the previous cell state ¢,_; multiplied by
the output of forget gate f; with the cell update candidate ¢; multiplied by input
gate Z,. This stage removes the old information from the cell state and introduces

new information according to input and forget gates.

New hidden state (equation 2.9): considers the output gate 0, and the newly up-
dated cell state ¢, to produce the filtered cell state that will serve as a new hidden

state.

As gates can block new information from coming into the cell state, it is very easy for

information to pass through many time steps almost unchanged, which makes LSTM

n

Figure 2.3

LSTM cell. Circles

and ovals represent
point-wise opera-

tions: o for Hadamard
product, + for the

sum, and tanh for the
hyperbolic tangent.
Rectangles represent
neural network layers
with different activa-
tions: o for the sigmoid
and zanb for the hyper-
bolic tangent. Notice
that as all network
layers have both 4,_;
and x, on input, we
only show one line for
brevity.
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Figure 2.4

GRU cell. Circles rep-
resent point-wise oper-
ations: o for Hadamard
product and + for the
sum. Rectangles rep-
resent neural network
layers with different
activations: ¢ for the
sigmoid and zanh for
the hyperbolic tangent.
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tanh

much better at modelling long-term dependencies.

Gated Recurrent Units (GRU)  GRU [19] is a simplification of LSTM that is also
based on the mechanism of gates but does not have a separate cell state. Instead, the
gating mechanism is implemented directly on the hidden state. It contains two types of
gates: update gate 2z, and reset gate 7,. At each recurrent stage of GRU, the new hidden

state is calculated as:

z, =0 (W@x, + UDp,_ ) (2.10)
r,=a(Why, + UWb, ;) (2.11)
b, = tanh (WBx, + U (7,0 b, ;) (2.12)
he=z, b+ (1-2,)h, (2.13)

We show the schema of GRU cells in Figure 2..4.

w Update gate (equation 2.10): a sigmoid layer that sets the balance between old hid-
den state b,_; and hidden state update candidate b, that will go into new hidden
state b,.

= Reser gate (equation 2.11): a sigmoid layer that decides how important the previ-

ous hidden state b,_, is for generating hidden state update candidate b,.

= Hidden state update candidate (equation 2.12): a tanh layer that combines the
current input x, with the previous hidden state »,_; updated by the output of

reset gate 7, to produce the hidden state update candidare.
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= New hidden state (equation 2.13): combines the previous hidden state b,_; and
the hidden state update candidate b, weighted by the output of update gate z,.

After the whole input has been incorporated into the final hidden state b, of either
LSTM or GRU networks, the output of the network is obtained with Equations 2.2
and 2.3 as it was for vanilla RNNs. Despite the simplified structure of GRU compared
to LSTM, they usually show comparable performance [20].

2.3.3  Convolutional Neural Networks for Texr Classification

Although convolutional neural networks (CNN) were designed for computer vision,
they were recently shown to be very effective for NLP tasks as well [21-23]. Similarly
to the convolution operation applied on small image patches to identify patterns in the
image, convolution can be applied to a few consecutive words to extract patterns from
written text. On images, convolution usually works across two dimensions, length and
height, in a text it is usually applied through one — time. One of the most popular
architectures, presented in [21], is shown in Figure 2.5 and will be the topic of this section.

The input to the CNN are word vectors (see Section 2.3.1) stacked horizontally one
after the other. Then a set of convolution filters — also known as feature maps — is
applied on top of them. In a neural networks context, convolution is a mathematical
operation that is given an input matrix x and a set of corresponding weights w, both of
shape 7 x m, and produces a real number activation as defined by Equation 2.14, where

o stands for point-wise multiplication.

convolution(x,w) = Zn: i (x o w) (2.14)

i=0 j=0

As each filter is only able to spot one pattern in a given text, we train multiple of them.
The required number of feature maps depends on the complexity of the task, with the
optimim typically in the range 100-600 [24]. Each feature map has the height equal
to the dimensionality of a word embedding and has a variable length or window size.
Typically, lengths between 1-10 were shown to be adequate [24]. The size of the window
determines the context a feature map can observe at each point. For example, a feature
map with a window size of two would scan through the whole input and apply a con-
volution operation on all pairs of words. Since on each step the convolution window
is only shifted for one word, applying a feature map with window size of two on a se-

quence of 10 words would yield a vector of activations of length 9. For every feature map
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Figure 2.5

The schema of Kim’s
[21] CNN architecture
for text classification.
We denote the input
word embeddings

by x;, weights for

the output by W),
and the output of the
network by j.
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in the network, we get one such vector of activations. These activation vectors are then

subjected to a max-over-time pooling as defined by Equation 2..1s.

max_pooling(x) = max x,

(2.15)

After max-pooling, we have one number for each feature map in the network. It cor-
responds to the maximal activation of a given feature map anywhere in the text, but
without the information about where it occurred. Finally, a dense layer with weights
W) connects these activations to the output. Again, the output j is obtained with the
Equation 2.2 or Equation 2.3 for multiclass or multilabel task respectively.

Notice that the above architecture performs convolution on top of words vectors,
while some other approaches first decide to quantise texts into images and then treat the
problem as an image classification task. Zhangetal. [22] first encoded each character into
one-hot representation, then stacked those into a matrix, and treated ones as black pixels
and zeros as white to obtain a pictorial representation the input text. Consequently,

such approaches call for somehow different architectures, which resemble those used
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for classifying images more than the one we describe above for text.

2.3.4 Training of Neural Networks

Training of a neural network is a process that finds such set of parameters with which
the neural network performs well for the task at hand. Hence, we first need to define
a metric, usually referred to as a cost function, that assesses the quality of a given set
of parameters. Let our data consist of training examples denoted by x and their corre-
sponding labels denoted by y. As before, for a given set of parameters w and input x, let
the predictions of a neural network be denoted with j/ We define two cost functions,
one for multiclass and one for multilabel tasks.

In the multiclass setting, we are training a classifier to predict a probability distribu-
tion across a set of mutually-exclusive labels. As each example only belongs to one cat-
egory, we want a cost function to give a low penalty when the probability of the correct
class is high, and a high penalty when the probability of correct class is low. A popular

example of such a cost function is mtegoriml cross-entropy shown in Equation 2.16.

categorical_cross_entropy(y,y) = — Z}/i log (7;) (2.16)

In multilabel setting, where examples can belong to multiple categories, we want the
classifier to give high probability to all categories to which a given example belongs and
a low probability to all others. A popular example of such a cost function is binary

cross-entropy shown in Equation 2.17.

binary_cross_entropy(y,y) = — Z (yilog(3;) + (1= y;)log(1-3;)) (217)

7

Recall that the output of a neural network y is some function f* — defined by the
architecture of the neural network — of the input x and all neural network parameters

w as illustrated in Equation 2.18.

¥y = f(x,w) (2.18)

Our goal is to find such a set of parameters w that the cost function J will have the
minimal possible value. As the function J is differentiable, we can use gradient descent

methods to update the set of parameters. We calculate the gradient of a function J with
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respect to all parameters w and update them in the direction where the cost function
has the lowest value. In its simplest form, the gradient descent algorithm for training a

neural network is shown in Algorithm 1.

Algorithm 1 Neural network training by gradient descent.

Input: x,y > data sets
J B> a cost function
n>0 > learning rate
e>0 B> stopping criterion

Output: w > a set of neural network weights

. /* Initialise weights w */

2 whileJ(x,y,w,_;) = J(x,y,w,) > edo
J

3 w, =W,y — Vliawf_l

4 return w,

In the above algorithm, gradients are calculated by considering all examples from our
data set. As this gets slow for large data sets, it is more common to calculate the gradients
using only a small batch of examples. The algorithm then loops through batches of ex-
amples from the data set and uses them to update the weights. We refer to a full training
cycle that exhausts all examples from the training set as an epoch and several epochs are
usually required to train the neural network.

Finally, let us briefly mention that there is a multitude of issues with the above basic
gradient descent approach. As the optimisation space of a cost function with regard
to neural network weights is highly non-convex, the optimisation might get stuck in
local optimum. Also, setting the learning rate v correctly is critical. If it is too large, the
training might never converge, and if it is too small, the optimisation will take too long.

There is a myriad of advanced training algorithms that use tricks such as momentum
to get through local optimums, and that adapt learning rates throughout the training or
with regard to each parameter separately. Some of the most widely-used ones are RM-
Sprop [25], Adagrad [26], Adadelta [27], and Adam [28]. Also, as momentum might
cause the cost function J to increase, different stopping mechanisms are employed to
stop the training. For example, early stopping monitors the performance of the neural

network on another set of examples, validation set, and stops the training when the ac-
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Cul‘acy starts dropping.

2.3.5  Unison Learning

So far we focused on training a single neural network to perform a single classification
task. Now we investigate the ability of neural networks to perform multiple tasks at
the same time. More specifically, given a set of various related tasks, each with its own
training data set, how to train a single neural network to perform all given tasks?

‘The motivation for this comes from the benefits that are usually observed in multi-task
settings [29]. First, adding more tasks introduces additional training signals that can im-
prove the performance across tasks in comparison to the performance of models when
each task is trained separately. Intuitively, since multiple tasks share a common repre-
sentation, features constructed for one task might help another. Second, forcing the
network to perform various tasks at the same time can steer the training process to prefer
more general features that can be useful across tasks. This could lead to less over-fitting
and better generalisation of trained models.

Such multi-task learning architectures have one input and multiple outputs — one
per task — and rely on parameter sharing. All neural network parameters are divided
into two groups: common and task-specific ones. Common parameters are those that
are shared across tasks, while task-specific ones differ for each task. An example of such
architecture that was used by Collobert & Weston [30] is presented in Figure 2.6. After
shared word embedding, two task-specific CNN architectures similar to those described
in Section 2..3.3 follow.

There are two approaches to train networks that differ in the training data and corre-
sponding labels. In the regular multi-task learning, when training examples are labelled
for all tasks, we first calculate the derivatives with respect to all network parameters for
each of the tasks separately. Derivatives corresponding to shared network parameters
are summed across all tasks, while task-specific derivatives can be used directly. Doing
s0, we obtain the derivatives for all network parameters and can hence train the network
with the optimiser of our choice as described in the previous section.

In the second case, training data is not labelled for all tasks, but each training example
is only labelled for one of the tasks. To distinguish this case from the first one, we refer
to it as unison learning. We define unison learning as an approach to train a multi-task
neural network when each training example is only labelled for one of the tasks. Train-

ing such a unison network is a bit trickier. As we do not possess the labels for all tasks,
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gradients corresponding to missing labels cannot be computed and consequently, we
cannot use the gradient summing trick. To train a network in such a setting, Collobert

& Weston [30] proposed the following approach that can be summarised as:
1. Select the next task.
2. Select a random training example for this task.
3. Update the NN for this task by taking a gradient step with respect to this example.
4. Goto1

Note thatin the third step we only update the shared parameters and the task-specific
parameters for a current task. Task-specific parameters of the network corresponding to
other tasks are left untouched. By iterating through tasks and alternatively updating
task-specific parameters, we train a neural network for multiple tasks, without having

all training examples labelled for all tasks.

2.4 Related Work

We split the section into multiple paragraphs, each covering a particular research field.

First we present recent work on emotion recognition, then we cover sentiment analysis
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with a focus on the use of neural networks, and finally we discuss the state of transfer

learning.

Emotion Recognition  The first recognition models for Ekman’s six basic emotions date
back at least a decade. Alm et al. [31] annotated each sentence of 185 children’s fairy tales
but limited their experiments to distinguishing between emotional and non-emotional
sentences and classifying sentences into no, positive, or negative emotion class, without
any fine-grained emotion classification. Similarly, Aman & Szpakowicz [32] annotated
a corpus of blog posts but again distinguished only between emotion and no emotion
categories. In 2007, SemEval held a competition in emotion recognition from news
headlines [33]. However, the main focus was to encourage the study of emotion lexical
semantics and consequently no training data was provided. Three out of five competing
systems tackled emotion labelling, while others only worked on the polarity classifica-
tion. The emotion labelling ones were a rule-based system using lexicons [33], a system
exploiting Point-wise Mutual Information (PMI) scores gathered through three differ-
ent search engines [33], and a supervised system using unigrams [33]. Their averaged
Fr-scores over emotion categories were around 10 %. Performance on this data was later
improved to 18 % F1-Score with Latent Semantic Analysis [34]. Chaffar & Inkpen [35]
collected a heterogeneous data set of blogs, fairy tales, and news headlines and showed
that on this data sequential minimal optimisation SVM yields the greatest improve-
ment over simple baselines. The closest to our approach is the work of Mohammad &
Kiritchenko [36] who exploited hashtags corresponding to Ekman’s emotion categories
to obtain a labelled data sets of 21,051 tweets. With cross-validating SVM on n-grams,
they obtained a micro-averaged Fi-score of 49.9 %.

The works on Plutchik’s emotions include Mohammad & Turney, who created an
emotion lexicon using Amazon’s Mechanical Turk [37]. Later Mohammad etal. [38] col-
lected a set of about 2,000 tweets concerning the 2012 US presidential election. Besides
for emotions, the tweets were also annotated for sentiment, purpose, and style. Using a
multitude of custom engineered features like those concerning emoticons, punctuation,
elongated words, and negation along with unigrams, bigrams, and emotion lexicons fea-
tures, the SVM classifier achieved an accuracy of 56.8 %. Tromp & Pechenizkiy [39] de-
veloped a rule-based classification technique RBEM-Emo. They trained it on 235 English
tweets and achieved 47 % accuracy on a held-out set of 113 tweets.

‘The works on POMS are rather rare. Johan Bollen led most existing studies. Common
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to all is the idea of tracking adjectives defined in the POMS’s questionnaire and using
its structure to obtain six-dimensional mood representation. Bollen investigated how
Twitter mood predicts the stock market changes [6, 40]. In a similar study [41], he cor-
related emotion time series with records of popular events and showed that such events
may have a significant effect on various dimensions of the public mood. By analysing
emails submitted to futureme.org, Pepe & Bollen revealed the long-term optimism of its
users, but medium-term confusion [42]. Those studies used the POMS’s questionnaire
as a too] for obtaining mood representations but did not study the problem of recog-
nising POMS’s categories from the text.

Several studies use other categorisations of emotions. Neviarouskaya and colleagues
developed two rule-based systems for recognising nine Izard emotions; the first one
works on blogs [43], the second one on personal stories from experience project” web-
site [44]. Mishne [45] experimented with detecting 40 different mood states on blog
posts from the LiveJournal community. He used features related to n-grams, length, the
semantic orientation of words, PMI, emphasised words, and special symbols to train an
SVM classifier. Mihalcea & Liu [46] used a subset of these blog posts to train a Naive
Bayes classifier for distinguishing between happy and sad posts. Yerva et al. [47] fused
weather-dependent mood representations from Twitter with real-time meteorological
data to provide travel recommendations based on the expected mood of people in a par-
ticular city.

Although we approached the problem by essentially predicting hashtags, our study
differs from the usual hashtag recommendation [48-50] in that those studies usually
choose among tens of thousands of different hashtags with potentially similar meanings,
while we target a small set of hashtags corresponding to distinct emotions.

Previous studies showed some promising results for emotion recognition, but none
has yet tested the utility of neural networks. Also, we worked with three emotion classi-
fications at the same time to develop a common model able to recognise multiple emo-

tion classifications.

Sentiment Analysis While the use of neural networks for emotion recognition has
been limited, they have been widely applied for sentiment analysis. Maas et al. [51] com-

bined the use of supervised and unsupervised techniques to train word embedding that

* http:/Awww.experienceproject.com
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captures both semantic information and sentiment, and applied it for document-level
sentiment polarity task on movie reviews. There have been several studies that applied
recursive neural networks to sentiment tasks. Dong et al. [52] used adaptive recursive
neural networks to work on target dependant sentiment task; for example, what senti-
ment is expressed in the tweet towards Google. Socher et al. [53] developed a recursive
neural tensor network to compute the sentiment of each node in the parse tree of a sen-
tence. It works in a bottom-up approach and computes the representation of a node
by composing those of its children. Doing so, they can capture different scopes of neg-
ation, which was illustrated on the newly annotated Sentiment Treebank data set [53].
The data contains sentences along with the corresponding parse trees, which have also
been annotated for sentiment at each node of the tree. Tai et al. [54] extended LSTMs
to work on parse trees to combine words to phrases by exploiting syntactic properties
of natural language. Notice that recursive neural networks require the input data to be
of sufficient quality so that parse trees can be produced. Hence, we suspect that such
approaches are not the best fit for Twitter, where the used language is often informal
and of lower syntactic quality.

Convolutional neural network approaches differ mostly by input representations and
consequently architectures. Santos et al. [55] developed a deep CNN that combined
character-level as well as word-level embeddings to predict sentiments of tweets, while
Severyn et al. [56] described an approach that initialises the weights for deep convolu-
tional networks. Zhangetal. [22] first quantised text to binary images by using a one-hot
representation of input characters. As this translated the text classification task to an im-
age recognition one, a standard multi-layer CNN was applied to predict sentiment on
multiple reviews data sets. Contrary, Kim [21] applied convolution directly on word
embeddings and consequently only one convolutional layer followed by max-pooling
sufficed. Kalchbrenner et al. [23] introduced dynamic CNNs and worked directly on
sequences of words.

Ghiassi et al. [57] showed that dynamic artificial NN outperforms SVM in the task of
determining the consumer sentiment towards a brand. Arkhipenko etal. [58] compared
GRU, CNN and SVM for Twitter sentiment detection task at SentiRuEval-2016 and
showed that GRU network performed best. Nejat et al. [59] trained NN jointly for
both discourse parsing and sentiment analysis using recursive neural network models
and showed that such training leads to improvements in both tasks.

‘The hybrid approach of Wang etal. [60] joined convolutional with a recurrent neural
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network to benefit from the long-range features of recurrent as well as coarse-grained
local features from convolutional ones. Interestingly, a study by Radford et al. [61] il-
lustrated that sentiment can also be discovered as a side product of training networks
for other tasks. While training a recurrent neural network for language modelling, they
discovered a neuron whose value directly represents the sentiment of the text on the in-
put. Using the representations learned with their model they achieved excellent results
on the binary subset of the Stanford Sentiment Treebank dataset [53]. Furthermore,
they showed that by fixing the value of this neuron they could directly influence the

sentiment of the generated samples to be either positive or negative.

