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ABSTRACT

TEXT CATEGORIZATION USING SYLLABLES AND
RECURRENT NEURAL NETWORKS

Ersin Yar
M.S. in Electrical and Electronics Engineering
Advisor: Siileyman Serdar Kozat
July 2017

We investigate multi class categorization of short texts. To this end, in the third
chapter, we introduce highly efficient dimensionality reduction techniques suitable for
online processing of high dimensional feature vectors generated from freely-worded
text. Although text processing and classification are highly important due to many
applications such as emotion recognition, advertisement selection, etc., online classifi-
cation and regression algorithms over text are limited due to need for high dimensional
vectors to represent natural text inputs. We overcome such limitations by showing that
randomized projections and piecewise linear models can be efficiently leveraged to sig-
nificantly reduce the computational cost for feature vector extraction from the tweets.
We demonstrate our results over tweets collected from a real life case study where the
tweets are freely-worded and unstructured. We implement several well-known ma-
chine learning algorithms as well as novel regression methods and demonstrate that
we can significantly reduce the computational complexity with insignificant change in
the classification and regression performance.

Furthermore, in the fourth chapter, we introduce a simple and novel technique for
short text classification based on LSTM neural networks. Our algorithm obtains two
distributed representations for a short text to be used in classification task. We derive
one representation by processing vector embeddings corresponding to words consecu-
tively in LSTM structure and taking average of the produced outputs at each time step
of the network. We also take average of distributed representations of the words in
the short text to obtain the other representation. For classification, weighted combi-
nation of both representations are calculated. Moreover, for the first time in literature
we propose to use syllables to exploit the sequential nature of the data in a better way.
We derive distributed representations of the syllables and feed them to an LSTM net-
work to obtain the distributed representation for the short text. Softmax layer is used
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to calculate categorical distribution at the end. Classification performance is evaluated
in terms of AUC measure. Experiments show that utilizing two distributed representa-
tions improves classification performance by ~ 2%. Furthermore, we demonstrate that
using distributed representations of syllables in short text categorization also provides
performance improvements.

Keywords: Sentiment analysis, text categorization, distributed representation, long

short term memory, fully connected layer.



OZET

TEKRARLAMALI SINIR AGLARI VE HECELERI
KULLANARAK METIN SINIFLANDIRMA

Ersin Yar
Elektrik ve Elektronik Miihendisligi, Yiiksek Lisans
Tez Danigmani: Siileyman Serdar Kozat
Temmuz 2017

Kisa metinlerin ¢ok simifli simflandirmasini incelemekteyiz. Bu amacla, {iciincii
boliimde serbestce kelimelere dokiilmiis metinden iiretilen yiiksek boyutlu 6znitelik
vektorlerinin cevrimici islenmesine uygun son derece etkin boyut azaltici teknikler
sunariz. Metin igleme ve siniflandirma duygu tanimasi, reklam se¢imi vb. gibi bircok
uygulamada yiiksek derecede onemli olmasina ragmen cevrimig¢i metin siniflandirma
ve regresyon algoritmalar1 dogal metin girdilerini gosterimlemek i¢in yiiksek boyutlu
vektorlere olan ihtiyagtan dolay1 sinirhidir. Bu gibi kisitlamalarin iistesinden 6znitelik
vektorii Oziitlemesi i¢in hesaplama maliyetini ciddi Olgiide azaltan rasgelelestirilmis
izdiisiimler ve parcali dogrusal modellerin etkin bir bicimde kullanildigini1 gostererek
gelmekteyiz. Bu sayede, gercek zamanli¢ok smiflitweet siniflandirmasi ve re-
gresyonu yapilabilmekteyiz. Sonuglarimizi gercek bir hayat calismasindan toplanan
serbestce yazilmis ve diizensiz tweetler iizerinden gostermekteyiz. Ozgiin regresyon
yontemleri ile 1yi bilinen makine 6grenimi algoritmalart uygulamakta ve siniflandirma
ve regresyon performansinda 6nemli degisiklik olmadan hesaplama karmasikliginin

onemli Ol¢lide azaltildigin1 gostermekteyiz.

Dahasi, dordiincii boliimde kisa metin siniflandirmast icin LSTM sinir aglarina
dayal1 basit ve 0zgiin bir teknik tanitmaktayiz. Algoritmamiz siniflandirmada kul-
lanilmak iizere kisa bir metin icin iki dagitilmig gosterim elde eder. Bir gosterimi
kelimelere karsilik gelen vektor gosterimlerini LSTM yapisinda ardigik olarak isleyip
agda her bir zamanda iiretilen ciktilarin ortalamasini alarak itiretmekteyiz. Diger
gosterimi tiretmek icin de kisa metindeki kelimelerin dagitilmig gosterimlerinin or-
talamasini aliriz.  Siniflandirma i¢in her iki gosterimin agirlikli birlesimi hesaplanir.
Bundan bagka, literatiirde ilk defa, verinin ardisik dogasindan daha iyi yararlan-
mak icin heceleri kullanmay1 6nermekteyiz. Hecelerin dagitilmig gosterimlerini
elde ederiz ve kisa metnin dagitilmig gosterimini c¢ikarmak i¢in LSTM agina
veririz.  En sonda smifsal dagilimi hesaplamak i¢in softmax katmani kullanilir.
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Deneyler iki dagitilmis gosterimden yararlanmanin siniflandirma performansini 2%
artirdigini gosterir. ~ Ayrica, kisa metin smiflandirmasinda hecelerin dagitilmis
gosterimlerini kullanmanin da performans iyilesmesi sagladigin1 géstermekteyiz.

Anahtar sozciikler: Duygu analizi, metin siniflandirma, dagitilmis gosterim, uzun kisa
zaman bellek, tamamen baglh katman.
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Chapter 1

Introduction

Due to recent developments in Internet technologies, the amount of accessible text in-
formation has significantly increased with the contribution of forums, columns, blogs,
and social media. Clearly, processing of this big data, extracting information, perform-
ing classification and regression can significantly contribute to commercial products or
to social sciences. However, text-based analysis proves to be very challenging due the
variability and irregularity of media for text shares, the rapid variation of user sharing
habits, and the large volume of data to be processed. Although text processing and
classification are highly important due to many applications such as emotion recog-
nition, advertisement selection, etc., online classification and regression algorithms
over text are limited due to need for high dimensional vectors to represent natural
text inputs. Especially, the state of the art representations such as the N-grams that
are widely used as feature vectors require millions of components for accurate re-
sults, which deem them impractical for real time processing for text data such as real
time emotion classification or sentiment analysis. This problem is especially exacer-
bated for agglutinative morphological structured languages such as Turkish, Finnish
and Hungarian. These special languages derive words using extensive suffixes usually
from a single word. Hence, the dimension of the word space exponentially increase
unlike the Anglo-Saxon vocabularies. Because of the fundamental differences of ag-
glutinative languages i.e. extreme usage of suffixes, making NLP research based on

those languages is much more difficult.



To this end, in Chapter 3, we introduce highly novel and computationally efficient
feature extraction methods that can be even used for agglutinative languages. We em-
phasize that our methods directly apply to English, however, we choose the Turkish
language as the real life case study to demonstrate the versality of our approach. We
construct online and offline algorithms for multi class classification of tweets, where
we introduce highly efficient dimensionality reduction techniques suitable for online
processing of high dimensional feature vectors generated from freely-worded text.
Since we work on a real life application and the tweets are freely worded, we in-
troduce a preprocessing pipeline with text correction, normalization and root finding
components. Note that these components are also essential for other languages. We
then introduce methods to derive feature vectors corresponding to tweets, which can
be efficiently processed by the subsequent machine learning algorithms. We accom-
plish this by showing that randomized projections and piecewise linear models can be
efficiently leveraged to significantly reduce the computational cost for feature vector
extraction from the tweets. Hence, we can perform multi class tweet classification and
regression in real time. We demonstrate that our methods increase the speed of text

classification 10? times over the state-of-art methods such as PCA [11].

Moreover, in many applications from a wide variety of fields, the data to be pro-
cessed can have a sequential structure, e.g., frames in video sequences [12], utterances
in speech signals [13], DNA sequence in gene analysis [14]. Sequential data can be
distinguished from the more-typical data in that the order of tokens within a sequence
carries meaning and that the length of sequences within a dataset can vary. This kind
of structured data exhibits sequential correlations, i.e., nearby points are likely to be
related. Sequential patterns are important since they can be exploited to improve the

performance.

A variety of techniques have been proposed for processing of sequential informa-
tion [13, 15, 16]. Recurrent neural networks might be the most popular among these
methods. The creation of internal state with self connections allow them to exhibit tem-
poral behavior and to process inputs with arbitrary lengths. Although recurrent neural
networks use the state information, which may potentially boost the performance in
sequential tasks such as emotion recognition, the vanilla structure suffers from vanish-

ing gradient problems [17, 18]. Exponential shrinking of gradient values to O due to
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multiple matrix multiplications during training of RNNs limits their learning capabil-
ity to a few time steps. Gradient contributions from far away steps become zero easily
and states at those steps do not contribute to learning of long range dependencies. To
remedy such considerations and at the same time still use the recurrent structure, Long
Short Term Memory (LSTM) structures [19] are introduced. LSTMs are successful at
capturing long term dependencies. Special cell structure presented in LSTMs allows

the gradient flow through a number of steps back.

In addition, research on obtaining vector embeddings of words preserving seman-
tic and syntactic patterns [20-22] have attracted a great amount of attention due to its
simplicity and effectiveness. Word embedding is a mathematical representation of a
word in k dimensional space. There are also studies obtaining unexpectedly successful
results using word embeddings without considering the sequential knowledge embed-
ded in text data [23]. Sequential processing combined with such a technique may yield
better performance in classification tasks. Besides, the success of using smaller units
of organization for a text sequence [24] and huge vocabularies of common languages
promote to use smaller units to represent text data. The problem of large vocabulary is
even exacerbated for agglutinatively morphological languages such as Turkish, Finnish

and Hungarian.

To this end, in chapter 4, we propose a simple and novel framework for short text
categorization. Underlying idea of our approach is to obtain two distributed represen-
tations for the given short text so that we use both representations to achieve better
performance in classification tasks such as sentiment analysis. One representation re-
sults from processing of vector embeddings corresponding to words consecutively in
LSTM structure for the given short text to efficiently exploit the sequential nature of
the data. We take average of the produced outputs at each time step of the LSTM net-
work to obtain a meaningful representation of the short text. The other representation
results from directly averaging distributed representations of the words for the given
short text. After both representations are obtained, we calculate weighted combination
of them to predict the corresponding class of the given short text. We use softmax clas-
sification function to calculate class probabilities at the end. In addition, we propose
to operate on syllables to exploit the sequential structure of the data in a better way.

We process the short texts such that words are broken into their constituting syllables.

3



For the first time in literature, we derive distributed representations of the syllables and
feed them to an LSTM network sequentially to obtain the distributed representation
for the given short text. We demonstrate that using distributed representations of sylla-
bles yields a performance gain of ~ 2% in terms of AUC measure. We also show that
weighted combination of two representations improves performance of basic LSTM

layer.

The usage of syllables becomes prominent for agglutinative morphologically struc-
tured languages such as Turkish, Finnish and Hungarian. These special languages
derive words using extensive suffixes usually from a single word. Hence, the dimen-
sion of the word space exponentially increase unlike the Anglo-Saxon vocabularies.
Because of the fundamental differences of agglutinative languages i.e. extreme usage

of suffixes, making NLP research based on those languages is much more difficult.

1.1 Natural Language Processing

In this section, we motivate the sentiment analysis problem considered in the subse-
quent chapters of this thesis. We start the discussion with Natural Language Process-
ing (NLP) framework and then give different applications considered in NLP research.
Afterwards, as the concentration of this thesis, we consider sentiment analysis as an
important application of NLP. We point out initial studies from sentiment analysis lit-
erature. For the sake of completeness, we also give some earlier works related to
sentiment analysis. Although this thesis focuses on supervised learning, other existing
techniques in sentiment analysis research are also mentioned. Furthermore, since this
thesis can also be considered under text categorization, we reserve a section and give

related references in this part.

NLP is an active research area which investigates the methods to interpret natural
text and speech using computers. NLP aims to discover how humans make use of nat-
ural languages. Hence, it develops suitable techniques to comprehend and manipulate
natural languages. NLP is an area composed of contributions from a number of fields

such as linguistics and computer science.



The history of NLP dates back to 1950s. Most of the NLP systems had been using

complex set of hand written rules. The introduction of machine learning algorithms

during the late 1980s has revolutionized the methods for language processing. Also,

the contribution of increase in computational power to this development is consider-

able. Early successes in NLP occurred in machine translation. However, recent studies

have focused on many different areas. The reason for this trend is to ability to obtain

enormous amount of data.

NLP has many applications. We can group them under 4 main categories. These

are syntactic, semantic, discourse and speech. Figure 1.1 shows each application under

the corresponding group. Since NLP is a continuously developing field there might be

more applications that might be also known with other names.

NLP Applications

!

Syntactic

¢ Lemmatization

¢ Morphological Segmentation
POS Tagging
Parsing

* Sentence Breaking

¢ Word Segmentation
Chunking

H
Semantic

Language Modeling

Lexical Semantics

Machine Translation

Named Entity Recognition
Natural Language Generation
Natural Language Understanding
Optical Character Recognition
Question Answering

Recognizing Textual Alignment
Relationship Extraction
Sentiment Analysis

Topic Segmentation and Recognition
Word Sense Disambiguation
Text Categorization

Spam Filtering

Image Captioning

Information Retrieval

Event Extraction

Anaphora Resolution

Semantic Role Labeling

— |

Discourse Speech
Automatic Summarization * Speech Recognition
Coreference Resolution ¢ Speech Segmentation
Discourse Analysis ¢ Textto Speech

Figure 1.1: Different applications in NLP research grouped under 4 main categories,
which are syntactic, semantic, discourse and speech.



1.1.1 Sentiment Analysis

Since the Internet usage has become widespread, online medium turned into a rich
source of data. In addition, with the development of social media (e.g., blogs, fo-
rums), contents of this environment can presumably be used for various purposes. For
instance, organizations may use available data on the Web in order to reach public
opinion on a specific topic or a product. Similarly, as the interest in e-commerce grows
customers mostly rely on reviews posted by existing customers. These developments
open up many research directions in NLP such as opinion mining and emotion detec-
tion. There are also many names and slightly different tasks, e.g., sentiment analysis,
opinion extraction, sentiment mining, emotion analysis, etc. These basically represent

the same field. Sentiment analysis is the focus of this thesis.

Sentiment analysis, which is also called opinion mining, is the field of study that
analyzes people’s opinions, sentiments and emotions towards products, services, or-
ganizations, individuals and events. It aims to extract the emotion, whose existence
is assumed, expressed in utterances of speech or in pieces of text, i.e., its goal is to
determine overall attitude of a speaker or writer. Sentiment analysis mainly focuses on

opinions which express or imply either positive or negative sentiments.

Sentiment analysis research can be divided into 2 main categories, learning based
and machine learning based approach. This thesis investigates supervised learning
methods under machine learning based approach. All available techniques are shown

in Figure 1.2.

There are various studies conducted in sentiment analysis. These studies vary with
respect to method, task and dataset. [9] is a comprehensive survey which investigates
applications, common challenges and major tasks in sentiment analysis and opinion
mining research. In addition, different possible tasks in sentiment analysis are pre-

sented in [10].

Although NLP has a long history, the number of studies conducted about people’s
opinions is limited before 2000. Since then, the field has become a very active research

area. Although the sentiment analysis research mainly started at the beginning of 2000,



| Sentiment Analysis |
I \

Learning Based Machine Learning
Approach Approach
Corpus Based Dictionary Based Supervised Unsupervised
Approach Approach Learning Learning
Statistical Semantic Decision Tree Linear — Nonlinear Probabilistic Rule Based

Classifiers Classifiers Classifiers Classifiers

Figure 1.2: Methods used in sentiment analysis research.

there are some earlier works on sentiment adjectives and view points.

In [1] a method is presented to compare semantic orientation of joined adjectives.
They propose to use conjunctions between adjectives as indirect information. This
method is combined with supplementary morphology rules and it predicts whether
joined adjectives are of same or different orientation. Moreover, the author of [3]
proposes an approach to identify the person whose perspective exists in narratives.
This method detects whether this character is a previously mentioned or new in the
sentence by exploring regularities in how a character’s perspective is reflected in the
text. Furthermore, [4] presents a study to evaluate and develop coder reliability in
discourse tagging using statistical techniques. This work shows a policy to choose a
single best tag in case of disagreements on discourse tagging. It is applicable to any
tagging task in which the coders show some symmetric disagreement resulting from

bias. They formulate bias-corrected tags and produce an automatic classifier.

Although these studies considered sentiment analysis related tasks, one earliest
study using sentiment analysis term first is [5]. Instead of making a classification of
whole document as positive or negative, this paper presents an approach on extracting
sentiments with associated positive or negative polarity for specific subjects in a doc-
ument. They apply semantic analysis using a syntactic parser with sentiment lexicon
and achieve high precision in finding sentiments. Also, the term opinion mining first
appeared in [6]. This work introduces a method to differentiate positive and negative

reviews. The procedure explained first trains a classifier on a corpus of self-tagged



reviews. This classifier is then improved using same corpus before applying it to sen-

tences.