Transfer Learning — Transfer learning is a technique where the knowledge obtained
when training the model on one task is re-purposed for another task. It builds on the
idea that learning should not start from scratch for each task, but we should instead
build on top of the previous knowledge. Lately, transfer learning has become a popular
approach for neural networks in multiple fields. For image recognition tasks, it has be-
come a standard practice to employ pre-trained models [62], many of which were trained
on ImageNet [63] — an enormous collection of images collected for an object classific-
ation competition. Among the most known ones are AlexNet [64] and Inception [65].
It has been shown that first layers of deep CNN tend to discover general features sim-
ilar to Gabor filters [66] while the higher layers encode more and more specific features.
Hence, it is natural to exploit the knowledge from these pre-trained model rather than
starting the training from scratch for each of the tasks.

Similar trends have also been observed in natural language processing. We already de-
scribed one such case in the previous section, where Radford et al. [61] used the neuron
trained on language modelling task for predicting sentiment. Otherwise, the most ev-
ident example of transfer learning is the use of pre-trained word embeddings. These
word embeddings, which are usually trained on a large corpus in an unsupervised man-
ner, contain a semantic representation of words, which we might not be able to learn
from scratch on a smaller target data set. Some of the most popular word embeddings
are wordavec [15], GloVe [16], and ELMo [17]. See Section 2.3.1 for a more detailed dis-

cussion of word embeddings.
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The data set that we used in this study contains tweets that have been continuously col-
lected through the Twitter API from August 2008 till May 2015. Spanning over seven
years, the collection contains roughly 73 billion tweets that occupy about r7 TB of disk
space in uncompressed text files. All tweets were imported into a Hadoop cluster run-
ning on 40 nodes using 160 hard drives. To allow for quick scans through the data set,
we developed a custom map-reduce search application that can scan through the data in
approximately one hour and a half.

Since we tackled emotion recognition as a supervised machine learning task, we first
needed to construct a data set labelled with emotions on which the classifiers were trained.
A common approach to this is to employ a set of human annotators that read the content
and pick the most suitable category. For the scale of our data, such a manual approach is
too time- and resource-consuming. Also, as the examples from Chapter 1 demonstrate,
labelling short texts for emotions is non trivial and ambiguous. Hence we opted for an
automated process. Luckily, Twitter provides a mechanism for self-annotation of the
content that is quite popular — hashtags. A hashtag is a concatenation of a # sign with
an arbitrary word or multi-word phrase, and its primary purpose is to enable efficient
search for tweets. As such, the users frequently add hashtags that sum up the content
of the tweet. These can be considered as the author’s annotation of their content and
hence can be exploited for creating labelled data sets. Such an approach, where labels
are not assigned by human annotators but come from the data itself, is referred to as
distant supervision.

We are aware of the danger that such data might be of a lower quality than humanly
annotated data sets. We still chose to use this approach because it enables us to use a
much larger data set. Deep neural networks require a lot of data and it is a common
practice to trade the quality of the data for its quantity. Moreover, in this particular
case we suspect that the agreement between human annotators would often be low and
hence the use of distant supervision should not significantly decease the quality of the
data.

The idea of using hashtags for creating labelled data sets was already proven success-
ful in many recent studies. It has been used in sentiment classification [1, 67, 68], sar-
casm detection [69, 70], and personality traits studies [71]. Similarly to our approach,

Mohammad et al. [36] created an emotion labelled data set by extracting hashtags.
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3.1 Labelling by Distant Supervision

To label the data with emotion categories, we searched among English tweets for exact
matches of hashtags corresponding to emotions. For Ekman’s set of basic emotions, we
searched for #anger, #disgust, #fear, #joy, #sadness, and #surprise. For Plutchik’s set of
eight emotions, we searched for #anger, #disgust, #fear, #joy, #sadness, #surprise, #trust,
and #anticipation. Although Plutchik defined a more detailed representation, we de-
cided to use only eight main categories and discarded different intensity levels. Also,
notice that Ekman’s categories are a subset of Plutchik’s, which was taken into account
when making comparisons. For POMS we discarded the seventh category friendliness
as it is considered to too weak for valid scoring [13] and only used adjectives for the first
six. Among them, we removed the ones that have a negative contribution to their cor-
responding category (i.e. relaxed and efficient) and we removed the adjective blxe as it
is mostly used to describe colour, not emotion. We truncated multi-word phrases to a
single word without spaces. The final set of hashtags we searched for is the following:
#angry, #peeved, #grouchy, #spiteful, #annoyed, #resentful, #bitter, #readytofight, #de-
ceived, #furious, #badtempered, #rebellious, #sorryforthingsdone, #unworthy, #worthless,
#guilty, #desperate, #hopeless, #belpless, #lonely, #terrified, #discouraged, #gloomy, #sad,
#miserable, #unbappy, #farigued, # exbausted, # bushed, #sluggish, #wornout, #weary, # list-
less, #active, #energetic, #fullofpep, #lively, #vigorous, #cheerful, #carefree, #alert, #tense,
#panicky, #anxious, #shaky, #onedge, #uneasy, #restless, #nervous, #forgetful, #unableto-
concentrate, #muddled, # confused, #bewildered, and #uncertainaboutthings.

For Ekman and Plutchik we used the hashtag itself as the target category, i.e. a tweet
containing hashtag #anger is considered as a training example for anger category. For
POMS, the hashtags were only considered as proxies to the corresponding category as
defined by the POMS structure. That is, a tweet containing #angry was considered as
a training example for anger category and so were tweets containing #furious or any of
the other 10 adjectives that belong to anger category.

Although the vast majority of tweets contain only one emotion hashtag, there are
some that contain multiple of them. For Ekman there are 0.62 % of such tweets, for
Plutchik 0.61 % and for POMS 116 %. To account for them properly, we conducted
our experiments in two settings: multiclass and multilabel. In the multiclass setting, we
limited each tweet to express only a single emotion. We took the first emotion hashtag

that was found in the tweet, set it as a target category, and discarded any other that might
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Table 3.1

Examples of tweets along with the correct target values our classifiers are trained to recognise. In the multiclass
mode, the first emotional hashtag is set as the target. In the multilabel mode, for each emotion category, classi-
fiers have to state whether it is expressed (V') or not ().

Tweet content Multiclass Multilabel
12} Q
5 3 -
a
2 2 £ v 3 5
5 - « 2 %) 173

I'm so happy to be part of this

family. Love to you all! #home joy x X x  x x

#joy #love

Seeing my twin cycle ... hurt
eeing my twin cycle urts a anger /o x x 7 x

lot ... #anger #sadness

The mix of emotions running

through my body right now are

x
N
N
x
N
x

disgust
ridiculous..  #disgust #Sadness

#fear

come later in the content. This decision is based on the assumption that the user first
wrote the most important emotions and that the ones he used later are less relevant. The
classifiers in this mode know that exactly one of the target category is correct for each
tweet and only have to pick the most suitable one.

In the multilabel setting, each tweet can belong to multiple categories, potentially
even to all. We used all emotion hashtags found in the tweet and set them as true cate-
gories. The classifiers in this setting have to decide for each emotion category whether
it is expressed in the tweet or not, regardless of the decisions for other categories. Not
only that multilabel setting accounts for all emotional hashtags that the user provided,
but it is also closer to a real-life scenario in which tweets can be non-emotional as it sup-
ports a scenario in which all classifiers return a negative prediction. Some examples of
tweets, along with their target categories in multiclass or multilabel settings are shown
in Table 3.1.

This resulted in a collection of tweets as well as their emotional categories. However,

some of them are not suitable for learning as hashtags are not always used for annotating
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the content of the tweet. In some cases, the hashtagis used as a crucial part of the content,
as people might prepend a # character to any word inside a sentence. Other tweets con-
tain only hashtags, @mentions, links, emoticons, and other non-content bearing words.
Some examples of such tweets are shown in Figure 3.1. Since our goal is to develop a
model that can recognise emotions from the rextual content — and not merely find cor-
relations between certain @mentions or links and emotions or recommend one hashtag
from the presence of the other — such tweets are undesirable in the training data. We

removed them from our training set using two filtering approaches described below.

L ' Melissa Burnham
k mmburnham

#Fear is not a good reason to oppose #AB230.
Education should involve educating humans
about being human. That includes sex.

2+ Follow

2+ Follow

- %ﬁ Sarah Idha Fatmala

sifsarah

#birthday #sweet #seventeen #cake #tart
#ballon #candle #night #asia #surprise #love
#happy thnks... instagram.com/p/Y1F20ZALIr/

To detect tweets without content, we defined the concept of a content word. We took

the tweetand passed it through a part-of-speech tagger that was designed for Twitter [72].

We defined the content word as any token inside the tweet that was nor tagged as Twitter-
or online-specific (e.g. hashtag, @mention, URL) or Miscellaneous (e.g. number, punc-

tuation). Next, we calculated the content fraction ¢ as shown in Equation 3.1.

number of content words

c= (3.1)

number of all words

After observing the distributions of content fraction across all three data sets, shown
in Figure 3.3, and checking some examples, we set the threshold to o.5. That s, all tweets
with ¢ less than o.5 were removed from our data sets.

To remove tweets where hashtags are used as a crucial part of the content and not

as an annotation, we considered the position of the hashtag. We built on a simple idea
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Figure 3.1

Example of tweets not
suitable for learning.
In the first tweet hash-
tag #Fear is used as a
crucial part of the con-
tent and not as a label
of the content. The
second example con-
tains too few content
words for recognising
emotions. Such tweets
were removed from the
training set.
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Figure 3.2

Examples of tweets
that passed all filtering
requirements. Note
that emotional hastags
are used as targets and
were removed from the
contents of the tweets.

John Auwaerter %+ Follow
JohnAuwaerter

Why am i suddenly feeling the urge to Scream at
the top of my lungs?? #anger #monday
#apushsucks

R Aowi
\ | Apwil 2+ Follow
CaptainCha_Chi

4 months gone and thinking of u still brings tears
to my eyes
#sadness

Ryan Honeycutt

ryanhoney1534

2+ Follow

Watching the sopranos again from start to finish!
#joy

that hashtags that appear towards the end of the tweet are most likely annotations, while
ones that appear before might be a part of a sentence. We formalised the concept of a
hashtag depth d as proposed in Equation 3.2.
number of content words before hashta
d= f i e (3.2)

number of content words

The distribution of hashtag depths across all data sets is shown in Figure 3.4. Again,
after inspecting the data and distributions, we set the threshold to 0.9; i.e. all tweets with
d less than 0.9 were filtered out since the hashtags might be a crucial part of the sentence
and notalabel. Gonzales-Ibanezetal. [69] applied a similar procedure but required that
the hashtag appeared at the very end of the tweet, which seems too strict. For example,
we allow another hashtag or emoticon after the emotional hashtag.

Finally, re-tweets and duplicates were removed from the data set to prevent any train-
ing example from leaking into the test set. Also, emotional hashtags, that were used for
setting the target categories were removed from the content, lest the models would only
learn to spot keywords in the text. Examples of tweets meeting all above requirements

are shown in Figure 3.2.
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3.2 Data Set Statistics

For each emotion classification, all tweets meeting the requirements were randomly split
into three sets: train (60 % of tweets), validation (20 % of tweets), and test set (20 % of
tweets). The train set was used for training classifiers while the validation set served for
parameter selection. Once all models’ parameters were set, we used them for training
a classifier on the combination of the train and validation set and assessed their perfor-
mance only once on the test set.

As the Ekman’s categories are a subset of Plutchik’s, the split was done simultaneously:
the Ekman’s train, validation, and test sets are subsets of Plutchik’s rather than being
sampled independently. This assures that no tweet from the Ekman’s train set can be
present in the Plutchik’s test set and vice-versa. This requirementensures a fair evaluation
of our models’ transfer capabilities (see Section 4.3).

‘The numbers of tweets in each set along with the statistics on the number of discarded
tweets are shown in Table 3.2 while the distributions of emotion categories are shown

in Figure 3.5.

Table 3.2

Data set sizes. All corresponds to all English tweets containing any emotional hashtag, and filtered shows the
remaining number of tweets after depth, content, and duplicates filtering. These sets were further split into three
subsets: train, validation, and test.

Ekman Plutchik POMS

All L175,847 1,740,750 9,592,460
Filtered 535,788 798,389 6,536,280
Train 321,461 479,033 3,921,768

Validation 107,183 159,678 1,307,256
Test 107,144 159,678 1,307,256

We observed that class distributions are quite imbalanced. One reason for this, apart
from the people’s tendencies to express particular kinds of emotions on Twitter, may
be the restriction to exact matches of hashtags. While #disgust is not a popular hash-
tag, its variations (e.g. #disgusted or #revulsion) might be more popular. However, we
decided for the exact matches to directly follow emotions as defined by psychologists,

which already yielded sufficiently large data sets. By not including word derivatives the
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resulting data sets might be more coherent and we did not need to subjectively decide
how far to expand the set of hashtags. For example, are #delight, #pleasure, #euphoria,
and #ecstasy, while being the synonyms of joy, semantically close enough so we could
have used those as well when searching examples for the joy category? We leave the idea
of expanding these with synonyms for future work.

In comparison with previous studies, our data sets have been collected over a longer
period of time; hence they are less influenced by temporal variations like popular or tra-
gic events. They are also orders of magnitude larger than what has been used in previous

studies [36] of emotion recognition on Twitter data.
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Ekman
0.0 0.2 0.4 0.6 0.8 1.0
Content fraction ¢
Plutchik
0.0 0.2 0.4 0.6 0.8 1.0
Content fraction ¢
POMS
Figure 3.3
The distribution of
content fraction ¢
before filtering tweets.
Notice that a vast
0.0 0.2 0.4 0.6 0.8 1.0 majority of tweets has a
Content fraction ¢ content fraction larger

than os.
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Figure 3.4

The cumulative dis-
tribution of hashtag
depth 4 before filtering
tweets. Notice that a
vast majority of hash-
tags has a depth of one
— i.e. they appear at
the very end.
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Figure 3.5

Class distributions for
the whole data sets.The
distributions of train,
dev, and test subsets
show only negligible
differences.
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‘This chapter presents the methodology used in our experimental setup. To tackle our
first question, whether neural networks can improve the accuracy of emotion recogni-
tion systems, we first describe the set of experiments that set the baselines for comparison
with neural networks. Section 4.1 describes the transformations applied to raw text into
bag-of-words and the latent semantic indexing models on top of which simple classifiers
were applied. With the baselines set, we turn our attention to neural networks. Besides
a more popular approach of using words as an input to the neural network, we also ex-
perimented with an end-to-end learning approach and tested how networks perform
directly on a stream of unprocessed characters. Hence, in Section 4.2 we first describe
the word and character embeddings that served as the input and then continue with a
description of recurrent and convolutional network architectures.

To test the generality of the trained neural network models, we designed a set of trans-
fer learning experiments, which are the focus of Section 4.3. We investigated whether our
neural networks had discovered features that are useful for recognising other emotion
classifications as well, not just the one they have been trained for.

Finally, the Section 4.4 describes experiments regarding our second guiding question:
whether we can train one neural network capable of predicting all three emotion classi-
fications. We start with the training strategy presented by Collobert & Weston [30] and
propose two novel training heuristics that we used to train our unison models.

All experiments were conducted in the Python programming language and we cite

the major dependencies used in each of the following sections.

4.1 Traditional Text Classification

4.1.1  Bag of Words

We split the raw text of the tweet into tokens by using the Tweet POS tagger [72], which
was designed to handle Twitter’s messy language and its specifics such as @mentions,
and hashtags. To filter out very infrequent words, which usually have too little predic-
tive power, we removed all tokens that occurred in less than five tweets. As the language
on Twitter is very informal and contains many invalid or elongated words, references to
other users and URLs, we experimented with two token normalisation techniques be-
fore we constructed the bag-of-words representation. Vanilla BoW is a model without

any normalisation of tokens. Normalised BoWW grouped some tokens into the same



Methods

token by applying these transformations:
u all @mentions were truncated to a single token <wuser>,
= all URLs were truncated to a single token <ur/>,
= all numbers were truncated to a single token <number>,

= three or more same consecutive characters were truncated to a single character (e.g.

loooooove — love),
u all tokens were lower-cased.

The idea behind these normalisations is that some tokens are too specific and that
grouping them into the same token might help the performance of classifiers. For ex-
ample, instead of having a bunch of separate tokens for looove, loooove, looooove etc.
the normalised BoW truncated them into a single token Jove. These transformations
drastically shrunk the dimensionality of the feature space which also helped to reduce the
over-fitting problems. We compared the performances of both approaches to determine
whether these normalisations removed noise from the data and helped the classifiers, or
whether they removed meaningful signal and consequently hurt them.

To give the classifiers a bit more context than just single words, we also experimented
with the combination of unigrams and bigrams. For each of the two token normali-
sation techniques, we created two bag-of-words representations: one containing only
unigrams and one containing both unigrams and bigrams. From here on, we refer to
the combination of unigrams and bigrams simply as bigrams. For each of the four dif-
ferent bag-of-words transformations we left out all tokens that occur inside the corpus
less than five times. The dimensionality of feature spaces for all bag-of-words models is

shown in Table 4.1.

4.1.2  Latent Semantic Indexing

As the dimensionality of bag-of-words is extremely high, we also experimented with di-
mensionality reduction technique that is commonly used for text: latent semantic index-
ing (LSI). We started with four bag-of-words representations presented in the previous
section and applied LSI to each of them. We determined the number of dimensions

needed to retain 70% of the variance in the data. While the threshold comes from [73],

45




46

N Colneri¢ Emotion Recognition on Twitter Using Neural Networks

Table 4.1

The number of features of BoOW and LSI models for combined train and validation sets using different token
normalisations. The name bigrams stands for a model consisting of a combination of unigrams and bigrams.

Ekman Plutchik POMS

BoW LSI BoW LSI BoW

Unigrams Vanilla 45,484 523 58,146 500 183,727
Unigrams Normalised 35,555 316 44,009 299 129,841
Bigrams Vanilla 204,453 5,433 284,467 6,183 1,248,037
Bigrams Normalised 187,533 3,955 256,889 4,390 1,081,598

the number of retained dimensions, which is reported in Table 4.1, is in the range that
empirical studies showed as appropriate [14]. LSI experiments were only performed
for Ekman and Plutchik, since calculating the SVD decomposition for POMS showed
infeasible with the computation resources at our disposal. Both bag-of-word and LSI

transformations were performed with Gensim [74].

4.1.3  Classifiers

We selected four classifiers whose performance was tested on bag-of-word and latent se-
mantic indexing representations: support vector machines with linear kernel (SVM),
naive Bayes (NB), logistic regression (LogReg), and random forests (RF). For each of

them, these are the parameters we optimised:
= SVM: the regularisation parameter C from o.001 - 3.0
= NB: no parameters,
= LogReg: the regularisation parameter C from 0.001 - 3.0
= RF: the number of trees from s0-5000; the number of features from 1-6oo.