The research on sentiments and opinions appeared earlier even though sentiment
analysis and opinion mining terms were not mentioned explicitly. One such study is
given in [7]. This study presents a simple unsupervised learning algorithm for classify-
ing reviews. The classification of a review is done by calculating the average semantic
orientation of the phrases in the review. If average semantic orientation of the phrases
in a given review is positive then it is classified as recommended. In addition, [8] spec-
ifies the existence of subjectivity using a method for clustering words with respect to
distributional similarity. These features are further improved with the addition of lex-
ical semantic features of adjectives. This study ensures high precision when features

based on both similarity clusters and the lexical semantic features are employed.

1.1.2 Text Categorization

Text categorization is another important application of NLP. It is the task of assigning
textual data into one of predefined categories. Text categorization or text classification
may find useful applications in real world. One such application is spam filtering
where e-mails are classified either as spam or not spam. Other well-known applications
are organization of news stories by subject categories and classification of academic

publications by domain of interest.

Text categorization has found application areas after the rapid growth of online
information on the Internet. Since the online medium contains lots of data in the form
of text, the processing and handling of this data in an organized way are very important.
The problem of manually labeling documents, which can be very time consuming, can
be taken care of by automatic categorization. To ease this problem, text classification
approaches try to determine the category of the text. Categorization methods can be
either manual or automatic. Manual methods are typically rule based techniques and

automatic methods make use of machine learning techniques.



Although the focus of this thesis is given as sentiment analysis in the previous sec-
tion, this thesis can also be considered under text categorization. The history of text
categorization dates back to 1960. Most methods had used manually defined rules un-
til the beginning of 90s. Starting from 90s, machine learning based approaches have
gained popularity for text categorization. [11] gives a detailed survey of text catego-

rization.

In this thesis, we focus on sequential data in the form of text. However, there
are other applications of sequential data such as genomic research [25]. HMM are
widely used in speech recognition [26]. Sequence classification is also important in
information retrieval to categorize text and documents. The broadly used methods for
document classification include Naive Bayes [27] and SVM [28]. Text classification
has various extensions such as multi-label text classification [29], hierarchical text
classification [30] and semi-supervised text classification [31]. [32] provides a more

detailed survey on text classification.

Short text categorization is an important task in many areas of natural language
processing including sentiment analysis [33], question answering [34] and machine
translation [35]. Several different approaches have been used for short text classifica-
tion such as using Support Vector Machines [36] and Naive Bayes in combination with
SVMs [37] in the machine learning literature. Recently, the introduction of different
neural network structures has brought a whole new perspective to machine classifi-
cation problems. Several recent studies also focus on using convolutional neural net-
works [24] for this important task. Recurrent neural networks introduce memory to the
network and can be used in many applications such as handwriting recognition [38] and
generation [39], speech recognition [15, 16]. They are also used for language transla-
tion [35] and modeling [40]. Short texts generally appear to be composed of sequential
components such as words forming sentences or utterances in speech. The processing
of this sequential information may improve classification performance. Recent works
on sequential short text classification using distributed representations of the words
are considerable [41] and [42] employs convolutional and recurrent neural network

structures together.



1.2 Thesis Contributions

The main contributions of this thesis are as follows:

e Although PCA and randomized projections are well studied techniques for di-
mensionality reduction, the idea of using them to process high dimensional fea-

ture vectors representing natural text inputs efficiently is rather new.

e The algorithm introduced in [49] constructs all piecewise linear regressors corre-
sponding to different partitions of the regressor space and then calculates adap-
tive linear combination of the outputs of these regressors while we show that
classification performance can still be improved using perfect partitions with in-

creasing depth.

e To the best of our knowledge, this is the first study that uses syllables to process
text data in a sequential manner. This is important for agglutinative languages
such as Turkish, Finnish and Hungarian since vocabulary sizes are huge due to

extensive use of suffixes and prefixes for these languages.

e We propose a novel idea based on the weighted combination of two distributed
representations of a text input. One of these is obtained by processing distributed
representations corresponding to words in LSTM structure and taking average of
LSTM outputs after last time step. The other representation is obtained by taking

average of distributed representations of words in the text directly.

e We demonstrate the significant performance gains achieved by our algorithm

over numerical examples and real data sets.

1.3 Thesis Outline

There are five chapters in this thesis. In the second chapter, we explain how distributed
representations are obtained. We consider continuous bag of words and skip gram

approaches. Detailed network structures and equations are provided.

10



In the third chapter, we introduce highly efficient dimensionality reduction tech-
niques and piecewise linear models for online classification of high dimensional fea-
ture vectors. We apply several data preprocessing techniques on our collected data. We
then present a vector space model to construct feature vectors from text and perform
classification using several machine learning algorithms. We illustrate the performance

of the introduced algorithms via various simulations.

In the fourth chapter, we investigate short text classification using LSTM neural
networks and syllables. We provide a novel method on combining two distributed
representations of text inputs for classification. In addition, for the first time in liter-
ature, we obtain distributed representations of syllables and use them for sequential
short text classification. Performances of the introduced methods are illustrated via

extensive simulations over Turkish and Arabic languages.

Finally, in the fifth chapter, we conclude the thesis.
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Chapter 2

Distributed Representations

2.1 Word2Vec

Word2vec model has attracted great amount of attention in recent years. It learns the
distributed representations of words using a neural network model. The vector repre-
sentations of words learned by word2vec models have been shown to carry semantic
and syntactic relationships. They are useful in many NLP tasks. There are two meth-
ods that word2vec uses to obtain word embeddings, which are continuous bag of words
(CBOW) and skip gram (SG). The former derives a representation of a word given its
context while the latter obtains the representations using the word to predict the con-

text. We used both methods. Therefore, we explain them in detail.

2.1.1 Continuous Bag of Words
2.1.1.1 One Word Context

This is the most simple form of CBOW model. In this model, we consider a word to
be predicted by only a word as the context. In other words, the model will predict one

target word for given one context word. In Figure 2.1 we give the schematic of neural
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network used. We consider the vocabulary size as V', and the vector size as N. The
layers are fully connected. The input and output is one-hot encoded vectors. It means
that for a vector of size VV only one of the dimensions is equal to 1 and all other units
are zero. The index of only nonzero entry is the index of the corresponding word in

the vocabulary set.

The weights between input and hidden layer is represented by a V' x N matrix W*.
Each row of W is the N dimensional vector representation v,, of the correspond-
ing word. In other words, W' is the embedding matrix whose rows correspond to

distributed representations of specific words. Given a context word, we have

T
h=W"'x=v].
I

Input Layer Hidden Layer Output Layer

x; 1O O Y
x, O Qh’ Ol >

X O wi VXN O h k WONX V O yj

xV O O hN O yV

Figure 2.1: Network structure used to obtain distributed representations when context
consists of only one word for continuous bag of words model.

This operation is basically copying the row of W; corresponding to context word to
h. v, is the vector representation of the input word w;. Note that contrary to ordinary
neural networks, the activation function of the neurons in the hidden layer is linear.
Therefore, from input layer to hidden layer we just choose the associated row of word

embedding matrix W°.

From hidden layer to output layer, we have W that maps the context word to output

word. The dimension of this matrix is N x V. Using these weights, we obtain a score

13



for each word in the vocabulary
OT
U/] = W[’]}h,

where Wf P denotes the 7" column of the matrix W°. We then can use softmax

function to obtain the posterior distribution of words

exp(u;)
p(wjlwr) =y; = — L
Zj/;éj eXP(uj’)

where y; is the output of the 5™ unit in the output layer. Substituting h and u; into the

last equation we obtain

exp(WﬁTﬂ h)
\% oT )
245 xp(W( i h)

p(wjlwr) = y; =

Update Equation for Output Layer

Our training objective is to maximize the conditional probability of observing the ac-
tual output word wg (let’s denote its index in the output layer with j*) given the input
context word w; with regard to the weights. We define the loss function as the loga-

rithm of the conditional probability
log p(wol|wr) = log y;-

v
= Ujr — logZexp(uj/) =—F,
=1

where £ = — log p(wp|wy) is our loss function. Our goal is to minimize . We note
that loss function is actually the cross entropy function. Let L denote cross entropy

measure. It is defined as
174
L= —t;log(y;),
j=1

where t; = 1(j = j*) is the indicator function, i.e., ¢; will only be 1 when the ;" unit
is the actual output word, otherwise ¢; = 0. Therefore, cross entropy measure boils

down to our error function.
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To derive the update equation of the weights of the output layer we need to take the
derivative of error function with respect to each element of output matrix

OE _ OF du;

o o

= ejhi.

Using stochastic gradient descent we obtain the weight update equation for output

weight matrix as

Wi

il T Wﬁ,j] — nejh forj=1,2,---,V,

where 77 > 0 1s the learning rate.

Update Equation for Input Layer

After stating update equation for W° we can derive update equation for 1*. We can
take the derivative of £ with respect to W*. For this purpose, we can write

OE  OE Oh;

where h; = ZZZI rrwi;. Now we need to take derivative of £ with respect to h;

OF < OFE0u;, <
%: ﬂ:Zejwfj:ewf,
7 j=1

1 8uj ahl
since dwr Tk
OE .
——— = Xew .
oW

Note that only one component of x is non zero, so only one row of g—f/ is non zero.

The update equation for W is as follows

T
Vw; = Vy, —New -,

where v, is the row of W corresponding to the context word. All other rows of W*

remain unchanged since their derivatives are zero.
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2.1.1.2 Multi-Word Context

Figure 2.2 shows the CBOW model with multi-word context. To produce hidden layer
vector, this time instead of copying only the vector corresponding to context word we

take the average of vectors of context words

1 )
hZEWZT(Xl—FXQ—f—"'—i—XC)

1
= 5(Vw1 T Vi, + o Vwc)7
Input Layer Hidden Layer Output Layer
CcxV) (Nx 1) Vx 1

O
O

X | O
O WiVxN
O O
O O O
® O O
O .
O wi VN

Xci 1O
O

Figure 2.2: Network structure used to obtain distributed representations when context

consists of more than one word for continuous bag of words model.
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where C' is the number of words in the context and w, - - - , w¢ are the context words.

v, 1s vector representation of the word w. The loss function is

E = —logp(wolwr, -+ ,wre)
v

= —u;~ + log Z exp(uy)

j'=1
1%

= —Vu, 'h+log Z exp(ij*Th).

=1
The update equation for the output layer is same as before
Wi =Wi—neh o forj=1,2.--V.
The update equation for input layer is also same as before only with a minor difference
1 T
Vwr, = Vauy, — anew forc=1,2,---,C,

where v, is the vector representation of the ¢ word in the input context.

2.1.2 Skip Gram

Figure 2.3 shows skip gram model. The idea in CBOW model is to predict a word
given its context to derive vector representations of words. In skip gram model, words

are used to predict related context. In this manner, it is the opposite of CBOW model.

Similar to CBOW, the operation performed in input layer is to copy the row of input
weight matrix corresponding to given word to hidden layer. The definition of hidden

layer’s content is same
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Input Layer Hidden Layer Output Layer
Vx 1 (Nx 1) Ccx"

Yij
“}0
NxV

O-0-00

wi VxN hk

O

We
NxV yZ]

O-0-00
O-0-00

o
W NxV

Y

O-0-00

Figure 2.3: Network structure used to obtain distributed representations using skip

gram model.

h=W"x=v, .
For output layer, instead of generating one multinomial distribution, C' multinomial
distributions are calculated. Same output layer matrix is used to compute each output

eXp(qu)
V 9
Zj':l eXP(“j’)

p(wcj- = Wo, U}]) = Ye; =
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where w, is the j" word on the ¢ panel of the output layer, wo, is the actual ¢ word
in the output context words and wy is the input word. Since output layer shares same
output weight matrix for all words in the given context the following relation could be

reached
U, =v° Th forc=1,2,---,C,

J w;

where Vo, is the column of the output matrix corresponding to word w;. The derivation
of parameter update equations is very similar to CBOW model. The loss function is
defined as

F = —logp(wol,wog, T ch‘wI)

— —log
= — Zu] + C'log Z exp(uy ),
c=1 j1:1

exp U,

where j* is the index of the actual ¢ output context word in the vocabulary. We take

the derivative of error with respect to output matrix W¢

OF Ou,,
i — ELh,,
CZ: du.; Qwy; !

where we define 2£- 3uc = e, and EI; = chzl ec;- Thus, we obtain update equation for

output layer as
Wi, = W[ —nELh forj=1,2,---,V.

This update is same as before with a minor difference, which is the summation of
errors for all context words. The derivation of update equation for input layer is same

as before considering that prediction error e; is replaced with EI;. It is given below

T

Vw; = Vy, — New -,

where (ew); = Z;;l ELjwy;.
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Chapter 3

Computationally Highly Efficient
Online Text Classification and
Regression for Real Life Tweet

Analysis

In this chapter, we study multi class classification of tweets. For tweet analysis we
introduce preprocessing techniques due to unstructured and freely worded tweets. We
then obtain feature vectors by representing them in our vector space model. We intro-
duce highly efficient dimensionality reduction techniques suitable for online process-

ing of high dimensional feature vectors generated from tweets.

3.1 Regression and Classification on Freely Worded

Tweets

In this section, we first present our case study and data collection procedure. We

then introduce our data preprocessing steps since the tweets are freely worded. After
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preprocessing, we construct feature vectors using these tweets and then introduce our

classification and regression methods in a real life case scenario.

3.1.1 Data Collection

The tweets in our database are gathered through a case study where 1440 tweets written
in Turkish are collected from 168 different users between April 10th, 2013 and May
28th, 2013. These users are selected among people studying at Ko¢ University. There
are at most 10 tweets from a single user. The tweets, whose contents can be related to
anything, are freely worded and unstructured. There are 3 classes, i.e., a tweet fall into
one of three categories, which are “No Statement(0)”, “Specific(1)” and “General(2)”.

These categories reflect the level of statement about other people in a tweet.

Tweets are manually labeled by human experts. For this purpose, three human
coders are employed. We choose Krippendorff’s o to measure inter-coder agreement
or inter-rater reliability. Human coders manually labeled tweets at a reliability of Krip-

pendorffs a=0.7.

3.1.2 Data Preprocessing

Agglutinative morphological structure of languages such as Turkish, Finnish and Hun-
garian enables one to derive numerous words using derivational suffixes even from a
single root [43]. Thus, dimension of the word space constructed as a collection of
distinct words can be considerably large. Moreover, we observe that tweets are freely
worded, unstructured and they are not typed correctly all the time. Same word can
emerge in significantly different forms due to aforementioned issues. Therefore, we
apply a number of data preprocessing techniques to interpret the tweets properly. Our

methods are generic such that they can be applied to any languages.

To this end, we removed urls, links and location information as well as mentions

in tweets. We also discarded retweets. There are some words encountered frequently
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in most of the sentences that do not carry importance in terms of providing thematic
content. Hence, we used a list of common words to eliminate them. We also eliminate
numbers and the words having sizes smaller than 3. We then apply text correction to
correct first the unwanted characters and then to correct the words that are misspelled.
As we mention earlier, in agglutinatively morphological languages words having simi-
lar meanings can have the same roots. To be able to represent these words in one form,
we apply stemming to obtain the roots. After these operations, final form of the tweets

are obtained. The process pipeline is explained in Figure 3.1.

Removal of R Firal
Tweets |:> Unnecessary |:> TeXt_ E> . 09’( E>
Words Correction Finding Form

Figure 3.1: Processing pipeline of tweets.

3.1.3 Vector Space Model

We use a vector space model to represent tweets in our corpus. In tweet classification
we define our vocabulary as the union of all distinct words used in the whole dataset
and equate the dimension of our vector space to the size of the vocabulary. We repre-
sent the tweets in terms of N-grams [44], which is a representation technique consisting
of N consecutive words. In this study, we use unigrams and bigrams to represent the

tweets. An example of N-grams representation is given in Figure 3.2.

In vector space model, we express each tweet as a vector where each component is
related to a distinct word and assign a weight to that component. We use “TF-IDF”
measure to calculate this weight [45]. “TF” means term frequency and we take it as
the relative frequency of a word in a tweet. “IDF” means inverse document frequency
and emphasizes how uncommon of a word is between other tweets .If a word does not
appear in many tweets we increase its emphasis according to “IDF” measure. “TF”

and “IDF” measures are found by

f

TF(fat) = ?7
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aksam
2 aksamhuzur
huzur .
. huzureski
eski .
eskimutlu
mutlu o
. mutlumuizik
muzik muzikkarde
kardes ?

Unigrams Bigrams

Figure 3.2: Unigram and bigram representation of a tweet.

log(d:|)
.

IDF(f,d,) =1+

where f is the current word, t is the corresponding tweet and d; denotes tweet corpus.
In our vector space model we use the multiplication of both term as the weight for a

word 1n a tweet
TF —IDF14,) = TFE(f,t)« IDF(f,dy).

At the end of these operations for each tweet ¢, in tweet space T' = {t,ts, ..., t,}
we derive a d dimensional feature vector t; = [wy, ws, ..., wg|. Since text inputs are
represented in high dimensional vectors we introduce two methods to represent them in
low dimensional vectors to process efficiently, namely random projection and principal

component analysis.

To this end, we present random projection as a simple and computationally efficient
way to reduce the dimensionality of the data [46]. We project the original d dimen-
sional vector to k-dimensional space by multiplying it with a random £ x d dimensional
matrix R. We construct this random matrix R chosing its entries randomly from the

set {—1, 1} or as samples from standard normal distribution.

Principal component analysis is another dimensionality reduction technique we em-

ploy. We map the high dimensional feature vectors to a lower dimensional space by
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multiplying them with a k x d transformation matrix whose rows are the eigenvectors

corresponding to the k largest eigenvalues of the covariance matrix of data [46].