Notice that we performed a reduced parameter search for RF on POMS, because
training was extremely slow. For example, training 200 trees using bigram vanilla rep-
resentation took about three days on 40 parallel cores. Hence, for POMS we only ex-
perimented with up to 200 trees and left the number of features at its default value (i.e.

€
Vn, where # is the number of features). We used the classifiers from the scikit-learn [75]
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library and left all other parameters’ at their default values. For a detailed description

refer to the documentation at http://scikit-learn.org/stable/documentation.html.

4.2 Neural Network Models

All neural network experiments were conducted at two input granularity levels. First,
similarly to traditional approaches, we tokenised the tweet and used words as input.
Here the task of the neural network is to read words one by one and learn how to com-
bine them into a suitable representation for recognising emotions. Second, in an end-
to-end learning fashion, we trained neural networks directly on the raw text content —
the input to the neural network was an unprocessed stream of characters from the tweet.
The neural networks in this setting have a more challenging task; they have to learn to
combine characters into a meaningful representation for emotion recognition. Ifin the
first setting the concept of words was already encapsulated in the neural network input,
the networks in the second task have to first learn words themselves — since space char-
acter was not treated any differently than any other character — and then use them to
obrtain suitable representations.

There are several advantages to the character-based approach. First, we do not need
a tokeniser as there is no need to split the raw text into tokens. Secondly, word nor-
malisation is not required. In the word-based approach, we need to decide which mor-
phological variations of words are similar enough that the same token can be used for
their representation. For example, should the neural network distinguish between play
and playing? If it does, we need to have different input representations (i.e. embed-
dings) and if not we can have only one for both of them. All those decisions were left to
the neural network to figure out during the learning process. Since our character-based
approach does not need any language-dependent tools or any human intervention, we
consider it a true end-to-end learning approach. As such, it can easily be tested on other

data set and languages.

! Loss, penalty, tol, and max_iter for SVM; alpha for NB; max_iter, solver, and tol for LogReg; criterion,
max_depth, min_samples_split, min_samples_split, min_samples_leaf, min_weight_fraction_leaf,
max_leaf_nodes, min_impurity_split, bootstrap, and oob_score for RF.
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4.2.1 Embeddings

For our word-based experiments, we used GloVe [16] embedding as it is the only one we
know of that was trained on Twitter data. Hence, our tokenisation and token normalisa-
tion followed their approach so the percentage of tokens contained in the dictionary was
as high as possible. We used the same normalisation as for normalised bag-of-words (see
Section 4.1.1) with one addition. All hashtags (e.g. #happy) were split into two tokens:
one token for the hashtags sign (i.e. #) and the other token for the word (i.e. happy).
Hence, the same embedding was used regardless if the word is a part of the sentence or
whether it is inside a hashtag. Any potential difference in meaning is encapsulated in the
embedding for # character that comes just before the word itself.

Since we have a lot of data and since our task differs from the unsupervised task used
to train GloVe word embedding, we also tested whether the fine-tuning of word embed-
ding during the training of our networks would improve the performance. This, along
with the four different dimensionalities of embeddings provided by GloVe, were con-

sidered as the parameters we tuned:

= GloVe embedding dimensions: 2, 50, 100, 2005

= fine-tune GloVe embedding: no, yes;

For our character-based approach, we trained character embedding from scratch, start-
ing from a random initialisation, since we were not aware of any publicly available em-
bedding. Our dictionary contained a set of all characters that appeared at least 25 times
across all our data sets. That yielded a set of 410 different characters, including emoticons
and symbols, for which we trained the embedding. We searched among these dimension-

alities:
= character embedding dimensions: 10, 15, 25, 35;

In our character-based approach, we left the tweet’s content almost untouched. We only
removed the hashtags used to set the target category and URLs due to the anomaly of
our crawler. If the URLs on Twitter are mostly shortened (e.g. pic.twitter.com/<hash>),
our crawler has already expanded them which made some tweets drastically longer than
140 characters. Hence, we decided to remove all URLs from tweet contents’ for our

character-based experiments.
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4.2.2  Recurrent Neural Networks

The architecture of our recurrent neural networks was the following. The sequence of
either words or characters was first passed through the dropout layer to combat over-
ficting. Next, one or more recurrent layers followed with a dropout layer in between
any two pairs of consecutive recurrent layers. We experimented with LSTM and GRU
types of recurrent cells, different dimensionalities of hidden states, bidirectional layers,
and different dropout rates. After the final hidden state of the recurrent layer and the
final dropout layer, a dense layer was used with either softmax (for multiclass setting) or
sigmoid activation (for multilabel setting). The architecture of our recurrent networks
is depicted in Figure 4.1 left.

We searched for an optimal parameter set among the following configurations:
= layer kind: LSTM, GRUj;
= hidden layers: 1, 2, 3;
= neurons per hidden layer: 200, 500, 1000, 20005
= bidirectional layers: no, yes;
= dropout for word or character embedding: 0.0, 0.2;
= dropout between multiple layers: 0.0, 0.2;
= dropout for softmax (sigmoid): 0.0, 0.s.

The dropout rates for softmax come from Srivastava et al. [76] and for embedding
from Zaremba et al. [77]. We used RMSProp optimiser [25] for RNNS, a batch size of
128, and an early stopping with the patience of five. All RNN experiments were con-

ducted in Python using Keras [78] library and Theano [79] backend.

4.2.3  Convolutional Neural Networks

For convolutional neural network experiments, we followed Kim’s architecture [21] that
is presented in Section 2.3.3. That is, after embedding the input, one convolution and
max-pooling over time layers followed before the final dense layer. The architecture of
our convolutional networks is presented in Figure 4.1 right.

We searched for an optimal parameter set among the following configurations:
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= feature maps: 100 — 6000 (with step 100)
= feature maps activation: relu, tanh
u kernel size: 1 - 20
= dropout for word or character embedding: 0.0, 0.2;
= dropout for softmax: 0.0, 0.5.

We started the parameter search in the ranges suggested by Zhang & Byron [24],
which turned out to be appropriate for word-based experiments. For character ones,
however, the kernel sizes had to be enlarged to capture the large enough context of the
tweet to support recognising words. Also, due to the more complex task character-based
networks have to tackle, more feature maps were required.

We used Adam optimiser [28] for CNNs, a batch size of 128, and an early stopping
with the patience of five. Similarly to RNNs, all experiments were conducted using
Keras [78] library and Theano [79] backend.

4.3 Transfer Learning

After the best neural network models were selected along with their parameters, we in-
vestigated the generality and transferability of learned representations. More specifically,
we are interested whether the final hidden state representations — which can be con-
sidered as a projection of the whole tweet’s content into a low-dimensional space — are
informative enough to support the recognition of other emotion categorisations, not
just the one they were trained for. To explore this, we designed a set of experiments that
copy some neural network parameters from one task to the other. We took all parame-
ters that influence the values at the final hidden state trained on a first data set, copied,
and froze them in a new neural network that was then trained for another task. Doing
so, we forced the neural network corresponding to the second task to use the projection
into the final hidden state learned during the first task. During the training of the second
task, only the weights of the final dense layer were modified. Hence, the neural network
for the second task can only work on top of features learned by the first one. Notice that
since we were copying parameters from one network to another, both networks needed

to have the same architecture; i.e. the number of neurons, number of layers, type of
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layers, number of feature maps, kernel size, etc. The graphical representation of these
experiments is depicted in Figure 4.2.

The performance of the neural network on the second task was then compared with
the performance for that task when the neural network was trained from scratch while
allowing the updates of all parameters. There are two possible outcomes of these exper-
iments. If the performance is comparable, this indicates that features discovered during
the training of the first task are general enough to support the prediction of the second
task as well. Hence, this would demonstrate that the projection of the tweet into lower
dimensional representation is suitable for recognising other emotion classifications. We
could consider the projection as a universal lower-dimensional emotional representation
of the tweet. Contrary, if the performance drops drastically, this would demonstrate
that features trained during the first task are not directly useful for the second task.

These transfer experiments results shed light on the generality of features when neural
networks were trained for each task separately, which is an essential prerequisite before

developing a unison model. If the features discovered during the training on one task are
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Figure 4.1

The architecture of

our RNN (left) and
CNN (right) models.
Dashed boxes are only
present in multi-layer
architectures. The
RNN figure corre-
sponds to a two-layer
architecture, while the
three-layer architecture
includes another pair
of dropout_bl and RNN
layers.
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Figure 4.2

The schema of transfer
experiments for RNNGs.
We first trained the
architecture for the
first task and then
copied the weights

to the second task, as
indicated by horizontal
arrows. The greyed out
layers in the second
task indicate the layers
which were fixed after
initialisation. Hence,
when training the
second task, the model
was forced to use the
weights as they were
learned during the first
task.
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general enough to support others, then unison model is unnecessary. We can just take
the projection into the final hidden state and train simple classifiers on top, to make
predictions for other tasks as well. Contrary, if the results of transfer experiments were
poor, that would make a unison model a candidate for improving the generality of final

hidden state representations.

First task Second task

| input | | input |
i ]

| embedding |—>| embedding |
i |

| RNN |—>| RNN |
i v

| dense | | dense |
! l

| activation | | activation |

4.4 Unison Learning

Our final set of experiments focused on the development of a unison model — one single
model for recognising all three emotion classifications. The architecture of our unison
model was the following. We started with a shared word or character embeddings that
were followed by shared RNN or CNN layers. In the case of multilayer architectures
for RNNs, all recurrent layers were shared among tasks. After the final hidden state,
multiple task-specific shallow layers followed. For each emotion classification task, we
had one dense (fully connected) layer connecting the shared representation to the out-
put neurons. On them, we applied either softmax or sigmoid activation to obtain the
model output for the specific task. The architecture of our unison models is presented
in Figure 4.3. Note that we built on the ideas presented by Collobert & Weston [30].

However, their tasks were not as closely related as ours and hence they only shared word
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embedding, while all other neural networks layers were task specific. As all our tasks
tackle emotion recognition, we restricted our unison models even more by forcing them
to share other neural network layers as well. The only task-specific layers were the final

outputs, which cannot be shared between different tasks.

| input |
!
| embedding | | input |
1 !
| dropout_we | | embedding |
! !
| RNN | | dropout_we |
) ) ] I
:L dropout_bl J | CNN |
] I ) !
:L RNN J | max_pooling |
1 l
| dropout_sm | | dropout_sm |
! ! ! ! ! !
| dense | | dense | | dense | | dense | | dense | | dense |
! i ' l ! '
| activation | | activation | | activation | | activation | | activation | | activation |
Ekman Plutchik POMS Ekman Plutchik POMS

This parameter sharing architecture forced the unison model to discover final hid-
den state representations that can support recognising multiple emotion classifications.
Hence, if the model in such a setting can perform well, then the final hidden state repre-
sentation can be considered a general emotion representation of the input content. As
such, it could be a great starting point for investigating the interdependence or corre-
lation between different emotional classifications. Also, similarly to pre-trained word
embedding for our models, this general representation could be a great starting point
when training models for other emotion classifications not considered in our study.

As we possess three separate data sets with emotion labelled tweets, we could not

adopt the gradient summation during the training of our models. Hence, we trained
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Figure 4.3

The architecture of
RNN (left) and CNN
(right) unison models.
Everything above the
red line was shared for
three emotion classi-
fications; i.e. models
used the same word or
character embedding as
well as the whole RNN
or CNN layer. On top
of the common rep-
resentation, one final
dense layer followed
with either softmax
(or sigmoid) activa-
tion for each emotion
classification.
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our models with the approach presented by Collobert & Weston [30], which we refer to
as alternating batches strategy. Initial experiments with the alternating batches strategy
showed thatitis not suitable for our setting with drastically different data set sizes. Recall
that our largest data set is more than ten times larger than our smallest one. Hence, we
proposed two novel training heuristics that were designed to better handle training of
unison models with different data set sizes or complexities: weighted sampling batches
and weighted sampling batches by data set size. These three training heuristics, the known
alternating batches and the two newly proposed ones, are presented in the following

three subsections.

4.4.1  Alternating Batches

The alternating batches strategy (AB), presented by Collobert & Weston [30], trains the
unison model by iterating over the training sets and each time picking a random example
from the currently selected training set. The neural network weights are updated accord-
ing to gradients with respect to this example. Note that only shared parameters and the
parameters corresponding to the current task are updated. The parameters correspond-
ing to other tasks are left unchanged. After the parameters update, the training heuristic
proceeds by picking the next task.

Instead of working with only one example at a time, we used batches of multiple
examples at each step. Also, we introduced early stopping into the training iteration
to finish the training before the network started to overfit. As we were working with
multiple data sets, the early stopping monitored the average validation accuracy across
all three data sets. The alternating batches strategy is presented in Algorithm 2.

Note that all data sets on input have already been split into training and validation
part. The function next_train_batch(x) returns the next training batch for data set x and
the function train_on_batch(b, m) performs one gradient-based parameters update of
the model 7 with respect to the training examples from batch b.

At the end of each epoch, the early stopping validation criterion is checked and the

training is aborted when the criterion is met.

4.4.2  Weighted Sampling Batches
We proposed a novel weighted sampling batches (WSB) training heuristic to improve the

alternating batches strategy for cases where data sets differ by size or complexity. Instead

of devoting the same amount of attention during the training process to all data sets,
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Algorithm 2 Alternating Batches strategy by Collobert & Weston [30].

Input: DS = {d,,d,,...,d,} > data sets
MODEL B> initialised NN model
EPOCHS ™ max number of epochs
UPDATES & number of updates in epoch

Output: MODEL > trained NN model

r forepoch = 1 — EPOCHS do
2 for updare = 1 — UPDATES/|DS| do

3 fords € DSdo

4 b «— next_train_batch(ds)

5 train_on_batch(b, MODEL)

6: fords € DSdo

7: /* evaluate model on train and validation set */
8 if early stopping criterion met then

9: brm/e

WSB monitors the progress of each data set separately. It then adapts the training to
take more examples from data sets where the progress is slower. Doing so, it allows the
network to focus more on the examples coming from harder data sets.

We estimate the progress with a technique that is commonly adopted by researches
when training neural networks — i.e. observing the accuracy of the model through the
training iterations. At the end of each epoch, we first calculate the train and validation
accuracy of the unison model for each of the data sets. When the model starts to over-
fit a certain data set, the difference between the train and validation accuracy starts to
grow as the model becomes better and better on the train part while on validation part
its performance stagnates or drops. Hence, we believe that the difference between the
train and validation accuracy, which is small at first and becomes larger the closer we
are to the point of overfitting, is indicative of the training progress for a given data set.
We treat the differences between the train and validation accuracies as our progress esti-
mates, and use them to steer the sampling process of the next training batch. Instead of
sampling the training batches uniformly from each data set (as in the alternating batches

strategy) we sample the next training batch with weights based on our progress estimates.
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By sampling more batches from the data sets where the progress is slower, we boost the
fitting to those data sets. The sampling probabilities are inversely proportional to the
progress estimates”. Hence, the higher the difference between the train and validation
accuracy for a given data set, the fewer batches will be sampled from it. As progress es-
timates are only available after the first epoch, we initialise the sampling probabilities to
be equal for all data sets. Doing so, the algorithm devotes an equal amount of attention
to all data sets in the first epoch. Then after each epoch, the sampling probabilities are
recalculated according to the current progress estimates. Notice that if the heuristic es-
timates the progress on all data sets to be equal, the sampling probabilities would also
be equal, and the WSB strategy would degenerate into the AB strategy. The complete
WSB strategy is presented in Algorithm 3.

Note that the function random_choice(DS, weights) samples a random data set out
of DS weighted by sampling probabilities given as weights. Functions train_acc(ds) and
val_acc(ds) calculate the accuracy on a train and validation part of the data set ds respec-
tively.

Finally, notice that the WSB heuristic requires a labelled validation set. In the para-
meter selection phase, we run it on the train set and used the validation set to establish
sampling probabilities. Once all other model parameters were set (e.g. number and
dimensionality of the layers) we needed to select the sampling probabilities to be used
when the classifier was trained for the final evaluation on the test set. Then, we are not
allowed to observe the accuracy after each epoch to set sampling probabilities as we did
in the parameter selection phase. If we would, the final evaluation would not be fair.
Hence we needed to provide the sampling probabilities throughout all epochs on in-
put’. We decided to calculate average sampling probability through all epochs, discard-
ing the initial weight which was set to 1/7 at the beginning of the algorithm, and used
that average as the sampling probability through all epochs when the model was trained
in the test mode. We emphasise that in the test mode, when the model was trained on
the combination of train and validation sets, the algorithm did not evaluate the progress

after each epoch as presented in Algorithm 3 and the class labels corresponding to testing

* Notice that by making the sampling probabilities inversely proportional to the progress estimates, it
could happen that some data sets would not get chosen at all. If this becomes problematic, we could
change the algorithm slightly to enforce lower bounds on sampling probabilities for each data set and

treat this as another parameter of the algorithm.
* Similarly as the number of epochs determined by early stopping is provided for final evaluation.
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Algorithm 3 Proposed Weighted Sampling Batches strategy.

Input: DS = {d,,d,,...,d,} > data sets
MODEL B> initialised NN model
EPOCHS ™ max number of epochs
UPDATES & number of updates in epoch

Output: MODEL > trained NN model

v weights «— [1/n,1/n, ..., 1[n]
2 forepoch = 1 — EPOCHS do
3 for update = 1 — UPDATES do

4 ds «— random_choice(DS, weights)

5 b «— next_train_batch(ds)

6: train_on_batch(b, MODEL)

7 fords € DS do

8 /* evaluate model on train and validation set */
o: progress « train_acc(ds) — val_acc(ds)
10: weights[ds] < 1/progress

I weights «— weights[sum(weights)

12 if early stopping criterion met then

3 break

examples were not revealed to the algorithm. We consider the sampling probabilities as
another parameter of the model that needs to be set before evaluating it in the test mode.

‘The reason for using the fixed sampling probabilities through all iterations when train-
ing the model in the test run is that our sampling probabilities nicely converged (see
Figure 5.2 in Section s.4). If the sampling probabilities plot in the parameter selection
phase were not so flat, we could skip the averaging and directly use the corresponding
sampling probabilities as set in each epoch by the algorithm in the parameter selection

phase.