We verify the validity of the transformations of feature spaces from high dimension

to low dimension using following lemma.

Johnson Lindenstrauss lemma: For any 0 < € < 1 and any integer n, let k be a

positive integer such that

k> 4(e2/2 — €3/3) "1 In(n).

Then for any set V of points in R, there is a map f : R® — RX such that Vu, v
(1 =e)flu—vlly <llu—vl, < (T +e)flu—wvl,.

Using the result of Johnson Lindenstrauss lemma [47] we show that we can transform
points from a high-dimensional space to a lower dimensional space in such a way that

the distances between the points remain approximately same [48].

We are interested in preserving the information as much as possible while applying
dimensionality reduction techniques. It is desirable to keep the pairwise distances same
between data points for a projection in low dimensional space, which can be important
for the application of algorithms such as nearest neighbors. The goal of random projec-
tion is to maintain pairwise distances between data points. In that manner, the lemma
states when points in high dimensional space are randomly projected to low dimen-
sions, the pairwise squared distances between the points change by a factor of no more
than 1 £ € with large probability. In other words, the lemma guarantees that random

projections do not distort the distances between points with a certain probability.

3.1.4 Classification

We define automatic tweet classification as the process of identifying the class which

a tweet belongs to. There is a space containing tweets 7' = {t1, to, ..., t,, }, where each
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tweet ¢, is represented by a d dimensional vector t; = [wq, wo, ..., wd]T, where each w,
is the weight of term k in tweet ¢; and there is a fixed set of classes C' = {c1, 3, ..., cc' }.

Our goal is to build a classification function matching tweets to their classes.

We carry out classification in two parts. In the first part we perform offline clas-
sification where we use all the data available. In the second part we introduce online

classification of tweets by using them sequentially.

3.1.4.1 Offline Classification

There are many types of algorithms used in text categorization [11]. In this study, we

use the following classifiers

Support Vector Machines

K-Nearest Neighbors

Decision Trees

Logistic Regression

In this part, we employ classification algorithms given above along with two dif-
ferent dimensionality reduction techniques, namely random projection and principal

component analysis. We give the results in simulations section.

3.1.4.2 Online Classification

In this part, we use a piecewise linear model [49] to represent the relationship between
features vectors and class labels. We construct this piecewise linear model combin-
ing seperate linear models trained in disjoint regions that are generated by partitioning
d dimensional feature space using seperator functions. Our approach is adaptive in
the sense that at each instance both model parameters and seperator function parame-

ters are updated. In other words, we adaptively train model parameters and seperator
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function parameters to minimize the final regression error. We point out that as we
sequentially classify tweets both model and seperator function parameters are adjusted
such that space partitioning characterizes the structure of the data better and piecewise
linear model predicts the corresponding class more accurately. In order to obtain sat-
isfactory results parameter tuning should be done carefully. In Figure 3.3 we indicate

a sample partitioning of two dimensional feature space into 4 disjoint regions.

Figure 3.3: Sample partitioning of a two dimensional feature space into 4 disjoint
regions.

3.2 Simulations

In this section, we demonstrate the performances of the algorithms. The dimensions
of the feature vectors for unigrams and bigrams are 2511 and 6139, respectively. We
reduce each of these dimensions to 125 and 250 applying different dimensionality re-
duction techniques. We obtain AUC values as performance measure for classification
algorithms by optimizing their parameters over grid search using 10-fold cross valida-

tion.

We point out that the AUC values obtained using low dimensional feature vectors
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are comparably smaller than the AUC values obtained without applying dimensionality
reduction. This small loss comes with gain in computational complexity. For instance,
logistic regression classifier utilizing random projection executes at least 100 times

faster than the standard logistic regression classifier.

The results are given in Table 3.1 and in Table 3.2 for unigrams and bigrams, re-
spectively. In Table 3.3 computational complexities of classification algorithms are
given [46,50,51].

Table 3.1: AUC scores obtained using classification algorithms with different dimen-

sionality reduction techniques for unigrams.

Classifier
SVM | KNN DT | Log. Reg.
Dim. Reduction
No Reduction 0.8173 | 0.7915 | 0.7306 | 0.8089
PCA 55 0.8083 | 0.7934 | 0.6650 | 0.8022
PCA»5 0.8107 | 0.7980 | 0.6824 | 0.8053
RP_; 1., 0.7802 | 0.7743 | 0.6192 | 0.6894
RP_ 1, 0.7904 | 0.7766 | 0.6402 | 0.7082
RPGaussian; o5 0.7849 | 0.7776 | 0.6382 | 0.6966
RPGaussianaso 0.7944 | 0.7822 | 0.6403 | 0.7279
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Table 3.2: AUC scores obtained using classification algorithms with different dimen-

sionality reduction techniques for bigrams.

Classifier
SVM | KNN DT | Log. Reg.
Dim. Reduction
No Reduction 0.7806 | 0.7678 | 0.7330 | 0.7828
PCA 25 0.7619 | 0.7499 | 0.6161 | 0.7596
PCA»s5 0.7679 | 0.7552 | 0.6084 | 0.7679
RP_; 1,5, 0.7760 | 0.7622 | 0.6330 | 0.6659
RP_; 1, 0.7756 | 0.7769 | 0.6397 | 0.6814
RPGaussianyos 0.7696 | 0.7549 | 0.6550 | 0.6653
RPGaussianaso 0.7727 | 0.7757 | 0.6287 | 0.6723

Our goal is not to obtain high AUC values in these experiments. We want to show
that we can still obtain classification performance close to original case in exchange
for gain in computational complexity. We expect decrease in performance since we ig-
nore some information when dimensionality reduction is applied. Experimental results
verify our expectations also. The best performance is obtained when no dimensional-
ity reduction is applied. The values we obtain for other cases using different classifiers
are lower than the value obtained in no dimensionality reduction case. Moreover, when
we increase the reduced dimension from 125 to 250 the classification performance im-
proves, which demonstrates that taking into account more information results in better

performance.
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Table 3.3: Comparison of the computational complexities of classification algorithms.
In the table, n represents the number of training instances, d represents regular dimen-

sion, k represents reduced dimension.

Algorithm Computational Complexity

SVM O (n?)
SVM with PCA O (n?)
SVM with RP O (n?)
KNN O (nd)
KNN with PCA O (nd)
KNN with RP O (nk)

DT O (dn?log(n))

DT with PCA O (kn*log(n))

DT with RP O (dn?log(n))
Log. Reg. O (nd?)

Log. Reg. with PCA O (nk?) + O (nd)

Log. Reg. with RP O (nk?)

For online classification, we illustrate the performance of our algorithm having 1,
2 and 4 disjoint regions with respect to the truncated Volterra filter [52]. In Figure
3.4 we provide the time accumulated regression errors for each of them averaged over
10 trials. We emphasize that as the number of regions increase error value decreases
and the performance of algorithm with 4 regions is comparable to the performance of
Volterra filter.
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Normalized Accumulated Error

Normalized Accumulated Error Performance
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Figure 3.4: Normalized accumulated error performance.
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Chapter 4

Short Text Categorization Using
Syllables and LSTM Networks

We denote scalars with italic lowercases (e.g. x), vectors with bold lowercases (e.g.
x) and matrices with bold uppercases (e.g. W). We use notation x*/ to denote the

sequence of vectors (X;, X1, - .., X;).

We study sequential short text classification. Each short text is composed of words
or syllables, each of which is represented by a distributed vector x' € R*. Hence, for i*"
short text whose length is [ we have a sequence of vectors {x'*}¢. Moreover, each short
text is associated with a label determining the class that the short text belongs to. We
represent this label by a vector d° € RI®! whose only nonzero entry that corresponds
to the given class is 1. Here, C' is the set denoting possible classes and |C| is the

cardinality of the set C'. Our goal is to sequentially estimate d* by

where f(-) is a classification function. For each short text ¢, classification error is given

by the categorical cross entropy function, i.e.,
c
E;,=— Zd; -log(})
j=1
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where d;'. and zé correspond to true label and estimate for the ;%" class of i** short text,

respectively. Note that only d; is nonzero for i*" short text from ;" class.

4.1 Data Preprocessing

To obtain distributed representations of the words and syllables in an unsupervised
manner, we collected more than 5S00M tweets in Turkish and around 100M tweets
in Arabic using Twitter’s API !. These tweets are cleaned to keep only meaningful
units. This process includes removal of links, urls, user mentions and hashtags since
these do not contribute to the meaning of text. We use Zemberek > Turkish NLP tool
for separation of words into syllables. We also insert special character ‘&’ to denote

spaces.

4.2 LSTM and Our Model

For a given short text of length /, we have a set of k dimensional vectors x' which
are inputs to the LSTM model to produce the m dimensional short text representation
s. For the ##" unit in the short text, an LSTM layer takes x*, h*~! and ¢/~! and produces
h’, ¢! based on the following formulas:

i' =o(Wix' + R;h" ' + by)

¢! = tanh(W.x' + R:h'™ +b,)

f' = o(W;yx' + Ryh'™! 4 by)

ct:ftQCt—1+it®ét

o' = o(W,x'+R,h" ' +b,)

h' = o’ ® tanh(c")
where we do not use peephole connections since we do not need to learn precise tim-
ings. W;, W, W, W, € Rk, U,;,U;, U, U, € R™™ are weight matrices and

Thttps://dev.twitter.com/streaming/public
Zhttps://github.com/ahmetaa/zemberek-nlp
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b;,bs, b., b, € R™ are bias vectors. The symbols o(-) and tanh(-) refer to the el-
ements wise sigmoid and hyperbolic tangent functions, and © is the element wise

multiplication. h® = ¢® = 0.

In the pooling layer, the sequence of output vectors h'* from the LSTM layer are
combined into a single vector s € R™ that represents the short text using mean pooling.

. . _ 1 t
Mean pooling averages all vectors, i.e.,s = 7 > ,_; h*.

Our model introduces a novel contribution to LSTM neural network. In our model,
the sequence of vectors x' input to the LSTM layer are also combined into a single
vector y € RF that also represents the short text using the mean pooling. Similarly,
mean pooling averages all vectors, i.e., y = % Zizl x'. These representations, s and
y, are passed through separate fully connected layers and then summed. Finally, a

softmax layer is used to obtain probabilities corresponding to each class

z = softmax(W,s + W,y + b,),

where softmax(z) is defined as Z,fzj Lforj=1,... K.
k=1€F

The final output z; represents the probability distribution over the set of C' classes
for the 7' short text and the j*" element of z; corresponds to the probability that the 7**

short text belongs to the j** class as shown in Fig. 4.1.

4.3 A Novel Way to Represent Short Texts

As a further extension, we also use syllables to represent short texts. Syllables are
the phonological building blocks of the words. We claim that syllables could also
compose sequential components in short texts constructing words and thus sentences.

The processing of this sequential information can improve classification performance.

Word2vec algorithm produces distributed representations of words. Although it

is applied to a corpora of continuous text of words originally, it can also be applied
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Mean Pooling

f f f f
LSTM™ LSTM |—> —! LST™ LSTM
f f f f

Mean Pooling

Figure 4.1: Classification model taking weighted combination of two distributed repre-
sentations of a short text based on LSTM layer. One representation, s, is obtained after
mean pooling of LSTM outputs while the other, y, is the average of inputs of LSTM
layer.

to anything that has neighboring structure. Therefore, we use it in order to obtain

distributed representations of syllables.

Distributed representations capture semantic and syntactic relationships between
words. However, this does not apply for syllables since most of the syllables do not
have a meaning by themselves. Only a small part of them that constitutes a word
by itself have this property. Therefore, it is not conclusive to try to find semantic
relationships between syllables. However, there exists syntactic relationships that can
be inferred using distributed representations to some extent. For example, the link
between question morphemes, {mi, mi, mu, etc}, in Turkish which are syllables by

themselves can easily be inferred using distributed representations of syllables.

Syllables are important since they construct words gathering together although most
of them are not meaningful by themselves. There is a complex relationship expressing
how they combine to form words. Distributed representation of syllables can exploit

this information.
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4.4 Experiments

In this section, we present the results of the experiments we perform to compare the
proposed novel methods with state of the art approaches. We use gensim word2vec [53]
package in Python to obtain distributed representations of words and syllables. For
the sake of completeness, we provide performance results of state of the art methods,

which are random forests and support vector machines.

4.4.1 Dataset Descriptions

The dataset that we use for supervised classification task is composed of 6000 tweets in
Turkish language [54]. They are labeled by human coders according to their sentiment
polarity and each tweet is categorized into one of 3 classes, which are negative, positive
and neutral. There are 3000 negative, 1552 positive and 1448 neutral tweets. Similar
to unsupervised case, these tweets are also cleaned. Cleaning process contains removal
of links, urls, user mentions and hashtags. Also, we use Zemberek Turkish NLP tool

to separate words into syllables.

We also use several datasets in Arabic language for sentiment analysis [55, 56].

Datasets cover various domains.

— Product Reviews (PROD): Products domain has a dataset of 4K reviews from
the Souq website. The dataset includes reviews from Egypt, Saudi Arabia, and

the United Arab Emirates.

— Restaurant Reviews (RES): Restaurants dataset contains 2.6K reviews col-

lected from TripAdvisor.

— BBN Dataset: It contains a random subset of 1200 Levantine dialectal sentences
chosen from the BBN Arabic - Dialect / English Parallel Text. The sentences are

extracted social media posts.

— Syrian Tweets: This is a dataset of 2000 tweets originating from Syria (Levan-

tine dialectal Arabic is commonly spoken). These tweets were collected in May
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2014 by polling the Twitter APL.

First two datasets provide the text of the review as well as a rating entered by the
reviewer for each sample. The rating reflects the overall sentiment of the reviewer
towards the entity. Hence, for each review, the rating was extracted and normalized into
one of three categories: positive, negative or neutral using the same approach adopted
by [33,57]. In addition to these, the manual sentiment annotations were performed for
BBN dataset and Syrian tweets. Each post is annotated by at least 10 annotators and

the majority sentiment label was chosen. Class distributions are given in Table 4.1.

Table 4.1: The number of data instances in each class for datasets used in experiments.

Classes ) B

Negative | Neutral | Positive | Total
Datasets

PROD 863 308 3101 | 4272
RES 268 265 2109 | 2642
BBN Dataset 575 126 498 1200
Syrian Tweets 1323 392 285 2000
Turkish Tweets 3000 1448 1552 | 6000

4.4.2 Training

The models are trained to minimize the negative log-likelihood of predicting the correct
class of the sentences in the training set, using stochastic gradient descent with the
Adam update rule. At each gradient descent step, the weight matrices, bias vectors
and word vectors are updated. For regularization, dropout [58] is applied to weight

matrices. We limit parameter grid for epoch number with 10 to prevent overfitting.
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Table 4.2: Experimental range for all hyperparameters.

Hyperparameter

Experiment Range

RF estimator num.

RF max. depth

RF split eval. criterion
SVM C

SVM gamma

SVM kernel

LSTM block size
LSTM epoch num.
LSTM batch size
LSTM optimizer
LSTM initialisation
LSTM dropout rate
Vec. size for words
Vocab. size for words
Context win. for words
Vec. size for syllables

Vocab. size for syllables

Context win. for syllables

50, 100, 150, 250, 500

5, 10, 15, 25, 50

gini, entropy

2e-3, 2e-2,0.2, 2,5, 10, 20
2e-3,2e-2,0.2,2,5, 10
linear, rbf

50, 100, 200, 250, 300, 400, 500
3,4,5,10

8, 16, 32, 64

adam, rmsprop

lecun uniform

0,0.1,0.2

200, 300, 400

5K, 10K, 50K

10, 15, 20

100, 150, 200

5K, 10K, 50K

15, 20, 25

4.4.3 Simulations

We use Keras [59] framework to perform simulations. We separate 25% of the labeled
dataset randomly as a test set and never use it neither for training nor validation data
during experiments. The remaining 75% of the dataset is used for training. Parameter
optimization is performed via 5-fold cross validation. In particular, we search over the
number of trees in the forest, maximum depth of the tree and criterion to evaluate split

quality for random forest classifier while we scan C, gamma and kernel for support

vector machines.
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Furthermore, our parameter grid contains block size, epoch number, dropout rate,
batch size, optimiser choice and initialisation method of network weights for LSTM.
Moreover, we also try different parameters while obtaining distributed representations
of words and syllables to see their effects on performance results. These are dimen-
sions of feature vectors, width of the context window and vocabulary size. We sort and
get the most frequent words in order to keep meaningful ones. Hence, vocabulary size

is limited to 50K. The whole parameter set we search over is given in Table 4.2.

We use Area Under the ROC Curve (AUC) measure to compare performances of
aforementioned methods. ROC curve is a graphical plot that illustrates the performance
of a binary classifier as its discrimination threshold is varied. The curve is produced by
plotting true positive rate (TPR) against the false positive rate (FPR) at various thresh-
old settings. The AUC is defined as the area under this curve. The optimum operating
point for ROC curve is at TPR = 1 and FPR = 0, therefore, higher AUC means better
performance. Classification accuracy can be very sensitive to unbalanced class distri-
butions [60]. However, the area under ROC curve is insensitive to this lack of balance
in the dataset [61]. Although AUC is defined for binary classification originally, we
use micro averaging method which calculates AUC globally to use it in multi-class
setting, i.e., we binarize the multi-class problem and consider all binary classifiers as a

single binary classifier.