4.4.3  Weighted Sampling Batches by Data Set Sizes

To test the utility of the progress estimation as defined in WSB heuristic, we defined

another simpler heuristic to compare it with. Instead of using progress estimates to steer
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the sampling of batches, we sample with fixed sampling probabilities throughout all
epochs of the training algorithm. The sampling probabilities are set according to the data
set sizes, by which we achieve that each training example will be used approximately the
same number of times for updating network parameters. Consequently, the estimation
of the model performance on train and validation set after each epoch is not needed any
more. The weighted sampling batches by data set sizes (WSBDS) heuristic is presented
in Algorithm 4.

Algorithm 4 Proposed Weighted Sampling Batches by Data Set Sizes strategy.

Input: DS = {d,,d,,...,d,} > data sets
MODEL > initialised NN model
EPOCHS > max number of epochs
UPDATES > number of updates in epoch

Output: MODEL > trained NN model

I w"l'gh“ — [|d1|’ |d2|>---’ |dn|]/5”m([|d1|> |d2|s ] |dn|])
2: forepoch = 1 — EPOCHS do
3: for update = 1 — UPDATES do

4 ds «— random_choice(DS, weights)
5: b «— next_train_batch(ds)

6: train_on_batch(b, MODEL)

7 if early stopping criterion met then

8 break
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Our experimental results are split into seven sections. We first present the results of ex-
periments with traditional text classification approaches on single data sets in Section s.1.
These set the baseline for comparison with neural networks, whose performance is repor-
ted in Section s5.2. Next, we investigate the transfer capabilities of our neural networks’
final hidden state representations in Section 5.3, which gives intuition on the generality
of the learned representations. The results of our unison models, along with the com-
parison of alternating batches heuristics with the newly proposed weighted sampling
batches and weighted sampling batches by data set sizes heuristics, are presented in Sec-
tion 5.4. As our thesis focuses on emotion recognition, we evaluated the proposed train-
ing heuristics only in this context and did not focus on how they perform on other, unre-
lated tasks to which they may be applicable. In Section 5.5 we demonstrate the utility of
applying the trained embedding to other data sets, while in Section 5.6 we compare dif-
ferent emotion classifications used in this study. We conclude the chapter by discussing
ideas for future work along with the study’s limitations in Section 5.7.

Before discussing the results, we emphasise that all model parameters, like those corre-
sponding to the architecture of neural networks (e.g. number of layers, dimensionality
of the layers) as well as those corresponding to their training (e.g. number of epochs
to train, sampling probabilities for training unison models with our heuristics) were
selected according to the model performance on validation set when the models were
trained on the train set. With all the parameters set, we trained the models on the com-
bination of train and validation sets. These models were then finally evaluated only once
on the test set. Notice that the test set true labels were never revealed to any of the al-
gorithms during the parameter selection phase and that duplicate detection and re-tweet
removal, as described in Chapter 3, assured that none of the tweets in the test set was
present in the train or validation set.

We report the performance on the test set using macro- and micro-averages of Fi-score,
which are defined as follows. For a tweet and an emotion category, there are four distinct
outcomes, as illustrated in Table 5.1, that differ based on the fact whether the emotion
is expressed in the tweet or not, and whether the classifier recognised it or not. Given
the numbers of tweets belonging to each of the above cases, we calculate the precision in

Equation 5.1, recall in Equation 5.2, and FI-score in Equation s.3.

TP (5:1)
TP + FP 5

Precision =
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Table 5.1

The confusion matrix for a given emotion and the corresponding classifier’s output. The emotion can either be
expressed in the tweet or not, and the classifier can either recognise it or not.

Emotion expressed in text?

Yes No
Yes  True Positive (TP) False Positive (FP)
No  False Negative (FN)  True Negative (TN)

Emotion recognised?

TP

Recall = m (52.)

recision - recall
Fl-score =2 - precision - rec (5.3)

precision + recall

The distinction between a micro-averaged and macro-averaged Fi-score is where in
the above equations do we aggregate across multiple categories. For a macro-averaged
Fr-score we first calculate the Fr-scores for each emotion category separately and then
average those to obtain an overall score. Doing so, the macro-averaged Fi-score treats all
classes equally.

Contrary, a micro-averaged Fi-score first sums TP, FP, FN, and TN cases across all
categories and uses those to calculate the overall Fi-score. Hence, each training example

makes an equal contribution to the overall score.

5.1 Traditional Text Classification

Results of traditional text classification experiments on bag-of-words models are pre-
sented in Table 5.2 for the multiclass mode and in Table 5.3 for the multilabel mode.
We observed that normalisation of unigrams did not improve the performance for
SVM, NB, and LogReg, but it brought noticeable improvements for RF on unigrams.
When training models on the combination of unigrams and bigrams, the token nor-
malisation shows as more beneficial. The performance on bigrams is almost always bet-
ter when using normalisation for all classifiers in both multiclass and multilabel mode.
Comparing the performance of classifiers when trained on only unigrams with the per-

formance when trained on a combination of unigrams and bigrams, the addition of bi-
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Table 5.2

Fr-scores (macro/micro) of different classifiers on different bag-of-words models in the multiclass mode as mea-
sured on the test set. For each of the averaging techniques, the best performance for each data set is underlined.

Multiclass
Unigrams Bigrams
Vanilla Normalised Vanilla Normalised
SVM 58.5/69.4 58.1/69.5 59.5/70.6  60.2/712
NB 56.0/67.3 56.4/ 67.1 55.6 / 68.1 56.2/ 68.4
Ekman
LogReg  s8.7/69.5 58.7/69.7  59.2/70.8 6o.1/ 715
RF 46.8/64.6  47.5/65.6 47.5/ 65.1 47.7/ 65.8
SVM 54.4/66.8  541/66.7  563/682  s57.1/69.0
. NB 5.8 / 64.5 52,2/ 64.3 52.5/ 65.6 53.0 / 66.0
Plutchik
LogReg s54.7/67.0 54.8/66.9 56.0/685 57.0/693
RF 417/ 61.8 42.8/62.7  43.0/62.4  43.5/633
SVM 63.8/66.8 63.5/66.8 67.5/ 71.0 68.2/ 715
POMS NB 61.0/64.4 60.9/64.4 63.9/66.9 64.2/673
LogReg 64.2/67.0 64.0/67.0 681/712 68.8/717
RF 57.6/ 64.0 59.1/ 65.2 57.2/63.9 59.1/ 65.3

grams brings more contextual information, which is beneficial in all cases; except for RF
on Ekman and Plutchik in multilabel mode. This is understandable, as the latter is the
superset of features of the former. Interestingly, the advantage of bigrams over just uni-
grams gets larger on larger data sets. For LogReg on Ekman, the absolute improvement
is up to 2 % while for POMS it is up to 5 % in absolute.

When comparing different classifiers, the one that consistently shows drastically worse
performance than all others in all settings is RF while it also requires substantially more
time to train. We believe the primary reason for this is the enormous feature space di-
mensionality of the bag-of-words models along with its sparseness. Notice that despite
the reduced parameter search for POMS, the results seem comparable to the other two
data sets. We observed only slight improvements on Ekman and Plutchik when going

from 200 trees to up to 5000 and tuning the number of features. Hence, we have not
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Table 5.3

Fr-scores (macro/micro) of different classifiers on different bag-of-words models in the multilabel mode as mea-
sured on the test set. For each of the averaging techniques, the best performance for each data set is underlined.

Multilabel

Unigrams Bigrams

Vanilla Normalised Vanilla Normalised

SVM 55.5 / 66.8 54.8/66.7  56.4/682  $56.4/69.2
NB 55.1/ 65.8 55.4 / 65.7 5.2/ 66.7 55.8 / 66.8

Ekman
LogReg 555/ 67.1 55.7/67.3 563/685  57.4/693
RF 39.2/56.3 39.8/57.3 37.0/56.1 37.2/57.0
SVM 50.3/632  49.9/62.9 52.5/ 65.3 534 /663
) NB 50.4 / 62.6 s1.o / 62.5 50.8 / 63.1 5.4/ 63.3
Plutchik
LogReg  s51.3/63.9 s1.0/ 63.8 52.7/ 65.5 53.3/ 66.6
RF 32.4 /50.7 33.6/52.6  29.7/492  30.2/50.7
SVM 59.0 / 61.4 58.4 / 6LI 65.1/67.9 65.9/68.5
POMS NB 58.3/62.7 58.3/62.6 60.3/ 65.5 60.5/ 65.8
LogReg 603/62.6 60.0/62.4 653/683  663/69.0
RF 44.4/5Ls 46.0/53.0  47.3/56.5 49.1/57.7

attempted a full parameter search and, in particular, a larger number of trees on POMS
because it would take too long. Although the performance of the remaining three classi-
fiers is almost comparable, LogReg seems slightly better than SVM, which in turn seems
slightly better than NB. The best overall results were always achieved with LogReg when
trained on normalised bigrams. This indicates that the addition of bigrams and our
token normalisation strategy were beneficial to the classifier. Classifiers in multilabel
mode achieved a slightly worse performance than classifiers in multiclass mode, which
is understandable as the multilabel approach tackles a harder problem.

Comparing macro- and micro-averaged scores reveals the importance of adequately
large training data set. For Ekman and Plutchik, the differences are in the range of 10-15 %
in absolute with the micro-averaged score always being higher than the macro-averaged

one. For POMS these difference are usually below 7 % also in favour of micro-averaging.

]
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Recall that in the macro-average each class contributes equally to the overall score, re-
gardless of the number of training examples inside it. Contrary, in the micro-average all
training examples contribute equally to the final score disregarding of the class they be-
long to. Hence, we believe that for Ekman and Plutchik our classifiers handle the large
categories well but perform poorly for categories with few examples. For POMS, as the
difference between macro- and micro-averages is smaller, we believe the performance of
classifiers is better even for classes with few training examples. As class distributions are
imbalanced for all three data sets, we are attributing the better handling of examples
from minority classes to the drastically larger data set size for POMS.

Results of experiments with latent semantic indexing models are reported in Table 5.4
for the multiclass mode and in Table 5.5 for the multilabel mode. Recall that experiments
were only performed for Ekman and Plutchik as calculating SVD for POMS was infea-
sible.

Table 5.4

Fr-scores (macro/micro) of different classifiers on different latent semantic indexing models in the multiclass
mode as measured on the test set. For each of the averaging techniques, the best performance for each data set is

underlined.
Multiclass
Unigrams Bigrams
Vanilla Normalised Vanilla Normalised
SVM 40.5/57.9  39.2/57.0 53.4/66.9  53.2/67.0
NB 3.8/ 41.0 32.7 / 42.2 22.5/37.0 24.7/38.1
Ekman
LogReg  42.2/585 408/57.5  54.5/67.0  545/672
RF 36.9/55.6 38.1/56.7 32.5/53.3 36.1/55.3
SVM 34.0/53.8 32.7 / 52.7 49.5/63.9  49.1/64.0
. NB 25.9/35.4 26.6/363  16.7/30.4 18.5 /313
Plutchik
LogReg  36.4/54.4 34.5/53.3 50.8/64.2  50.9/64.3
RF 31.8/52.7 322/ §3.1 28.7/50.7 314/ 52.7

The trends we observed are similar to those on bag-of-words models. Normalisation
on bigrams seems to help most of the time, while on unigrams it is only beneficial for RF

and NB. The addition of bigrams only improved the performance when using the SVM
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Table 5.5

Fr-scores (macro/micro) of different classifiers on different latent semantic indexing models in the multilabel
mode as measured on the test set. For each of the averaging techniques, the best performance for each data set is

underlined.
Multilabel
Unigrams Bigrams
Vanilla Normalised Vanilla Normalised
SVM 33.3/ 49.5 315/ 47.8 482/632  47.8/632
NB 33.4/39.6 34.4/ 414  27.9/332  29.0/34.s5
Ekman
LogReg  35.7/516 33.9/ 49.9 512/ 64.3 511/ 64.5
RF 26.5/37.8 27.9/ 40.1 18.8/29.2 23.8/34.5
SVM 25.1/ 42.8 23.1/ 40.6 42.5/58.8 41.8 /8.7
Pluschik NB 26.8 /30.1 27.3/ 314 23.7/26.7  24.6/27.8

LogReg 29.0/457 26.6/435 465/605  46.1/60.6
RF 211/ 34.5 21.4 / 35.9 15.8 /27.0 18.7 /317

or LogReg classifier, while it hurts the performance for NB and RF. The performance
of RF is again inferior to SVM, NB, and LogReg which again show comparable perfor-
mance. The best overall results were once again achieved using LogReg on normalised
bigrams, confirming the usefulness of adding bigrams and normalising tokens.

The differences between macro- and micro-averages — although the scores are still in
favour of micro-averaging — grew larger, even up to 20 % in absolute, indicating that
LSI performance for small classes is worse than that of bag-of-words models. As the
performance of LSI models is considerably worse than those of bag-of-words models —
across classifiers, n-grams, and token normalisation techniques — we use the LogReg
trained on the bag-of-words model with normalised bigrams as our baseline for compar-
ison with neural networks.

Finally, comparing all three emotion classifications, the accuracy of predicting POMS’s
and Ekman’s categories is comparable. With our approach of labelling tweets, the higher
complexity of POMS is counterbalanced by the much larger number of training tweets.
The accuracy of predicting Plutchik’s categories is a bit lower, which is expected as it con-

tains two more categories than Ekman or POMS.
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5.2 Neural Networks

Before presenting the results, we discuss some general observations. When investigating
the GloVe embedding and comparing it with the fine-tuned version, we observed that
GloVe embedding is too-focused on word co-occurrences to be directly suitable for emo-
tion recognition task. For example in GloVe, the most similar word, in terms of cosine
similarity, to word sadness is happiness; and to word angry is birds. After our fine-tuning,
the closest word to sadness is depression; and to angry it is annoyed. Considering these
examples, we believe that although the GloVe embedding initially was not able to dis-
tinguish between detailed differences in word meaning crucial for emotion recognition,
the process of fine-tuning made it much more suitable for the task. This suspicion is also
confirmed by the fact that the performance of our models was always better if we allowed
the model to fine-tune the word embedding. Hence, we conclude that the fine-tuning of
word embedding is beneficial. Regarding the embedding size, larger is better. In seven
out of eight cases the 200-dimensional embedding yielded the best results, while in the
eighth case the difference between 100- and 200-dimensional embedding was negligible.

Character embedding dimensionality can indubitably be much smaller, as it only rep-
resents a set of 410 different characters and not the meaning of 1.2M words. Although
we selected 25-dimensional representation, using only ro-dimensional one did not seem
to harm the performance much; in some cases, the decrease in performance was less than
1% in absolute.

Regarding the network architecture of RNNs, we observed that LSTM and GRU
layers performed comparable, while initial experiments with the simple recurrent layers
showed inferior performance and hence we did not include it as an option in the para-
meter search phase. Adding more recurrent layers only occasionally yielded minor im-
provements; similarly using bidirectional layers did not bring any improvements when
working with words on input. However, when working with character input, the bidi-
rectional layers almost always helped to improve the performance.

For CNN’s on words, the best kernel sizes are between 2—3 and the number of feature
maps in the range from 1500-2000, which is a bit larger than suggested for CNN text
classification architectures [24]. When working with character input, such kernel sizes
and number of feature maps were insufficient. Intuitively, as the words on input have
been replaced with characters, one needs to enlarge the window size to capture large

enough context to support recognition of words. As experiments showed, the larger
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Table 5.6

Fr-scores (macro/micro) for RNNs and CNNs in the multiclass mode as measured on the test set. For easier com-
parison, we also show the best BoOW performance. The best micro or macro score for each data set is underlined.

Multiclass

Input RNN CNN Best BolW

Word  6o.7/ 71 .9/ 69.2
Ekman 207I7R4 599709 60.1/ 715

Char 60.4/712  601/718

Word .8/ 6s. 1/66.8
Plutchik o 5 5 57.0/69.3
Char  s7.5/70.0 57.0/69:2

Word  67.9/ 70. 67.1/ 69.
POMS or 790704 BT g /717
Char 70.5/732  68.1/70.9

kernel size by itselfis not sufficient, but the number of features maps needs to be enlarged
as well. In our character-based CNN experiments we used kernel sizes of 9—11 and the
number of feature maps between sooo—-6000.

Results of experiments with neural networks along with the best bag-of-words mod-
els to ease the comparison are summarized in Tables 5.6 for multiclass and Table 5.7 for
the multilabel mode.

The success of character approach seems dependent on the training data set size. For
POMS, which is the largest of our data sets, networks always achieved better perfor-
mance on characters than on words. For Plutchik, the second largest, this happened in
most cases and for Ekman in some. Predicting directly from characters is more challeng-
ing as the network needs to discover the concept of words by itself. Hence, we believe
that when sufficient training data is available, it is best to opt for character-based NN ap-
proach. Contrary, when the training data is scarce, we suggest to work on words and rely
on the pre-trained embedding with some fine-tuning. However, this comparison is not
entirely fair. For word approaches, we used GloVe as our initialisation, which already
defined meaningful representations of words which we just fine-tuned further to incor-
porate sentiment. For characters, we started learning their representations from random

initialisations, which contain no background knowledge. We suspect that if pre-trained
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Table 5.7

Fr-scores (macro/micro) for RNNs and CNNs in the multilabel mode as measured on the test set. For easier com-
parison, we also show the best BoOW performance. The best micro or macro score for each data set is underlined.

Multilabel
Input RNN CNN Best BoWW
Word .3/ 70. 60.2/69.8
Ekman or 57:3770:0 202109 57.4/69.3
Char 56.4/703  54.9/68.9
Word 5/ 67. 6.9/ 67.
Pluchik o 330077 2900 s

Char 52.6/68.6  53.9/66.8

Word  67.0/ 70. 65.7 / 68.8
POMS ord brelyo4 557 663/ 69.0
Char  67.5/70.7 66.7/69.0

character embedding would exist when we designed our experiments’, using it instead
of random initialisation might work in favour of the character approach.

When comparing RNNs with CNNs we observed that in the vast majority of cases
RNNs outperformed CNNs, though not by a considerable margin. Further, when com-
paring the best NN approach with the best BoW approach, we saw that NN always
gave slightly better results that BoW. Similarly, as for bag-of-words, Ekman and POMS
showed comparable performance while the performance of Plutchik was a bit worse due
to more categories. Discrepancies between macro- and micro-averaged scores were the
same as for BoW — larger for Ekman and Plutchik and smaller for POMS.

To explicitly answer our first guiding question of the study: neural networks achieve
slightly better performance than traditional text classification approaches; although, the
differences are not nearly as high as we hoped for. However, there are also other be-
nefits of using neural networks, as in the character setting they do not require any hu-
man intervention and language-specific prerequisites. Recall that the best BoW scores
were achieved with the bigrams on normalised words and that performance was worse
without token normalisation and bigrams. Contrary, character-based NNs do not re-

quire any tokenisation, preprocessing, token normalisation, stemming or ﬁltering as

! When finalising the thesis, after all experiments were already completed, a character embedding
BERT [80] became available.
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networks work directly on the stream of unprocessed text characters. Hence, since no
language-specific prerequisites and no feature engineering is required, character-based
neural networks are more appropriate even for low-resource languages.

These improvements, however, come at the expense of higher computational costs.
While training of LogReg on POMS took up to 13 hours, word-based RNNs took up
to 5 days and character-based ones up to 8 days on a single GPU. CNNs, due to much

simpler architecture, took from a few hours up to one day.

5.3 Transfer Learning

Results of the transfer experiments are reported in Table 5.8 for multiclass and Table 5.9
for the multilabel setting. Notice that transfer experiments require a common architec-
ture across all data sets to support copying of parameters from one network to the other.
Hence, when comparing the transfer results performance metrics, they cannot be com-
pared with results from Section s.2. Instead, they should be compared with the results on
this common architecture, which we report along the diagonals of the Tables 5.8 and 5.9.
We observed that the only setting in which transfer experiments gave comparable per-
formance to training a single model is when the initial model was trained on Plutchik
and applied to Ekman. In some cases, this yielded even better performance than train-
ing on Ekman itself. Recall that Ekman’s categories are a subset of Plutchik’s and so are
all train, validation, and test sets (see Section 3.2). Hence, when training the model on
Plutchik and then transferring those weights to Ekman, the only thing that differed, in
comparison to training on Ekman directly, is the presence of two additional categories
trust and anticipation. It is known for multi-task learning [29] that additional categories
during training can introduce more training signal and lead to better generalisation.
Transfer result in the other direction, i.e. training the initial model on Ekman and
transferring the weights to Plutchik, was noticeably worse. We suspect that the absence
of trust and anticipation categories during the time of initial model training prevented
the discovery of required features for their recognition, which consequently led to in-
ferior performance on these two categories. Observing the confusion matrices reveals
the following. First, the transfer model rarely predicts the anticipation category and fre-
quently confuses it with the most common Ekman’s category surprise. Second, the trans-
fer model confuses all categories with the largest Plutchik’s category (¢7ust) much more

frequently than the single model.
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Table 5.8

Transfer experiments Fi-scores (macro/micro) for word and character approach in the multiclass settings on

the test set. The table consists of four 3x3 matrices each corresponding to a set of transfer experiments in one
setting. The values on the diagonals correspond to the results obtained when training the data set on a common
architecture. All the off-diagonal values, showing the transfer results, should be compared with the corresponding
diagonal one. The best micro or macro score for each data set is underlined.

Softmax Tuning and Testing

Multiclass

Ekman Plutchik POMS

Ekman 57.9/68.9  44.9/59.6  37./49.1
Word ~ Plutchik  57.7/69.1  54.1/66.0  37.3/493
POMS sLs/63.0  48.0/59.7  685/713

RNN
Ekman 60.3/71.8  46.5/6o.s  36.5/49.2
Initial Char  Plutchik  6r1/72.4  585/69.9  39.5/50.9
Weight POMS 37.6/s11  319/455  69.9/72.8
Learning Ekman 59.9/701  su7/627  52.9/57.8
Word  Plutchik  59.3/69.4 56.0/66.9 $3.6/57.9
NN POMS  45.6/563  394/s12  66.7/6938

Ekman 57.4/69.6 50.0/64.0 48.7/58.0
Char  Plutchik  60.0/715  543/680  50.5/59.2
POMS 49.3/627  44.8/582  65.8/69.5

Due to the similarity between Ekman and Plutchik, the transfer between them cannot
be considered a real transfer experiment as some of the categories were present during the
time of initial model training. As this is not true when transferring from either Ekman
or Plutchik to POMS, or the other way around, investigating these results gives more
insight into the real transfer capabilities of our models. When training the initial RNN
model on Ekman and transferring it to POMS, we observed that the best micro-averaged
Fr-score was around 58 % while the worst one was around 20 %. Comparing these to the
70 % score when training POMS on common architecture revealed that restricting the
POMS’s model to work on Ekman’s hidden state representation resulted in a significant

performance drop. Similar trends hold for other RNN transfers as well: from Plutchik
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Table 5.9

Transfer experiments Fi-scores (macro/micro) for word and character approach in the multilabel settings on

the test set. The table consists of four 3x3 matrices each corresponding to a set of transfer experiments in one
setting. The values on the diagonals correspond to the results obtained when training the data set on a common
architecture. All the off-diagonal values, showing the transfer results, should be compared with the corresponding
diagonal one. The best micro or macro score for each data set is underlined.

Softmax Tuning and Testing
Multilabel

Ekman Plutchik POMS

Ekman 56.9/69.6  37.0/47.3 9.8/22.1
Word ~ Plutchik  52.8/67.6  s1.0/66.5 1.5 / 20.3
POMS 6.1/9.4 3.1/ 4.1 67.0/70.4

RNN
Ekman 55.0/70.7  40.3/54.0 20.3/30.4
Initial Char  Plutchik  s5.7/ ; 52.8/683  23.4/332
Weight POMS 215/327  12.0/16.6  67.5/705
Learning Ekman 57.8/69.2 s1.0/63.6 5.9/ 55.5
Word ~ Plutchik  59.3/695  555/673  50.9/55.8
CNN POMS 44.4/571  39.6/51.6  65.9/683

Ekman 59.1/701  sLs/64.2 5.8 / 56.1
Char  Plutchik  56.4/69.7  ss.5/67.0  s517/56.9
POMS 49.2/6Ls  43.4/55.9 64.4/66.7

to POMS and from POMS to either Ekman or Plutchik. Further, the performance of
multilabel models is much worse than that of multiclass models. As models in multilabel
mode need to provide a decision for each of the categories, it is reasonable that working
on insufficient representation hurts them more than in multiclass mode.

Results for CNNs are a bit more optimistic. In the multiclass mode on characters,
the transfer from Ekman to POMS gave the 57.8 % micro-averaged Fi-score, while the
single model yielded 69.8 %. Comparing to RNNs, the performance loss is much smaller,
which we attribute to a simpler architecture of CNNs which is consequently less prone
to over-fitting.

Although the performance drops are smaller for CNNs than for RNNs, we conclude
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that the final hidden state representations trained on one data set are insufficient for

recognising other classifications without significant performance drops.

5.4 Unison Learning

Before presenting the unison results, we turn our attention to accuracy plots of different
training heuristics through iterations presented in Figure s5.1. Although we only show
plots for character-based RNN, the same trends were observed for other settings as well.

For the alternating batches (AB) strategy we observed the following. The accuracy on
the validation set for Ekman and Plutchik was almost flat and stopped increasing in the
last 15 epochs. The accuracy on the train set, however, was still rising, making the differ-
ence between the train and validation accuracies larger and larger. This indicates that the
validation accuracy has probably peaked and that the model would start to overfit if the
training continued. Contrary, the validation accuracy for POMS was still rising through
all epochs — it had the largest value in the very last epoch of the plot. Almost in parallel
with it, the train accuracy was also rising. As the difference between train and validation
accuracy was drastically smaller for POMS than for Ekman and Plutchik, and as both
train and validation accuracy were still rising for POMS, we concluded that POMS was
still in the process of training and did not yet start to overfit. Hence, we believe that vali-
dation accuracy for POMS would still increase if the training continued. The reason that
training was stopped, despite POMS not yet being trained to its fullest potential, is that
the early stopping criterion was met. As we monitored the average validation accuracy
across all three data sets, and as it has not improved in the last five epochs, the training
was stopped. To sum up our observation about the alternating batches strategy, we be-
lieve that the model had enough time to sufficiency train for Ekman and Plutchik, but
did not saw enough examples to sufficiently train for POMS. This discrepancy between
the number of examples a neural network must observe during training to extract suf-
ficient information from a specific data set was the primary motivation for the develop-
ment of our novel training heuristic. When observing the plot for weighted sampling
batches (WSB), we noticed that the total number of epochs got larger for all eight ex-
perimental settings. Observing the differences between train and validation data sets,
we noticed that they became smaller for Ekman and Plucthik and larger for POMS —
making them much more similar than with AB strategy. This indicates that the network
overfit less for Ekman and Plutchik and trained better for POMS.
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Figure 5.1
Comparison of ac-
curacies through it-
erations of a unison
model training with
alternating batches
(top) and weighted
sampling batches
strategies (bottom)

in train-validation
setting. Cross marks
indicate on the max-
imum of each curve.
Sampling probabilities
corresponding to the
weighted sampling
batches strategy are
shown in Figure s.2.
We are showing a
comparison on charac-
ters in the multiclass
setting using RNNs
while the same trends
are present in other
settings as well.
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Figure 5.2

Sampling probabilities
of weighted sampling
batches strategy cor-
responding to the
accuracy plot shown
in Figure 5.1. These
probabilities were esti-
mated in the multiclass
setting using charac-
ters as input to RNNs
while plots for other
settings exhibit the
same trends.

N Colneri¢ Emotion Recognition on Twitter Using Neural Networks

Sampling probabilities of each data set through all epochs are presented in Figure s.2.
After some oscillation, sampling probabilities converged to approximate proportions of
0.14, 0.16, 0.70 for Ekman, Plutchik, and POMS correspondingly. The WSB strategy
did indeed devote much more attention to POMS; the number of examples coming
from POMS was larger than that of Ekman and Plutchik combined. For reference, the
weighted sampling batches by data set sizes (WSBDS) used the proportions 0.07, o.10,

0.83, which would halve the number of training examples for Ekman.

Weighted Sampling Batches Sampling Probabilities
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In spite of accuracy plots indicating that WSB boosted the performance for POMS,
the real assessment of the heuristic is the performance on the test set. For all three train-
ing heuristics, it is presented in Table s.10 for multiclass and in Table s.11 for the multila-
bel mode.

First, we observed that for the AB strategy, the performance of Ekman and Plutchik
is comparable to the performance of single models from Section 5.2 and is usually within
1 % deviation in absolute. Contrary, the performance for POMS is degraded by up to

5 % in absolute comparing to the single model from Section 5.2. This confirms our obser-
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Table s.10

Fr-scores (macro/micro) of multiclass unison model on the test set when trained with all three strategies. In each setting, the higher
score between alternating batches (4B), weighted sampling batches (WSB) and weighted sampling batches according to data set sizes
(WSBDS) strategy is underlined.

Multiclass
NN Input  Strategy

Ekman Plutchik POMS Harmonic

AB 6ri/71s  56.7/685 64.3/67.7 605/69.2
Word  WSBDS  59.6/713  56.6/68.2  69.1/717  613/70.4
WSB 6o3/710  57.5/68.6  682/711  6L7/702

RNN
AB 60.4/71.9 $6.7/68.6 63.8/68.0 60.2/69.s5
Char  WSBDS  s8.7/710 54.6/67.8 69.4/723 603/703
WSB  or8/730 57.8/695 69s5/722  C27/715
AB 59.2/69.7  54.7/66.7  62.9/662 $8.7/67.5
Word  WSBDS  57.6/68.2 53.6/650 662/692 58.7/67.4
WSB .8/ 69. 4/658  65.6/68. 8.9/ 67.
CNN 57.8/69.1  54.4/ 65 5 3 $8.9/67.7

AB 603/717  552/681  618/665 59.0/68.7
Char  WSBDS = 56.6/691  52.3/655  653/69.0 57.6/67.8
WSB 57.8/69.7 52.5/66.0 64.8/685 57.9/68.1

vations of accuracy plots: while AB sufficiently trained the unison networks for Ekman
and Plutchik, it did not train enough on POMS. Consequently, the performance of uni-
son model for POMS was inferior to that of a single model.

The results for WSB reveal that it was able to bring the performance of POMS up
and made it comparable to that of a single model. For example, with RNN working
on characters in multiclass mode, the micro-averaged Fi-score with AB is 68.0 % while
with WSB it is 72.2 %. At the same time, the accuracy for Ekman and Plutchik was not
harmed noticeably. Hence, WSB brings us closer to the average performance of three
single models while using a single model with shared final hidden state representation
instead.

WSB outperformed AB strategy in terms of harmonic mean across all three data sets in
the majority of the cases. If we count micro- and macro-averaged scores as separate, WSB

outperformed AB in 12 out of 16 cases. Further, WSB outperformed WSBDS in all cases,
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Table s.11

Fi-scores (macro/micro) of multilabel unison model on the test set when trained with all three strategies. In each setting, the higher
score between alternating batches (4B), weighted sampling batches (WSB) and weighted sampling batches according to data set sizes
(WSBDS) strategy is underlined.

Multilabel
NN Input  Strategy

Ekman Plutchik POMS Harmonic

AB s82/715  54.0/68.0  622/659 57.9/68.4
Word  WSBDS  52.8/68.5  49.4/651  672/69.9 555/67.8
WSB 55.1/ 70.1 s1.2/66.8  65.8/69.0 56.7/68.6

RNN
AB s63/710  s2.7/673  6o2/650 s56.2/67.7
Char  WSBDS  54.3/69.6 49.4/659 67.8/70.9 356.2/68.8
WSB ss1/70.4  s52.3/673  66.2/69.7  57.3/69.1
AB s72/69.2  53.6/66.4  62.1/654 57.4/67.0
Word  WSBDS  53.1/66.8 48.0/64.0 653/67.7 54.6/662
CNN WSB 56.6/682  533/65.0 64.8/67.0 57.9/66.7

AB 59.9/69.3 53.4/66.9 61.6/63.4 $8.1/66.5
Char  WSBDS  s57.5/68.7  528/651  659/67.9 $82/672
WSB 60.4/701 54.0/671  658/67.6 59.7/683

except for RNN in a multiclass mode with words on input. We must emphasise that in
terms of the harmonic mean, the best performing unison model in either multiclass or
multilabel setting was achieved by training with WSB method.

This validates that neither simply alternating batches nor sampling according to data
set sizes are sufficient for data sets that differ in size or complexity, but an adaptive heuris-
tic able of estimating the progress of training is required. Also, this empirically validates
our intuition that the difference between train and validation accuracies can be used as a
proxy for estimating the stage of overfitting. Consequently, this difference can be used
to guide the sampling heuristic to train a model whose performance across all data sets

is more balanced.
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Unison Transfer Learning

In this section, we test the generality of our unison model embedding (i.e. the final

hidden states of the neural network) by applying it to other related classification tasks.

Recall that in Section 5.3 we showed that embeddings trained on a single models did not

reveal to be directly useful for other tasks, at least not without great performance drops.

Then in Section 5.4 we trained a unison model and showed that it is sufficient for all of

the three data sets used in our study. Hence in this section, we investigate whether the

unison model embedding is general enough to be useful for other related classification

tasks. In the experiments we use these four data sets:

Sentiment 140 [1]: a data set for analysing sentiment of tweets (positive or neg-
ative) containing 1.600.000 training and 359 testing examples. Training data was
collected with distant supervision (emoticons) while testing data was manually
annotated. We split the training data into two sets: one for training (1.200.000)
and one for validation (400.000), and used the already provided testing set for

final evaluation.

SemEval 2017, Task 4 [§1]- a data set for analysing sentiment of tweets (positive,
neutral, or negative) containing s3.570 training and 12.284 testing examples. Both
training and testing examples were manually annotated. We split the training data
into two sets: one for training (40.177) and one for validation (13.393), and used

the already provided testing set for final evaluation.

Twitter Emotion Corpus (TEC) [82 ] a data set for recognising Ekman’s emotions
containing 21.051 labelled tweets. The data was collected between November 2011
and December 2011 and the classes were assigned using distant supervision from
hashtags as we did in our research. As it was not yet split, we randomly split it

into training (12.630), validation (4.210), and testing (4.211) sets.

Political Tweers [83]: a data set for recognising Plutchik’s emotions containing
4.056 labelled tweets from the 2012 US presidential elections. The data was manu-
ally annotated using Amazon’s Mechanical Turk. As it was not yet split, we ran-

domly split it into training (2.433), validation (81x), and testing (812) sets.

Although the tweets for the last two data sets were collected in the same time span as
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we collected ours, we checked and found no overlap between TEC or Political Tweets
and our data sets.

For each of the above data sets, we trained three neural networks. First one was trained
from scratch by randomly initialising all neural network weights. Doing so, we esti-
mated the performance of the neural network on a given data set without any external
help. The second neural network was initialised to our unison model embedding while
the weights corresponding to this embedding were fixed. Hence, only the final softmax
layer was trained, similarly as we did in Section 5.3. This forced the neural network to use
the same final hidden state representations as trained with the unison model. This tested
whether the unison model embedding can be directly applied to other tasks. Finally, the
third neural network was initialised as the second one, but all weights were updated dur-
ing training (i.e. the weights corresponding to the initialised embedding as well as the
final softmax weights). This tested how beneficial is the unison model embedding when
used as an initialiser which can be further tuned. Notice that all three neural networks
were trained under the same conditions (i.e. the architecture, optimisers, etc.) while
the only difference is whether we initialised the weights to our embedding or not and

whether we allowed the initialised embedding to be further tuned or not.

Table 5.12

Performance on test sets when applying our embedding to other data sets. The best performance among the three
neural networks is underlined. We report the same metrics as the original paper along with the best score from
that paper in the last column for comparison.

) Weight Initialisation Best score
Data Set Metric
Initialised  Initialised  from the
None
fixed fine-tuned paper
Sentiment 140 CA 813 74.9 84.4 83.0
SemkEval 2017 Macro Recall  51.6 54.0 47.6 68.1
TEC Micro Fr 45.3 643 62.1 49.9
Political Tweets CA 40.4 45.6 49.8 56.8

Performance of the three such networks on all testing sets is presented in Table s.12.
For comparison, we also report the best performance achieved by the paper that intro-
duced the data set and used the same evaluation metric. We observed that for all four

data sets by using either fixed embedding or allowing it to be further fine-tuned, we im-
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proved the performance in comparison with the neural network trained from scratch.
This indicates that our unison model embedding contains some knowledge, which can-
not necessarily be obtained solely from the other task (given its corresponding data) and
which can help to improve the performance. For Sentiment 140 data set we surpass the
performance reported in the paper with the help of fine-tuning. Contrary, for SemEval
2017 our performance is quite lower in comparison with the best performance achieved
in the competition. A potential reason for this is that we did not focus on neutral tweets
while they were present in the testing set. For both emotion data sets, the performance
of either fixed or fine-tuned neural network is better than the one trained from scratch.
We observed the most significant improvement for TEC data set, both comparing to no
initialisation as well as to the best performance of the original paper, which is expected
as TEC contains the data of the same type as our classifiers were trained on, but we used
orders of magnitude larger training data set.