We also calculate coverage rates that are defined as how much percent of the dataset
is covered by the words or syllables that are in the vocabulary since this closely relates
to classification performance closely. The number of syllables in a language is limited.
On the contrary, the number of words in a language is much higher than syllables. The
situation is even exacerbated for agglutinative languages such as Turkish, Finnish and
Hungarian. Hence, it is expected to obtain higher coverage rates when syllables are
used. Table 4.1 shows coverage rates for words and syllables for vocabulary sizes of
5K, 10K and 50K, respectively. The numbers indicate that even a 5K vocabulary of
syllables is enough to cover the whole Turkish dataset. On the other hand, coverage
rates are significantly smaller for words and they expectedly increase when larger vo-
cabulary is used. The highest coverage rate is obtained when 50K vocabulary is used.

Even in this case the coverage rate is relatively small and it is only 58%.
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Table 4.3: Coverage rate of Turkish dataset when different vocabulary sizes are used

for words and syllables.

Vocabulary Size | Word | Syllable
SK 44% |  99%
10K 50% | 99%
S0K 58% | 100%

4.4.4 Results and Discussions

This section presents AUC results obtained using distributed representations of words

and syllables in different classifiers and makes related discussions.

4.4.4.1 Word LSTM vs. Word LSTM + Word vector avg. in Turkish

Experimental results show that using sentence representations obtained by averaging
vectors in combination with LSTM layer improves classification performance of the
basic LSTM layer for different parameter settings of word2vec models. A number of
deductions can also be made from results. Using smaller vector sizes in word2vec
models gives better results. Similarly, our model performs better when smaller vector
sizes are used. Proposed model achieves its best performance with a context window
of 15, vocabulary of 5K and vector dimension of 200. Performance gain is more than
1% with respect to the basic LSTM. Simulation results also point out that using wider
context window for word2vec models improves classification performance most of the
time. Another interesting observation is that the better results are obtained for RF
and SVM when vocabulary is SK. The reason for this behavior may be due to the
sparsity introduced by larger vocabulary. While basic LSTM performs best when the
vocabulary size is 50K, we obtain the best performance of our model at SK vocabulary.
This shows the benefit of using word vector averaging. Table 4.4 shows results for

various combinations of vocabulary and context window size when the vector size is
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200 whereas Table 4.5 and Table 4.6 demonstrate results when the vector sizes are 300

and 400, respectively.

Table 4.4: AUC scores for Turkish dataset using distributed representations of words
when the vector size is 200 for different vocabulary (v) and context window parame-

ters.

Classifier
RF SVM | LSTM | Our Model

Parameters
context window: 10 | 0.8052 | 0.8298 | 0.7717 0.7755

%)
l.:. context window: 15 | 0.7988 | 0.8300 | 0.7765 0.7864

S context window: 20 | 0.7975 | 0.8273 | 0.7782 0.7775
C; v | context window: 10 | 0.7945 | 0.8159 | 0.7717 0.7724
% S context window: 15 | 0.7945 | 0.8159 | 0.7714 0.7648
§ 4 context window: 20 | 0.7918 | 0.8165 | 0.7669 0.7683
4 v | context window: 10 | 0.7837 | 0.8031 | 0.7719 0.7773

f_ context window: 15 | 0.7835 | 0.8040 | 0.7767 0.7741

context window: 20 | 0.7841 | 0.8038 | 0.7798 0.7713

Table 4.5: AUC scores for Turkish dataset using distributed representations of words
when the vector size is 300 for different vocabulary (v) and context window parame-

ters.

Classifier
RF SVM | LSTM | Our Model

Parameters
context window: 10 | 0.7995 | 0.8324 | 0.7702 0.7683

N
l;. context window: 15 | 0.7959 | 0.8310 | 0.7691 0.7656

= context window: 20 | 0.7957 | 0.8281 | 0.7693 0.7679
E ¢ | context window: 10 | 0.7919 | 0.8133 | 0.7600 | 0.7627
% 9 context window: 15 | 0.7919 | 0.8169 | 0.7616 0.7643
% g context window: 20 | 0.7901 | 0.8171 | 0.7658 0.7602
~ v | context window: 10 | 0.7827 | 0.8029 | 0.7667 0.7658

‘fO;_ context window: 15 | 0.7827 | 0.8024 | 0.7641 0.7668

context window: 20 | 0.7827 | 0.8026 | 0.7669 0.7664

40



Table 4.6: AUC scores for Turkish dataset using distributed representations of words

when the vector size is 400 for different vocabulary (v) and context window parame-

ters.
Classifier
RF SVM | LSTM | Our Model

Parameters

v context window: 10 | 0.7998 | 0.8333 | 0.7589 0.7607

lg. context window: 15 | 0.7956 | 0.8324 | 0.7601 0.7677
S context window: 20 | 0.7966 | 0.8298 | 0.7593 0.7601
?; ¢ | context window: 10 | 0.7939 | 0.8147 | 0.7531 0.7560
% f context window: 15 | 0.7903 | 0.8134 | 0.7525 0.7526
‘;3 context window: 20 | 0.7866 | 0.8131 | 0.7537 0.7579
g ¢ | context window: 10 | 0.7826 | 0.8020 | 0.7635 0.7648

% context window: 15 | 0.7816 | 0.8016 | 0.7635 0.7644

g context window: 20 | 0.7805 | 0.8006 | 0.7628 0.7641

Note that basic LSTM layer and our model do not perform as good as state of
the art methods. The reason for that behavior may be the small size of the dataset
we use. Also, since the examples in sentences are tweets their lengths are limited
to 140 characters. Using longer sentences could result in exploitation of sequential

information in a better way and hence could improve the performance.

4.4.4.2 Word LSTM vs. Syllable LSTM

Experimental results show that using distributed representations of syllables improves
word2vec performance for several parameter combinations. We also provide AUC re-
sults obtained by using direct averaging of syllable embeddings classified with RF and
SVM for the sake of completeness. The performance of LSTM layer using sequential
information hidden in syllable embeddings outperforms the state of the art methods
and provides a performance increase up to 8%. Unlike word case we cannot infer
that using small vector size leads to better performance. While using models with a

context window of 20 performs better for the basic LSTM, our algorithm works better
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when a context window of 25 is used. When distributed representations of syllables
are utilized the best results for the basic LSTM and our model are 0.7695 and 0.7737,
respectively. These figures are higher than most of the results obtained with differ-
ent parameter settings when distributed representations of words are used. Table 4.7
shows results for various combinations of vocabulary and context window size when
the vector size is 100 whereas Table 4.8 and Table 4.9 demonstrate results when the

vector sizes are 150 and 200, respectively.

Table 4.7: AUC scores for Turkish dataset using distributed representations of syl-

lables when the vector size is 100 for different vocabulary (v) and context window

parameters.
Classifier
RF SVM | LSTM | Our Model

Parameters

« | context window: 15 | 0.7154 | 0.7346 | 0.7635 0.7632

lf;. context window: 20 | 0.7116 | 0.7374 | 0.7690 0.7640
= context window: 25 | 0.7174 | 0.7356 | 0.7642 0.7646
:_5 ¢ | context window: 15 | 0.7136 | 0.7392 | 0.7646 0.7546
% 2 context window: 20 | 0.7221 | 0.7414 | 0.7625 0.7571
§ g context window: 25 | 0.7107 | 0.7371 | 0.7689 0.7690
g v | context window: 15 | 0.7149 | 0.7356 | 0.7597 0.7670

% context window: 20 | 0.7177 | 0.7332 | 0.7643 | 0.7570

g context window: 25 | 0.7171 | 0.7344 | 0.7558 0.7598

Directly averaging syllable embeddings to represent the sentence does not lead to
good results when random forest and SVM are used as classifiers. When compared
to word case there is an evident decrease in AUC values obtained using state of the
art results. However, the values obtained via basic LSTM and our model with em-
bedding vectors of syllables does not seem to show degradation. On the contrary, the

performance improves for a number of different parameter settings for syllables.
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Table 4.8: AUC scores for Turkish dataset using distributed representations of syl-

lables when the vector size is 150 for different vocabulary (v) and context window

parameters.
Classifier
RF SVM | LSTM | Our Model

Parameters

« | context window: 15 | 0.7190 | 0.7488 | 0.7669 0.7651

l;. context window: 20 | 0.7222 | 0.7486 | 0.7656 0.7609
R context window: 25 | 0.7181 | 0.7494 | 0.7662 0.7556
; v | context window: 15 | 0.7212 | 0.7469 | 0.7621 0.7521
% S context window: 20 | 0.7199 | 0.7466 | 0.7695 0.7541
§ g context window: 25 | 0.7245 | 0.7460 | 0.7614 0.7737
g v | context window: 15 | 0.7176 | 0.7455 | 0.7577 0.7706