We believe that unison model embedding is a viable candidate for improving the per-
formance on other tasks. Whether it should be used and fixed or whether it should be
fine-tuned is the parameter that should be tested as it depends on how closely related the

target task is to the task of emotion recognition for which our classifiers were trained.

5.6 Comparison of Emotion Classifications

In this section, we investigate the correlations between classes of different emotion clas-
sifications used in this study. We are mainly interested in the mappings between differ-
ent emotion classifications; i.e. if we know an emotion from the first classification is
expressed in the text, can we guess what emotions from the second classification might
also be applicable? To investigate this, we designed the following experiment. We took
a test data set of one of the emotion classifications (e.g. Ekman) and applied a classi-
fier that recognises emotions from another emotion classification (e.g. POMS). Then
we present the mapping of actual labels from the first classification to predicted labels
in the second classification in a confusion matrix. In all experiments, we used the best
performing classifiers trained with the unison model approach (see Section 5.4).

We considered making these comparisons by applying two different classifiers on the
same data set but decided to instead compare actual labels from one classification with
the predictions for the others as labels might be more accurate than the classifier’s predic-

tions. However, we observed that comparing predictions of two classifiers yielded very
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similar results to the ones we present.
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The confusion matrix presenting the predictions of Ekman’s classifier on POMS’s data
is shown in Figure 5.3. We observed that some categories map nicely. 4nger in most
cases maps to anger, which is expected as this is essentially the same category in both
classifications. Most depression examples map to sadness, vigour to joy, and confusion
to surprise, all of which seem related. Tension is split between surprise and joy, while the
greater majority of examples expressing fatigue map to category joy. We suspect the latter
is the consequence of not handling sarcastic tweets while we know that there are many
sarcastic uses of hashtag #joy inside the Ekman’s data set. Hence, the classifier learned to
put both genuinely joyful as well as sarcastic tweets into the joy category. We believe that
for the majority of the tweets from the fatigue category Ekman’s classifier suspected they
might be sarcastic and hence used the joy category.

Results of applying POMS’s classifier on tweets from Plutchik’s data set are shown in
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Figure 5.4. We observe that the trends are less obvious than in the previous case. A lot of
anger examples again map to anger category, while most tweets expressing anticipation
map to tension category. For other categories from Plutchik’s classification we notice a
significant bias towards the depression category in POMS with some mostly negative cat-
egories (i.e. sadness, fear, and disgusr) mapping more often to depression than to some
mostly positives ones (i.e. joy and surprise). We believe this happened due to a combina-
tion of two reasons. First, the depression is the most common category in POMS’s data
set; hence the classifier is biased towards it. Second, performing these experiments in

multiclass setting forced the classifier to map all of the Plutchik’s categories to POMSs,



82

Figure 5.5
Predictions of POMS’s
classifier when applied
to Plutchik’s data set in
multilabel mode. Cases
when the classifier

did not recognise any
of the emotions are
shown in NoPrediction
column. Each cell
shows the percentage
of corresponding
examples; percent signs
are omitted due to
brevity.
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although for some Plutchik’s categories there might not be a suitable candidate in the
POMS’s classification.
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To allow the classifier not to provide a mapping from the source to the target cat-
egory we repeated the same experiments in multilabel setting and show the results in
Figure 5.5. In comparison to the multiclass mode, we observed that for many examples
that were previously mapped to depression category the classifier did now not recognise
any of POMS’s emotions. In Figure 5.5 we mark such cases as the NoPrediction category.
Especially for mostly positive categories joy and surprise there are now around 40 %

tweets for which the classifier did not assign POMS’s category, while in the multiclass
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mode it was forced to make a decision.

5.7 Limitations and Future Work

Most of study’s limitations stem from the data set creation process. First, we restricted
ourselves to exact matches of emotional hashtags. Expanding these sets to include mor-
phological variations of the emotional words as well as their synonyms, could drastically
enlarge the number of matching tweets and consequently our data set sizes, while also
expanding the variation of tweets inside each category.

The class distributions are quite imbalanced, as we show in Section 3.2. Consequently,
some of our classifiers perform quite poorly for categories containing a few examples.
The confusion matrix in Figure 5.6 shows that classifiers are biased towards categories

with the large number of examples (e.g. joy), while they perform quite poorly for cat-

egories with very few examples (e.g. disgust). This is also confirmed by the Table 5.13,
which shows the performance for each of the categories separately. We observed that
the performance is directly correlated with the number of examples inside the category.
‘The more examples there are for a given category, the better the model performs on it.
For the disgust category, with only 1,419 examples, we achieved the Fr-score of 23.6 %,
while for joy, with 36,958 examples, we achieved the Fr-score of 78.0 %. Although we
only report the numbers for Ekman here, the same trends are present for Plutchik and
POMS as well. We could devote more effort to make data sets more balanced either
in the data set creation process, by including synonyms as mentioned above, or later
by under- or oversampling. An interesting idea for balancing our sets would be to try
generating new training examples, like in visual recognition competitions by applying
transformations to images. We could replace some words in the tweet’s content with syn-
onyms to obtain a new training example corresponding to the same category. Repeating
these substitutions for the categories with few training examples could help us balance
the class distributions, but whether this would improve the performance for categories
with few examples is unknown.

Our data sets only contain tweets corresponding to the emotional categories but no
neutral tweets, mainly as finding them with distant supervision approach is not easy.
Although the multilabel setting supports the neutral class (i.e. when the classifier re-
turns negative prediction for all categories), we neither trained them on such examples

nor tested their performance on neutral tweets. Hence, we know that our models can
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Figure 5.6
Confusion matrix

on the Ekman’s test
data for unison model
trained using weighted
sampling batches
strategy. Each cell
shows the percentage
of corresponding
examples; percent signs
are omitted due to
brevity.
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distinguish between fine-grained emotional states, but how they perform on a stream of
tweets containing neutral examples is an interesting question for future work.

When creating the data sets by distant supervision instead of using human annotators,
some tweets can be mislabelled. We observed that category joy contains some sarcastic
tweets such as, for example, 7 feel like crap! An elephant is sitting on my chest and my
stomach is churning! #joy #exhausted #wornout”. Such sarcastic tweets, as well as other
mislabelled examples, are introducing erroneous training instances, which confuses the
classifiers while training or misleads them into recognising incorrect patterns. While
they might not be problematic from a performance evaluation perspective, as the classi-
fiers can learn to put both joyful as well as sarcastic tweets into the same category, they
are very problematic in terms of results interpretation. Recall that we spotted this in the
previous section where the Ekman’s classifier predicted the category joy for tweets actu-

ally expressing fatigue. As sarcasm is a hard problem even in texts longer than tweets and
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Table s.13

Performances on single categories evaluated on Ekman’s test data for the unison model trained using weighted
sampling batches strategy. For each emotion, we report the precision, recall, Fi-score, and support (i.e. the num-
ber of tweets belonging to that category).

Precision  Recall ~ Fi-Score  Support

Anger 66.6 53.1 59.1 6,134
Disgust  44.6 16.1 23.6 1,419
Fear 74.8 64.6 69.3 14,970
Joy 74.2 82.2 78.0 36,958
Sadness  66.9 62.9 64.8 15,820
Surprise  74.9 77.7 76.3 31,843

is sometimes impossible to deduct from the content itself without modelling authors,

we did not tackle it in our study.

Further, while we showed that the proposed WSB heuristic works in the domain of
emotion recognition, it would be interesting to test it on different domains inside and
outside of the field of NLP.

Finally, before putting out classifiers into the wild, their performance should be tested
on a set of unfiltered, preferably human-annotated set of tweets. Even if the training
data remains labelled by distant supervision, evaluation on a data set labelled by human
annotators would give valuable information regarding the performance we can expect

in the wild.
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We made our best performing models, i.e. RNN models on characters in both multiclass
and multilabel mode, publicly available. First, they are accessible through the Python
programming language, which we present in Section 6.1. Secondly, they are available in
Orange [84], an open source machine learning and data visualisation toolbox, which we
present in Section 6.2. As Orange is based on visual programming and does not require
the knowledge of coding, this makes our models accessible also to people unskilled in
programming. Further, this supports future research to compare with our work on new

data sets easily.

6.1 Python

The package twitter-emotion-recognition for Python 3 is freely available on GitHub at
https://github.com/nikicc/twitter-emotion-recognition. To install it, clone the repos-
itory and install its dependencies defined in requirements.txt file. We illustrate its func-
tionality on a simple example. First, import the EmotionPredictor class, which serves as

the interface to our models.

>>> from emotion_predictor import EmotionPredictor

>>> model = EmotionPredictor(classification=’ekman’, setting=’mc’)

To select the emotion classification, set the classification argument to ekman, plutchik,
or poms. To switch from multiclass to multilabel mode, set the setting parameter to
ml. With the model initialised, we define a list of tweets that we use to illustrate the

functionalities of the model.

>>> tweets = [
”Watching the sopranos again from start to finish!”,
”Finding out i have to go to the dentist tomorrow”,
”I want to go outside and chalk but I have no chalk”,
”I HATE PAPERS AH #AH #HATE”,
”My mom wasn’t mad”,

”Do people have no Respect for themselves or others peoples homes”,

To recognise emotions, we use the predict_classes method. It returns a Pandas [85] data
frame with two columns. The Tweet column contains the tweet content, while the

Emotion column contains the emotion our model recognised in that tweet.
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>>> model.predict_classes(tweets)
Tweet Emotion
0] ”Watching the sopranos again from start to finish!” Joy
1 ”Finding out i have to go to the dentist tomorrow” Fear
2 ”I want to go outside and chalk but I have no chalk” Sadness
3 ”I HATE PAPERS AH #AH #HATE” Anger
4 ”My mom wasn’t mad” Surprise
5 ”Do people have no Respect for themselves or others peoples...” Disgust

To obtain probabilities for each of the emotions, we use the method predict_probabilities.

Classifiers in the multiclass mode return the probability distribution across all categories,

while in the multilabel mode, they return independent probabilities for each of the cat-

egories.

>>> model.predict_probabilities(tweets)

au b W N O

Tweet

”Watching the

”Finding out 1i...

”I want to go

”I HATE PAPERS...
”My mom wasn’t...

”Do people hav...

»
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o
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Finally, besides emotion recognition, we also support embedding the content of tweets

into fixed length vectors that can be used for any further analysis, such as training cus-

tom classifiers or performing unsupervised machine learning (e.g. clustering). This fixed

length vector representation corresponds to the final hidden state of the recurrent uni-

son model. To embed the tweets, use the embed method. It returns the representation

of the tweets as vectors of length that is equal to the dimensionality of the final hidden

state representation of the model (i.e. 800 in the below case).

>>> model.embed (tweets)
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Figure 6.1

Installing
Oranges-Text add-on
which contains the
Tweet Profiler widget
with our models. The
add-on dialog is under
Options -> Add-ons.
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6.2  Orange

After installing Orange (https://orange.biolab.si/) we install the Oranges-Text add-on,
which includes components for textual analysis as well as the Tieer Profiler widget with
our models. In Orange’s menu select Options -> Add-ons to open the add-on window

and make sure Téxr add-on is installed, as shown in Figure 6.1.

o0 e @ Add-ons
Filter Add more...

Name Version Action

Image Analytics 0.2.1

Network 1.3.2

Prototypes 0.10.2

Spectroscopy 0.3.7

Textable 3.07

Timeseries 0.3.3

Orange3 Text

Orange add-on for text mining. It provides access to publicly available
data, like NY Times, Twitter and PubMed. Further, it provides tools for
preprocessing, constructing vector spaces (like bag-of-words, topic
modeling and word2vec) and visualizations like word cloud end geo map.
All features can be combined with powerful data mining techniques from
the Orange data mining framework.

cancel  (OKIN

With the Text addon installed, we can start using the emotion-recognition models.
First, let us load some data. For this showcase, we use the data set of tweets by Hillary
Clinton and Donald Trump in the time before the 2016 elections, which comes along
with the addon. To open the data set, place the Corpus widget on the canvas and open it.
Then click on the Browse documentation corporabutton and pick election-tweets-2016.tab
as shown in Figure 6.2. We see that the corpus contains 6444 tweets and has a discrete

class with two values stating whether Donald or Hillary was the author of the tweet.
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ece Corpus
Corpus file

Corpus election-tweets-2016.tab E 4 Browse @ Reload
Corpus info
6444 document(s), 4 text features(s), 7 other feature(s).
Classification; discrete class with 2 values.
Used text features Ignored text features
B content B source URL
B original author
Place

Browse documentation corpora

EE

With the data loaded, we now pass it to Tweet Profiler widget, which serves as the
interface to our models. The widget sends the data to a remote server where the models
are run and then the results are sent back to Orange for further processing. The Tweet
Profiles widget, as shown in Figure 6.3, has several options. First, in the Attribute set-
ting we define what should be the input to the emotion recognition models. In this
example, we use the Content feature, as this is where the content of the tweet is stored.
Next, we select the emotion classification and the classifier output mode (i.e. multiclass
or multilabel) in the Emotions option. Finally, the Output option defines the output
we want from the model. Selecting Classes returns the emotion classes as predicted by
the model, selecting Probabilities returns the probabilities for the emotion classes, while
Embeddings embeds the tweets and returns their final hidden state representations.

The output of the Tweet Profiler widget now contains the data enhanced with six
additional features. For each of the Ekman’s emotional categories — anger, disgust, fear,
joy, sadness, and surprise — the model added the probability for it to be expressed in the

tweet. The probabilities can be observed by passing the output of Tweet Profiler widget
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Figure 6.2
Loading the
election-tweets-2016
data set with the
Corpus widget.
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Figure 6.3

Tweet Profiler widget
sends the data to a re-
mote server where our
models are run. The re-
sults, the probabilities
for Ekman’s emotions
in this case, are then
sent back to Orange
and are available on the
widget’s output chan-
nel. Passing the output
to Data Table widget
shows the six new emo-
tion features that the
model appended to the
data set.
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®0e
O
[ @ \ [ JoN ] Tweet Profiler

Corpus Tweet Profiler Data Table o Content
Emotions: Ekman (Multi Label)
Output:  Probabilities
Commit Automatically
k]
o0 e Data Table
Author Content Anger Disgust Fear Joy  Sadness Surprise
True
True

1 [HillaryClinton | The question in this elect... | 0.095 0.046 | 0.229 0.268 0.075 0.258
2 [HillaryClinton | Last night, Donald Trum... | 0.099 0.117 0.192 0.115 0.247 0.233
3 [HillaryClinton | Couldn't be more proud ... | 0.002 0.000 0.115 0.549 0.001 0.003
4 [HillaryClinton | If we stand together, the... | 0.058 0.005 0.257 0.267 0.102 0.219
5 [ HillaryClinton | Both candidates were as... | 0147 0.227 0.136 0.093 0.148 0.404
6 Join me fora3pmrally - ... 0.003 0.000 0.014 0.668 0.018 0.341
7 This election is too impor... 0.166 0.161 0.416 0.100 0.136 0.242
8 [HillaryClinton | When Donald Trump goe... 0.098 0.016 0.172 0.295 0.222 0.158
9 Once again, we will have ... | 0.002 0.000 0.020 0.894 0.007 0.071
10 [HillaryClinton | 3) Has Trump offered as.. | 0.056 0.011 0.133 0.330 0.066 0.271

EE

to the Data Table widget.

Although observing the probabilities directly is interesting by itself, we can also use
them to search for the tweets that strongly express certain emotions. To do so, pass the
data to the Select Rows widget, as shown in Figure 6.4. In the Conditions area, select
the Sadness feature, set the second dropdown to # greater than and the last field to 0.95.
Doing so, the widget finds tweets for which the classifier set the probability for express-
ing sadness to greater than 95 %. The matching tweets are present on the output of the
Select Rows widget.

Finally, we pass the output of the Select Rows widget into the Corpus Viewer wid-
get, which is more appropriate for presenting textual data than Data Table. In Corpus
Viewer, under the Display features we select only Sadness and Content, which hides all
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ect
= @) } <© } (
Corpus Tweet Profiler Select Rows
e0e Select Rows
Conditions
[ Sadness is greater than ‘ 0,95
_ Add All Variables Remove All
Data Purging
In: ~6444 rows, 18 variables Remove unused features
Out: ~10 rows, 18 variables Remove unused classes
Send automatically Send
E
Figure 6.4
L EE— Select Rows widget is
used to select tweets
with the probability
of expressing sadness

greater than g5 %.

other features. Selecting multiple documents shows them one below the other, as seen in
Figure 6.5. The content of the tweets along with the probabilities of expressing sadness

as predicted by the classifier are now shown in the area on the right.
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Figure 6.5

‘We use Corpus Viewer
widget to show the
tweets to which clas-
sifier assigned high
probability for express-
ing sadness.
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Select Rows

RegExp Filter:
1 Myt.
2 MiM..
3 Poca...
4 Thou...
5 Riley...
6 Passi...
7 Pleas...
8 Why ...
9 Will...

10 New ...

Corpus Viewer

Corpus Viewer

Sadness: 0.952

Content: My thoughts and prayers go out to the
@PhillyPolice & @Penn police officers- in
Philadelphia. https://t.co/eyC3W1mweY

Sadness: 0.998

Content: Mi México, and the world, lost a great singer,
songwriter and human being. #RIP #Juan-
Gabriel. #DivoDeJuarez
https://t.co/EkZ7eduRfA

Sadness: 0.976

Content: Pocahontas bombed last night! Sad to watch.

Sadness: 0.981

Content: Thoughts and prayers are with everyone in
West Virginia- dealing with the devastating
floods. #ImWithYou

Sadness: 0.957

Content: Riley Rone was a great young man. We will
miss him dearly. https://t.co/ROtm44nMao

Sadness: 0.979

Content: Passing what was once a vibrant manufactur-
ing area in Pennsylvania. So sad! #MakeAm-
ericaGreatAgain https://t.co/RYWjgPh9Ja

Sadness: 0.978

Content: Please keep your thoughts & prayers with

Melissa Young- Miss Wisconsin 2005.
https://t.co/D8RBfuflwH
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The thesis focuses on emotion recognition on Twitter and is structured to answer two
main research questions. First, can we improve the accuracy of emotion-recognition al-
gorithms with the use of neural networks? Deep learning has recently shown impressive
improvements in many other areas but has not yet been tested for emotion recognition.
And second, can we develop a single model able to recognise multiple emotion catego-
risations from a shared representation?

To that aim, we first created labelled data sets for Ekman’s, Plutchik’s, and POMS’s
emotions by exploiting emotional hashtags as our labels. We then designed a set of ex-
periments that set the baseline performance on these three data sets using traditional
approaches to emotion recognition used in the recent literature. When comparing the
results of the neural networks with those of the baseline models, we observed that neural
networks always show slightly better results than baseline approaches. We discovered
that both recurrent and convolution neural networks can perform well; recurrent net-
works seem a bit more accurate. As the recurrent networks were much more complex
than the convolutional ones, we believe the latter to be a valid alternative when less
training data is available. All our networks were trained with either words or charac-
ters on input. We observed that characters yield better performance if enough training
data is available, and that character approach works using both types of networks: re-
current and convolutional. Whenever sufficient data is available, we encourage the use
of character approach instead of working with words. There are several benefits to the
character approach. It does not require a tokeniser, any token normalisation (like stem-
ming or lemmatisation) or any other language preprocessing tools. It truly is a com-
pletely end-to-end learning approach, and as such, it is very easily transferable to other
languages, which is another benefit of using character-based neural networks in compar-
ison with traditional methods. Asa first study which was recognising POMS’s categories
from the textual content, we believe they are as predictable as Ekman’s and Plutchik’s.
Also, grouping its adjectives into a smaller set of categories yields a coherent data set
suitable for training emotion-recognition classifiers.

Experiments with our neural networks revealed that the transfer capabilities of our
models trained on single data sets are poor. This indicates that the discovered final hid-
den state representations were too specific to be useful for recognising other emotion
categorisations. To improve the generality of these hidden state representations, we
designed a single model for recognising all three emotion classifications. When such

a model was trained with the existing approach, we observed a drastic drop in perfor-



Conclusion

mance for one of our data sets — POMS. As this data set is about ten times larger than
the other two, the networks trained sufficiently for the first two data sets but under-
trained for POMS. To train a more balanced unison model, we proposed a novel train-
ing heuristic for training unison models. Its central idea is that the differences in data
set sizes or complexities should be considered when training a model. Hence, instead of
sampling training instances uniformly from all data sets, it samples examples based on
progress estimates for each of the data sets. We proposed a progress estimation metric
based on observing the difference between train and validation accuracy and confirmed
its usefulness for guiding the training process. We showed that the newly proposed train-
ing heuristic outperformed the existing approach with respect to the harmonic mean of
performance across all data sets and hence trained a much more balanced model. The per-
formance of so-trained unison model on each data set is comparable to the performance
of single models, while the unison model was restricted to use the shared representation.
Hence, we believe, this representation is more general than those of individual models,
which was confirmed by testing the utility of the embedding when applied to sentiment
analysis, and can be considered as a general emotion representation of the input tweet.

Comparing to previous research, we worked on probably the largest emotion labelled
data sets spanning just under seven years and did not restrict ourselves to a particular do-
main (e.g. finance) but rather tested the usefulness of our models across all available
tweets. We conducted all experiments in both multiclass as well as multilabel modes,
while we compared word- and character-based inputs for both convolutional and recur-
rent neural networks. Also, we worked with three emotion classifications at the same
time, which not only enabled their comparison on the same type of data but also allowed
us to exploit the benefits of multi-task learning when developing the unison model.
Since the data was annotated automatically and as the best performing model was an
end-to-end character based model, our approach is language independent and could eas-
ily be adapted to other languages. All our best performing models are publicly available
in Python and Orange, which supports easy comparison of future research with our
models. Among possible thesis improvements, the most promising ones are handling
of sarcastic and neutral tweets, resolving class imbalance issues, and evaluating models
in the wild.

We showed that neural networks should be preferred over traditional text classifica-
tion approaches for emotion recognition and that, with the newly proposed training

heuristic, we can train a single model able of recognising multiple emotion categorisa-
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tions from a shared representation.
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Uvobp Ceprav so splet $e pred kratkim sestavljale predvsem statiéne vsebine, se fokus
dandanes usmerja k spleti$¢em, kjer ve¢ino vsebine ustvarjajo uporabniki. Med tak$na
§tejemo vsa druzbena omrezja, platforme za mikrobloge, spletne enciklopedije in druge,
ki prispevajo k drasticnemu povecanju koli¢ine prosto dostopnih vsebin v spletu. Posle-
di¢no postajajo orodja za razumevanje naravnega jezika klju¢ni del analize teh besedil, saj
je njihov obseg pogosto prevelik za ro¢no analiziranje.

Problem avtomatskega prepoznavanja ¢ustev v naravnem jeziku definiramo takole.
Za poljubno vhodno besedilo naj algoritem prepozna, katera Custva je avtor izrazil v
njem. Kotje znaéilno za probleme s podrodja kategorizacije besedil, je naloga tak$nega al-
goritma, da iz nabora moznih ¢ustev izbere tisto, ki je najbolj izrazeno v danem besedilu.

Poglejmo nekaj primerov:
= Nekdo mi je véeraj spet ukradel kolo. Upam, da mu po¢i guma!
s Cesamo pomislim na Solo po koncu poletja, me kar zmrazi.
= Sonce, morje, lezalnik in knjiga. Kaj drugega si lahko Zelis?
u Ze sedaj rabim en prost dan, pa je Sele torek.
= Moja sluzba sploh ni stresna!

Ceprav vetina ljudi precej hitro razbere, kak$na ¢ustva so avtorji zgornjih besedil Zeleli
izraziti, je takSen problem teZji za avtomatske algoritme, predvsem zaradi pomanjkanja
kopice predznanja, ki ga ljudje implicitno upostevamo pri tak$nih odloitvah. Obstajajo
pa seveda primeri, ki so nekoliko bolj nedoreéeni. Na primer, zadnja poved je lahko
resni¢na trditev ali sarkasti¢na, simo besedilo pa ne vsebuje dovolj konteksta, da bi med
¢ustvoma lahko lo¢ili.

Uporabaalgoritmov za prepoznavanje Custev v besedilih se je izkazala koristna za ocen-
jevanje javnih mnenj [1], za napovedovanje uspesnosti prodaje knjig [2] in drugih pro-
duktov [3]. Raziskovalci opazajo tudi korelacijo med finanéno uspesnostjo filmov in
¢ustvi, ki jih spletni uporabniki izrazajo, ko govorijo o filmu [4]. Z analizo tvitov napo-
vedujejo prihodke od prodaje vstopnic za kino 5], nekateri raziskovalci pa celo izrabljajo
spletne vsebine za napovedovanje cen delnic [6-8].

Dosedanji pristopi k avtomatskemu prepoznavanju ¢ustev besedila najprej pretvori-

jo v vektorske predstavitve s postopkom vrece besed in tem znacilkam veckrat dodajajo
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druge, ro¢no generirane znadilke. Tako vektorsko predstavljena besedila so nato vhod
Vv preproste algoritme strojnega ucenja, kot sta na primer logistiéna regresija in metoda
podpornih vektorjev, ki nam vrnejo klasifikatorje, sposobne prepoznavanja ¢ustev v be-
sedilih. Zadnje case tak$ne preproste pristope prehitevajo pristopi z uporabo nevronskih
mrez. Ker te za prepoznavanje ¢ustev v besedilih $e niso bile uporabljene, je prvo vodilno
vpra$anje nadega raziskovanja, ali lahko nevronske mreZe izboljSajo natanénost prepozna-
vanja Custev. V ta namen bomo najprej pridelali u¢ne podatke, potem na njih uporabili
obstoje¢e metode, ki jih bomo nato primerjali z rezultati modelov nevronskih mrez.
Poleg tega vetina dosedanjih raziskav napoveduje ¢ustva neke dolocene klasifikacije,
Ceprav splo$nega konsenza glede univerzalnega nabora ¢ustev ni in posledi¢no obstaja
ve¢ klasifikacij ¢ustev. Nasa raziskava se osredoto¢a na prepoznavanje Custev treh naj-
popularnejsih klasifikacij. Obravnavanje ve¢ klasifikacij hkrati najprej podpira njihovo
primerjanje, hkrati pa omogo¢i, da delamo z vsemi hkrati. Zanima nas tudi, ali lahko
razvijemo model, ki bo iz skupne vektorske predstavitve besedila lahko prepoznaval ¢u-

stva razliénih kategorizacij.

KrastFIKACITE CUSTEV  Med najpopularnejse kategorizacije Custev, ki se uporablja-
jo na podroéju procesiranja naravnega jezika, Stejemo Ekmanov nabor osnovnih ¢ustev,
Plutchikovo kolo ¢ustev in profil razpolozenjskih stanj (angl. Profile of Mood States
(POMS)).

Paul Ekman je z opazovanjem obraznih mimik definiral nabor $estih osnovnih ¢u-
stev [10], za katera trdi, da se pojavljajo pri ljudeh vseh kultur in socio-ekonomskih sta-
tusov. To so jeza, gnus, strab, veselje, Zalost in presenecenge.

Robert Plutchik je predstavil kolo ¢ustev [11], ki definira osem paroma nasprotnih
Custev: veselje — Zalost, zanpanje — gnus, strab — jeza, presenecenje — pricakovanje. Za
vsako izmed njih navede tudi tri razli¢ne inacice, ki se razlikujejo po intenziteti. Ce je bes
ekstremna manifestacija jeze, je neprijetnost njena mila oblika.

POMS [12] je anketni vprasalnik, sestavljen iz 65 pridevnikov, ki opisujejo razliéna
Custvena stanja, s pomodjo katerih oceni anketiranéevo razpoloZenjsko stanje. Anke-
tiranec za vsakega izmed pridevnikov na petstopenjski lestvici oznadi, kako pogosto je
tak$no ¢ustvo ob¢util v zadnjem tednu. Odgovori za vse pridevnike se nato zdruZijo v
skupine, kjer vsak pridevnik prispeva natan¢no k eni skupini, in tako dobimo konéni se-
demdimenzionalni opis anketirancevega razpolozenjskega stanja. Na primer, ¢e smo se

pocutili ekstremno pozabljivi, bo to pozitivno prispevalo k rezultatu dimenzije zmede-
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nost. POMS torej vrne oceno za teh sedem dimenzij: jeza, depresija, izcrpanost, vitalnost,

napetost, zmedenost in prijﬂzno.rtl.

UcntropaTkI  Ker pristopamo k prepoznavanju ¢ustev z metodami nadzorovanega
strojnega uéenja, moramo za svoje eksperimente pridobiti oznacene uéne primere. Na-
$i podatki vsebujejo tvite, ki so bili neprekinjeno zbirani preko Twitterjevega vmesnika
med avgustom 2008 in majem 2015. MnoZica obsega priblizno 73 milijard tvitov in v
nekompresiranih tekstovnih datotekah zasede 17 TB prostora na disku. Tvite smo uvo-
zili v gruco 4o streznikov, na katerih je names¢en distribuiran datote¢ni sistem, in razvili
aplikacijo za iskanje, ki lahko prei$¢e celotno mnozico podatkov v uri in pol.

Upostevajo¢ velikost nase mnozice podatkov, je ro¢no oznacevanje vsebine vsekakor
prezahtevno in zato potrebujemo vsaj delno avtomatski postopek. K sreci ima tak meha-
nizem Twitter Ze vgrajen, saj podpira avtorjevo samooznacevanje vsebine v obliki tako
imenovanih tematskih oznak (angl. hashtags), te pa so med uporabniki zelo priljublje-
ne. Za izgradnjo nae uéne mnozice bomo tako iskali tvite, ki vsebujejo tematske ozna-
ke, ki pripadajo ¢ustvenim besedam, nato pa bomo te besede odstranili iz vsebine in
jih uporabili kot ciljne spremenljivke. Nasi klasifikatorji se bodo tako udili, kako na-
povedati ¢ustvene oznake iz preostanka vsebine posameznega tvita. Za Ekmanovo in
Plutchikovo klasifikacijo i$¢emo tvite, ki vsebujejo tematsko oznako, pripadajoco Sestim
oziroma osmim osnovnim ¢ustvom, ki jih kategorizaciji definirata. Za POMS najprej po-
iS¢emo vse tvite, ki vsebujejo tematsko oznako, pripadajoco kateremu izmed 65 pridev-
nikov, tvite pa nato zdruzimo v skupine, tako kot to definira POMS. Nasi klasifikatorji
bodo tako napovedovali $est kategorij razpolozenjskega stanja in ne neposredno 65 pri-
devnikov. Tako pridelamo tri podatkovne mnoZice tvitov skupaj z njihovimi oznakami
Custev.

Zal pa vsi tako pridobljeni tviti niso primerni za uéenje. Na primer, med njimi najde-

mo tudi primere, kot sta:
= #Strah ne sme biti razlog za nasprotovanje novemu zakoniku!
= #praznovanje #torta #baloni #svede #presenecenje instagram.com/p/Y1F20

V prvem primeru tematska oznaka #St7ab dejansko ni uporabljena kot oznaka vsebi-

ne, ampak kot klju¢ni del povedi. Drugi primer pa vsebuje samo tematske oznake, ki

! Veksperimentih bomo upostevali samo prvih Sest dimenzij, saj se dimenzija prijaznost Steje za presibko

za zanesljivo ocenjevanje [13].
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oznalujejo sliko na Instagramu in ne tekstovne vsebine tvita. Da odstranimo taksne tvi-
te iz nade u¢ne mnozice, uporabimo naslednji hevristi¢ni metodi. Najprej izra¢unamo
globino tematske oznake kot razmerje med $tevilom besed, ki se pojavijo pred oznako,
in Stevilom vseh besed. Tviti, ki imajo to globino precej nizko, zelo verjetno uporabljajo
oznako kot del stavka in so zato odstranjeni. Da odstranimo tvite drugega tipa, definira-
mo koncept pomenske besede kot besede, ki ni specifiéna za Twitter (tematske oznake,
imena uporabnikov, URL-ji) ter ni §tevilka ali lo¢ilo. Nato izra¢unamo delez pomenskih
besed kot kvocient med Stevilom pomenskih besed in $tevilom vseh besed v tvitu ter od-
stranimo tvite z nizkim deleZem pomenskih besed. Nazadnje odstranimo tudi vse retvite
in duplikate. Tako preci$¢ena mnozice vsebuje priblizno s35.000 primerov po Ekmanovi
klasifikaciji, 800.000 primerov po Plutchikovi in 6,5 milijona primerov za POMS. Za ko-

nec poglejmo e nekaj primerov, ki jih uporabljamo za ucenje:
= Najraje bi krical na ves glas #jeza
= Tudi po $tirih mesecih mi misel nate orosi o¢i #zalost

= Ponovno gledam Sopranove od zaletka do konca #veselje

Vsako izmed treh podatkovnih mnozic razbijemo na tri podmnozice: uéno (60 % pri-
merov), validacijsko (20 % primerov) in testno (20 % primerov). U¢na in validacijska
bosta uporabljeni za nastavljanje parametrov nasih modelov. Vsi parametri so izbrani
glede na natanénost na validacijski mnozici, ko je model nauéen na u¢ni mnozici. Ko na-
stavimo vse parametre modelov, te uporabimo, da nau¢imo model na kombinaciji u¢ne
in validacijske mnozice. Ta model nato samo enkrat testiramo na testni mnozici, katere

oznake niso bile nikoli razkrite nobenemu uénemu algoritmu.

KrasICNE METODE  Najprej bomo uporabili obstoje¢e metode, da ugotovimo, kak-
$na je njihova natanénost na nasih podatkih. Ker je jezik na Twitterju precej neformalen,
uporabimo dva nadina normalizacije. Prvi bo vseboval vse besede v vseh oblikah, kot
se pojavijo v besedilih. Drugi nekatere besede zdruzi v eno: vse omembe uporabnikov
zamenjamo z besedo <uporabnik>, vse URL-je z <url>, vse Stevilke z <stevilka>, vse
tri ali ve¢ zaporednih znakov znotraj besede zamenjamo z enim znakom (torej gooool
zamenjamo z gol) in vse velike ¢rke zamenjamo z malimi. Za vsak nacin normalizacije
eksperimentiramo z modelom, ki uporablja samo besede, ter modelom, ki poleg besed

uporablja tudi pare besed. Poleg modelov vrece besed testiramo tudi modele latentnega
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semanti¢nega indeksiranja. Vsakega izmed zgornjih $tirih modelov vrece besed transfor-
miramo v semanti¢ni prostor in ohranimo toliko dimenzij, da pojasnimo 70 % variance
v podatkih.

Na tako transformiranih besedilih primerjamo $tiri algoritme strojnega uenja: naivni
Bayes, logisti¢na regresija, naklju¢ni gozdovi in metoda podpornih vektorjev. Rezultate
algoritma, ki se bo izkazal za najnatanénejSega, bomo uporabili za primerjavo z nevron-

skimi mreZami.

NEVRONSKE MREZE  Eksperimentirali bomo z dvema tipoma nevronskih mrez, reku-
ren¢nimi in konvolucijskimi, ter z dvema granularnostma na vhodu: besedami ali znaki.
Kadar bodo na vhodu v nevronsko mrezo besede, uporabimo obstojece vpetje besed
GloVe [16], ki je bilo nau¢eno na podatkih s Twitterja. Tekom treniranja nevronskih
mrez to vpetje ali nadalje treniramo ali ne; to smatramo kot dodaten parameter, ki ga
izberemo s pomodjo validacijske mnozice. Kadar bodo na vhodu znaki, u¢imo njiho-
vo vpetje od zadetka, za¢ensi z naklju¢no inicializacijo, saj ne poznamo nobenega prosto
dostopnega vpetja znakov. Glavna prednost u¢enja neposredno na znakih je, da ne po-
trebuje nikakr$nega procesiranja besedil. Vhodno besedilo neposredno znak za znakom
podajamo nevronski mrezi, ki mora med drugim sama ugotoviti, kako znaki tvorijo be-
sede, da lahko iz njih prepoznava ¢ustva.

Arhitektura rekuren¢nih nevronskih mrez je naslednja. Vpetju besed ali znakov sledi
rekurencna plast in za njo po potrebi Se ena do dve rekurenéni plasti. Vse rekurencne
plasti skupaj tvorijo zadnji skriti nivo nevronske mreze, ki je preko polno povezane plasti
povezan zizhodom nevronske mreZe. Pri rekurenénih plasteh smo testirali dva tipa celic:
LSTM [18] in GRU [19].