% context window: 20 | 0.7208 | 0.7471 | 0.7612 | 0.7687

g context window: 25 | 0.7161 | 0.7462 | 0.7596 0.7692

Table 4.9: AUC scores for Turkish dataset using distributed representations of syl-

lables when the vector size is 200 for different vocabulary (v) and context window

parameters.
Classifier
RF SVM | LSTM | Our Model
Parameters
v context window: 15 | 0.7189 | 0.7526 | 0.7675 0.7616
l: context window: 20 | 0.7160 | 0.7525 | 0.7632 0.7631

context window: 25 | 0.7208 | 0.7524 | 0.7630 0.7646
context window: 15 | 0.7196 | 0.7515 | 0.7582 0.7667
context window: 20 | 0.7180 | 0.7526 | 0.7650 0.7630
context window: 25 | 0.7209 | 0.7512 | 0.7631 0.7622
context window: 15 | 0.7181 | 0.7528 | 0.7655 0.7569
context window: 20 | 0.7219 | 0.7546 | 0.7654 0.7587
context window: 25 | 0.7176 | 0.7552 | 0.7650 0.7502

vector size: 200
v: 10K

v: S0K
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4.4.4.3 Word LSTM vs. Word LSTM + Word Vector avg. in Arabic

We also perform experiments in Arabic language. While we set vector size as 300 and
context window as 10, we test 3 different size for vocabulary which are 5K, 10K and
S0K. We also use bag-of-words and TF-IDF [62] feature extraction techniques to con-
struct feature vectors. Similar to the experiments for Turkish dataset, random forest
and SVM are chosen as state of the art classifiers. Simulation results show that our al-
gorithm improves the performance of the basic LSTM layer for each vocabulary size.
The performance of restaurant reviews dataset improves for SK and 10K vocabulary
whereas the performance of BBN dataset improves for SK and 50K vocabulary. In
addition, our algorithm provides enhancement in AUC for product reviews and Syrian
tweets datasets when the vocabulary sizes are S0K and 10K, respectively. Further-
more, AUC values tend to increase when larger vocabulary is used. Table 4.10 shows
results for various classifiers when the vocabulary size is 5K. Table 4.11 and Table 4.12
demonstrate results when the vocabulary size are 10K and 50K, respectively. Context

window of size 10 and vector size of 300 are used in these experiments.

Table 4.10: AUC scores for Arabic datasets using distributed representations of words

when the vector size is 300 with a vocabulary of size SK and context window of 10.

Classifier .
PROD | RES | BBN Dataset | Syrian Tweets

Datasets
RFpow 0.9009 | 0.9434 0.7446 0.7842
% SVMpow 0.9060 | 0.9466 0.6508 0.8376
Z RFiqaf 0.8883 | 0.9362 0.7503 0.8097
T:' SVMigat 0.9073 | 0.9433 0.6427 0.8354
E RFyoy 0.8606 | 0.9154 0.7752 0.8348
ﬁ SVMyeoy 0.8839 | 0.9281 0.7918 0.8246
g LSTM 0.8785 | 0.9326 0.7458 0.8137
Our Model 0.8774 | 0.9346 0.7514 0.8068
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Table 4.11: AUC scores for Arabic datasets using distributed representations of words

when the vector size is 300 with a vocabulary of size 10K and context window of 10.

Classifier .
PROD | RES | BBN Dataset | Syrian Tweets

Datasets
RFpow 0.8997 | 0.9368 0.7564 0.8270
% SVMpow 0.9097 | 0.9367 0.7533 0.8514
E RFqar 0.8966 | 0.9333 0.7460 0.8255
n SVMigat 0.9093 | 0.9385 0.6867 0.8391
2 RFyoy 0.8869 | 0.9235 0.7853 0.8470
% SVMyoy 0.8886 | 0.9283 0.7960 0.8547
g LSTM 0.8931 | 0.9339 0.7638 0.8346
Our Model 0.8898 | 0.9399 0.7599 0.8348

Table 4.12: AUC scores for Arabic datasets using distributed representations of words

when the vector size is 300 with a vocabulary of size 50K and context window of 10.

Classifier .
PROD | RES | BBN Dataset | Syrian Tweets

Datasets
RFpow 0.8958 | 0.9469 0.7625 0.8430
é SVMpow 0.9040 | 0.9428 0.6720 0.8548
g RFisa¢ 0.8945 | 0.9435 0.7499 0.8438
n SVMisas 0.9070 | 0.9422 0.7570 0.8468
2 RF oy 0.8962 | 0.9358 0.8018 0.8610
ﬁ SVMyay 0.9079 | 0.9486 0.8134 0.8641
3 LSTM 0.9028 | 0.9491 0.7657 0.8389
Our Model 0.9046 | 0.9393 0.7712 0.8355
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Chapter 5

Conclusion

We study multi class classification of tweets in Chapter 3, where we present prepro-
cessing techniques since the tweets are freely worded. We construct feature vectors
from tweets using our vector space model. Vector space model uses unigrams and
bigrams to represent tweets. Since text inputs are represented with high dimensional
vectors we introduce highly efficient dimensionality reduction techniques. To this end,
we present principal component analysis and random projection as elegant dimension-
ality reduction techniques. We show that we can significantly reduce the computational
complexity with insignificant change in classification performance. We also present
piecewise linear models suitable for online processing of tweets. These models are
constructed by adaptively combining linear models trained in disjoint regions that are
generated by partitioning space with separator functions. We demonstrate their perfor-

mance over minimization of time accumulated regression error.

Similarly, in Chapter 4, we study multi class categorization of short texts using
LSTM neural networks. In this framework, we introduce a novel model based on
LSTM layer that constructs two distributed representations for the given short text so
that weighted combination of these representations can be used to achieve superior
performance in classification task. One representation is obtained by mean pooling
the output vectors from LSTM layer at each time step after processing of distributed

vectors corresponding to words consecutively while the other one is acquired taking
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average of word vectors directly. As a further extension, we derive distributed repre-
sentations of the syllables for the first time in literature and use these representations in
short text categorization task. Experimental results demonstrate that our novel model
improves classification performance on our datasets and we show that using distributed

representations for syllables also increases classification performance.
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Appendix A

Forward Pass

We present the formulas for training of our model. We also provide formulas for

forward pass for the sake of completeness.
Let m be the number of LSTM blocks and £ the number of inputs. The following

weights are obtained.

e Input weights: W;, W; W_ W, € R™**
e Recurrent weights: U;, Us, U, U, € R™*™

e Bias weights: b;, by, b., b, € R™

x'! are input vectors through LSTM layer where each one corresponds to a spe-

cific timestep. The symbols o(-) and tanh(-) refer to the elements wise sigmoid and
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hyperbolic tangent functions, and © is the element wise multiplication.
i' = c(Wix' + R;h'™! + by)
¢! = tanh(Wx' + R.h'™ ! + b,)
f' = o(Wyx'+ R/h"' + by)
cd=fod+i'od
o' = o(Wx'+ R,h'" ' +b,)
h' = o' ® tanh(c")

1 l
Szizht

t=1

1 l
yzjzxt

t=1

z = softmax(W,;s + W,y + b,)

where softmax(z) is defined as Z;—Jk forj=1,..., K.
k=1¢

The final output z represents the probability distribution over the set of C' classes.
j*" element of z; corresponds to the probability that i** short text belongs to the j*"

class.
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Appendix B

Backward Pass

In this section we give the equations [63] used for backward pass:

oh' = A"+ R/ 6i"" + R/ 61" + R} + R} 60!
§o' = dh' ® tanh(c') ® /(W x' + R,h' ! + b,)

5c' = 6h' ©® o' ® tanh'(c’) + o't © £

5ft =dc' o @ o' (Wix! + Ryh'™! + by)

0i' =o' @& © o' (Wix' + Rph'™! + by)

§¢; = oc' @i ® tanh' (W x' + R.:h'™! + b,)

t_ 0B t _ 08 _ N~C 0E 03
A" = 5 and Aj = ot =2 i1 0z, oht

wherez = W;s + W,y + b..
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n=1 p=1 n=1 p=1
E
Z = Z; dz
Zi
0z 1L Loy
= — WS' n
on', 2 (Z aht.)
n=1 p=1 J
——
0 0
oh, ahgyl/ ORt  ORtH! on!
+/8/h§ 3ht+ 8h§ +...—|—a—h§,
Ohl,  ~ Ml = OB ORL2 OnLH!
ZZ—— for [ >t

Ohl &= Ohl=' £ OhL — Oh!}" Oh!

Therefore, if we know the partial derivative of output with respect to previous output

we can calculate g;;'_ using chain rule. The partial derivative is given by
J

;]J—?il = [0i(1 = 0})Ry,,] tanh(c})
+op[(1 = tanh®(c})) [f{(1 — f)Ry,ci " + (1 = (&)*) Ry ;

+if(1— iR, ]

The gradients for the weights are calculated by equations given below. * can be any of
{¢,i,f,0}:

l

W, = Z(é*t,xt>
=0

SR, = Z 1 ht)
Sb, = Z St
t=0
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(%1, *2) denotes the outer product of two vectors. The gradients for W and W, are

also given below:
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