Arhitektura konvolucijskih mrez za namene klasifikacije besedil, kot je bila predstavlje-
na nedavno [21], je nekoliko preprostej$a. Vhodni plasti sledi plast eno-dimenzionalne
konvolucije. Za njo poi§¢emo maksimalne vrednosti skozi ¢as (angl. max pooling over
time) in te preko polno povezane plasti povezemo z izhodom nevronske mreze.

Tako v rekuren¢nih kot konvolucijskih nevronskih mrezah uporabljamo ve¢ plasti za
preprecevanje ¢ezmernega prilagajanja u¢nim podatkom (angl. dropout layers). Nevron-
ske mreze treniramo s postopkom gradientnega spusta. Za rekuren¢ne mreze uporablja-
mo metodo RMSprop [25], za konvolucijske pa Adam [28]. Za dolocitev potrebnega
Stevila dob ucenja (angl. epochs) uporabimo metodo pred¢asne ustavitve (angl. early

stopping), ki ustavi ucenje, kadar se natanénost na validacijski mnoZici ne poveca v petih
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zaporednih dobah.

PRENOSLJIVOST REZULTATOV UCENjA  Tako pri rekurenénih kot konvolucijskih
mrezah lahko zadnji skriti nivo, tik pred izhodom mreZe, smatramo kot vpetje besedila
v vektor fiksne dolZine. Zanima nas, kako splosne so tak$ne predstavitve besedil. Natan-
¢neje, ali je tak$na predstavitev, kot smo jo naudili tekom uéenja modela za napovedo-
vanje ene klasifikacije ¢ustev, primerna tudi za napovedovanje Custev druge klasifikacije?
Odgovor na to vpra$anje nam pojasni, do kak$ne mere so predstavitve besedil na zadnjem
skritem nivoju splodne in potencialno uporabne pri drugih problemih.

V ta namen zasnujemo naslednji eksperiment. Najprej nevronsko mrezno naudimo
na klasifikaciji A. Nato bomo te parametre nevronske mreze uporabili za napovedova-
nje klasifikacije B. Vzamemo vse parametre, ki vodijo do zadnjega skritega nivoja, in jih iz
mreZe A prekopiramo v mrezo B ter fiksiramo. Nato mrezo B u¢imo, vendar pri tem do-
volimo spreminjanje samo parametrov zadnjega polno povezanega nivoja. Tako je mreza
B prisiljena uporabiti isti na¢in preslikave vhoda v zadnji skriti nivo, kot ga je uporablja-
la mreza A. Nato natanénost tako trenirane mreze B primetjamo z natanénostjo mreze
B, ¢e bi jo trenirali od zadetka z naklju¢no inicializacijo in pustili spreminjanje vseh pa-
rametrov. Ce opazimo, da je uporaba vpetja mreze A drasti¢no $kodovala natanénosti
mreZe B, lahko iz tega sklepamo, da je vpetje mreze A specifi¢no za kategorizacijo A in
ni primerno za napovedovanje kategorizacije B. Nasprotno, ¢e se natan¢nost skoraj ne
bi zmanjsala, potem je vpetje A dovolj splosno, da lahko iz njega napovedujemo tudi

kategorizacijo B.

SKUPNO UCENJE  Zadnja skupina eksperimentov se ukvarja z razvojem skupnega mo-
dela, torej modela, ki zna iz skupne predstavitve zadnjega skritega nivoja nevronske mre-
ze napovedovati vse tri klasifikacije ¢ustev. Arhitektura tak$nega modela je enaka kot
arhitekture nevronskih mreZ v prej$njih poglavjih, le da imamo za zadnjim skritim sta-
njem tri polno povezane nivoje do treh izhodov nevronske mreze — za vsako klasifikacijo
imamo svoj izhod. Take arhitekture, ki ucijo ve¢ nalog hkrati, veckrat vodijo do boljse
generalizacije, manj ¢ezmernega prilagajanja uénim podatkom in natanénejsih modelov.

Taksni skupni modeli pa potrebujejo poseben nacin ucenja. Ker so nasi uéni podat-
ki sestavljeni iz treh podatkovnih mnoZic, kar posledi¢no pomeni, da imamo dolocen
uéni primer oznacen samo za eno klasifikacijo in ne za vse tri, tak§nega modela ne more-
mo neposredno uciti s standardnimi pristopi, saj za izhode, za katere ne poznamo ano-

tacij, ne moremo izratunati gradienta. Zato tak$ne modele u¢imo drugade, na primer
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Algoritem s Metoda izmenjujocih se paketov avtorjev Colloberta in Westona [30].

Vhod: M = {my,m,,...,m,} > podatkovne mnoZice
MODEL > model nevronske mreze
ST_EPOHOV > maksimalno $tevilo epohov
ST_POSODOBITEV > Stevilo posodobitev znotraj enega epoha

Izhod: MODEL > nauden model nevronske mreze

r fori =1 — ST_EPOHOV do
»  forj=1— ST_POSODOBITEV/[M| do

3 form € M do

& p <« naslednji_ucni_paket(m)

5 posodobi_glede_na_paket(p, MODEL)

6: form € Mdo

7: /* oceni natan¢nost na ucni in validacijski mnozici */
8: if kriterij za pred¢asno ustavitev izpolnjen then

o: prekini

tako, kot sta predstavila Collobert in Weston [30]. Njun pristop iterira ¢ez podatkovne
mnozice in iz njih izbira pakete u¢nih primerov. Za nek paket potem posodobi para-
metre nevronske mreze tako, da posodobi vse skupne parametre in vse parametre, ki
pripadajo izhodu za trenutno klasifikacijo. Parametre, ki pripadajo izhodom drugih kla-
sifikacij, pusti nedotaknjene. Intuitivno izmenjuje podatkovne mnoZice in tako naudi
vse parametre nevronske mreZe, zato ta nadin mi imenujemo metoda izmenjujofih se
pakerov. Psevdokoda je predstavljena v algoritmu s, kjer uporabljamo naslednji meto-
di: naslednji_ncni_paket(m) za dano podatkovno mnozico m vrne naslednji uéni pa-
ket, posodobi_glede_na_paket(p, MODEL) pa posodobi parametre modela MODEL
z enim korakom gradientnega spusta glede na uéne primere v paketu p.

Metoda izmenjujocih se paketov tako tekom uéenja uporabi enako Stevilo u¢nih pri-
merov iz vsake podatkovne mnozice. V nasem primeru, kjer se u¢ne mnozice drasti¢no
razlikujejo po velikosti, se tak nadin ucenja izkaze za pomanjkljivega predvsem za naj-
vedjo podatkovno mnozico. V ¢asu, ko model osvoji manjsi dve mnozici, $e ne obvla-
da najvedje, kar posledi¢no pomeni slabso natanénost na najvedji mnozici. Da odpra-

vimo to pomanjkljivost, predlagamo nov nacin uéenja skupnih modelov. Glavna ideja
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nasega pristopa je, da mora biti algoritem uéenja sposoben dinami¢no prilagajati, koli-
ko primerov iz posamezne podatkovne mnoZice uporabi glede na napredek ucenja. Iz
podatkovnih mnozic, kjer je napredek ucenja bolj$i, mora jemati manj u¢nih primerov
kot iz podatkovnih mnozic, kjer je napredek slabsi. Tako bomo med ucenjem posveti-
li ve¢ pozornosti podatkovnim mnoZicam, kjer je napredek slabsi. Ideja za ocenjevanje
napredka ucenja izvira iz tehnike, ki jo raziskovalci ve¢krat uporabljamo ro¢no. Toje opa-
zovanje razlike med natanénostjo modela na uéni in validacijski mnozici. Kadar model
prehaja v fazo ¢ezmernega prilagajanja podatkom, bo to¢nost na u¢ni mnozici rasla, med-
tem ko bo to¢nost na validacijski nespremenjena oziroma bo zacela padati. Posledi¢no,
vedja ko je razlika, bolj je model ¢ezmerno prilagojen uénim podatkom. Nas algoritem
uporablja to intuicijo za usmerjanje vzoréenja uénih paketov. Raje kot da iteriramo &ez
uc¢ne mnozice, bomo te vzordili utezeno glede na njihov napredek ucenja. Psevdokoda
nasega pristopa, ki ga imenujemo utegeno vzorcenje paketov, je predstavljena v algorit-
mu 6. Metoda nakljucno_izberi(M, utezi) bo iz mnozice podatkovnih mnozic A4, upo-
Stevajoc utezi, utezeno izbrala eno podatkovno mnozico. Metodi natancnost_ucni(m) in
natancnost_validacijski(m) pa izratunata natanénost modela na uénem oziroma valida-
cijskem delu mnozice .

Nas§ algoritem skozi iteracije spreminja utezi vzor¢enja podatkovnih mnoZic. Ker so
te utezi lepo konvergirale, smo za ucenje modela v testnem nadinu za vsako mnoZico

uporabili kar njeno povpredje vzorénih verjetnosti skozi vse dobe uéenja.

REzZULTATI  Izmed klasi¢nih pristopov se je kot najnatanéne;jsi model izkazala logisti¢-
naregresija na normaliziranih frazah besed. To potrjuje tako koristnost normalizacije kot
dodajanja besednih fraz v prostor znacilk. Pri nevronskih mrezah se pristopi z znaki na
vhodu izkazejo kot najboljsi, ¢e le imamo dovolj podatkov. Prednost takih pristopov je
predvsem v tem, da ne potrebujejo nobenih jezikovno odvisnih orodij, kot je na primer
lematizator, ter so kot taki preprosto prenosljivi na druge jezike. Na podatkovni mno-
zici POMS, ki je najvedja, ti vedno premagajo pristope na podlagi besed, med tem ko se
na ostalih, manjsih dveh to zgodi v nekaterih primerih. Oba tipa celic pri rekurenénih
mrezah, LSTM in GRU, se izkazeta kot primerljiva. Pri primerjavi rekuren¢ne arhitek-
ture s konvolucijsko opazimo, da je rekurenéna ve¢inoma nekoliko boljsa, vendar razlike
niso velike. Primerjava rezultatov klasi¢nih pristopov in nevronskih mrez razkrije, da ne-
vronske mreze vedno dajejo nekoliko boljse rezultate kot klasi¢ni pristopi, vendar razlike

zal niso tako velike, kot smo pri¢akovali. Vendar pa prina$ajo tudi druge prednosti, saj
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Algoritem 6 Predlagana metoda uteZenega vzorcenja paketov.

Vhod: M = {my,m,,...,m,} > podatkovne mnoZice
MODEL > model nevronske mreze
ST_EPOHOV > maksimalno $tevilo epohov
ST_POSODOBITEV > Stevilo posodobitev znotraj enega epoha

Izhod: MODEL > nauden model nevronske mreze

v utezi «— [1/n,1/n,...,1/n]
2 fori =1 — ST_EPOHOV do
3: forj = 1 — ST_POSODOBITEV do

4 im < nakljucno_izberi(M, utezi)

5t p <« naslednji_ucni_paket(im)

6: posodobi_glede_na_paket(p, MODEL)

7 form € Mdo

8 /* oceni natan¢nost na uéni in validacijski mnozici */

9: napredek «— natancnost_ucni(m) — natancnost_validacijski(m)
10: utezi[m] «— 1/napredek

m: utezi «— utezi [vsota(utezi)

12: if kriterij za pred¢asno ustavitev izpolnjen then

3: prekini

nevronske mreze z znaki na vhodu ne zahtevajo raz¢lenjevanja besedila, normalizacije
besed in generiranja znatilk. Spomnimo, da za najboljse rezultate klasi¢nih pristopov
potrebujemo normalizacijo besed in vklju¢evanje besednih fraz. Upostevajo¢ nekoliko
vi$§jo natanc¢nost in predvsem manjo vkljuéenost ¢loveka, zaklju¢imo, da so nevronske
mreZe primernejse za prepoznavanje Custev.

Prenosljivost predstavitev zadnjega skritega stanja nevronskih mrez, kadar so te uéene
na eni podatkovni mnozici, se izkaze za neobetavno. Edini primer, kadar je natan¢nost
mreZe, ki uporablja isti nacin preslikave vhoda v zadnji skriti nivo, kot je bil naucen na
drugi mrezi, primerljiva z natanénostjo ucenja celotne mreze, je, kadar prenesemo utezi
iz modela za napovedovanje Plutchikovih kategorij na model, ki napoveduje Ekmanove.
Vendar ta eksperiment ni smiseln, saj so Ekmanove kategorije podmnozica Plutchikovih.

Rezultati prenosljivosti ostalih eksperimentov, torej kadar prvo mrezo u¢imo na klasifi-



Razsirjeni povzetek

kaciji POMS in jo prenesemo na Ekmanovo ali Plutchikovo klasifikacijo ter prav tako
eksperimentov v drugo smer, pokaZejo, da so predstavitve zadnjih skritih stanj modelov
ucenih na eni podatkovni mnofzici precej prilagojene trenutni klasifikaciji, saj opazamo
velike izgube pri natan¢nosti.

Kadar skupni model u¢imo z znano metodo izmenjujocih se paketov, opazimo, da je
natanénost modela pri Ekmanovi in Plutchikovi klasifikaciji primerljiva z natanénostjo
posameznih modelov. Natan¢nost na klasifikaciji POMS pa je priblizno 10 % slabsa od
natanénosti posameznega modela. To potrjuje sum, da obstoje¢a metoda ne uposteva
razli¢nih velikosti oziroma kompleksnosti podatkovnih mnofic, kar vodi v slab$o natan-
¢nost vedjih oziroma tezjih podatkovnih mnozic. Z uporabo novo predstavljene metode
utezenega vzoréenja paketov se natanénost na klasifikaciji POMS dvigne in postane pri-
merljiva z natanénostjo posameznega modela, pri tem pa se natan¢nost na ostalih dveh
mnozicah ne poslab$a. Opazimo, da je verjetnost vzoréenja za POMS vedja od vsote
verjetnosti ostalih dveh mnozic. Algoritem je tako ve¢ kot polovico u¢nih primerov ¢r-
pal iz mnoZice POMS. Primerjava harmoni¢nih sredin natanénosti ¢ez vse podatkovne
mnozice razkrije, da nova metoda uteZenega vzorcenja paketov v veliki vecini primerov
premaga obstoje¢o metodo izmenjujocih se paketov. Tudi najnatanénejsi skupni mo-
del je bil naucen z novo metodo uéenja. To potrdi tako smiselnost uteZenega vzoréenja
kot metodo ocenjevanja napredka uéenja. Z novo metodo tako uspemo nauditi model,
katerega natancnost je uravnotezena cez vse tri podatkovne mnozice in je primerljiva z
natanénostjo posameznih modelov. Ker skupni model to doseze s prepoznavanjem iz
skupne predstavitve zadnjega skritega stanja, verjamemo, da je ta bolj splosna kot skrita
stanja posameznih modelov. Splo$nost predstavitev zadnjega skritega stanja skupnega
modela smo testirali tudi na drugih podatkovnih mnoZicah za prepoznavanje ¢ustev in
sentimenta. Opazimo, da smo z uporabo vpetja skupnega modela, ki smo ga nato fiksi-
rali ali dovolili, da se nadalje spreminja tekom ucenja, vedno uspeli prese¢i natanénost
nevronske mreZe, ki ne uporablja nasega vpetja. Preslikava vhodnega besedila v zadnji
skriti nivo skupnega modela tako predstavlja univerzalno vpetje, primerno za napovedo-
vanje ve¢ klasifikacij custev hkrati. Ima pa tudi potencial, da izbolj$a rezultate podobnih

napovednih nalog, kot je na primer napovedovanje sentimenta.

Zax1jucek  Ta disertacija obravnava problem avtomatskega prepoznavanja Custev
na Twitterju. V ta namen pridelamo verjetno najvedjo mnozico podatkovnih primerov,

ki izvirajo iz obdobja sedmih let. Nasi uéni primeri niso omejeni samo na neko tematsko

11§
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skupino, na primer finance, ampak raje preizkusimo algoritme v splo§nem.

Eksperimentalno pokazemo, da lahko z nevronskimi mreZami izbolj§amo natanénost
algoritmov prepoznavanja Custev, hkrati pa je potrebna manjsa vklju¢enost ¢loveka kot
pri klasi¢nih pristopih. Z uporabo nove metode ucenja uspemo nauditi skupni model,
sposoben napovedovanja vseh treh klasifikacij iz skupne predstavitve, z natanénostjo, ki
je primerljiva z natan¢nostjo najboljsih posameznih modelov.

Ideje za nadaljnje delo vklju¢ujejo prepoznavanje in odstranjevanje sarkasti¢nih tvitov
iz podatkovne mnofice, saj ti zavajajo algoritme. Dodajanje nevtralnih primerov v podat-
kovno mnozico bi algoritme prepoznavanja ucilo tudi prepoznavanja nevtralnih tvitov,
ki predstavljajo zajeten del resni¢nih podatkov. Ceprav se algoritmi izkaZejo kot natan-
¢ni na avtomatsko oznadenih podatkih, bi bilo zanimivo njihove napovedi preveriti na

novih podatkovnih mnozicah.
PRISPEVKA K ZNANOSTI

= Nov postopek ucenja skupnib nevronskib mrez

Predstavimo nov postopek ucenja nevronskih mrez, ki napovedujejo ve¢ nalog
hkrati. Postopek je posebej primeren, kadar se podatkovne mnoZice razlikujejo v
velikosti ali kompleksnosti. Motivacija prihaja iz nacina, kako raziskovalci ocenju-
jejo stopnjo ¢ezmernega prileganja u¢nim podatkom. Razliko med natanénostjo
na uéni in validacijski mnozZici smatramo kot oceno napredka uéenja ter jo upo-
rabimo kot vodilo za usmerjanje postopka vzoréenja uénih primerov. Pokazemo,
da s tak$nim postopkom ucenja vidno izboljSamo natan¢nost skupnega modela,
predvsem na nasi najveji podatkovni mnozici (POMS), ki je zuporabo obstojec¢ih

metod kazala slabe rezultate.

Univerzalno vpetje besedil, primerno za napovedovanje ustev

Z razvojem skupnega modela, ki prepoznava tri kategorizacije iz skupne predsta-
vitve, pridobimo univerzalno vpetje besedil, ki je primerno za napovedovanje ve¢

kategorizacij ¢ustev.
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TEHNIéNI PRISPEVEK

u Javno dostopni modeli za prepoznavanje ustev

Najnatanénejie izmed nasih modelov smo naredili prosto dostopne v program-
skem jeziku Python in programu Orange (glej poglavje 6), kar poenostavi primer-

javo prihodnjih raziskav z nasimi modeli.
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