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ABSTRACT

DISTRIBUTIONAL INVESTIGATION OF SOME FREQUENT TURKISH
DERIVATIONAL AFFIXES FOR EXPLORING THEIR SEMANTICS

Ozdemir, Gizem Nur
MSc., Department of Cognitive Sciences
Supervisor: Prof. Dr. Cem Bozsahin

July 2021, 64 pages

In agglutinating languages such as Turkish, the process of derivation is mostly performed
by adding suffixes at the end of words. Most of the derivational suffixes carry a distinctive
semantic content and representing them has an important role in computational tasks, such
as question answering. In this thesis, we aim to explore the structure of some frequent
Turkish derivational suffixes in distributional vector space by clustering word embedding
vectors of them and analyzing their underlying semantic properties. Suffix vectors are
obtained by subtracting the vector of the base form of the derived word from the derived
word’s word vector. We used a pre-trained word embedding model for obtaining word
vectors and multiple unsupervised clustering algorithms with different parameters for
clustering them. Our assumption is if a derivational suffix category manages to dominate
one or more clusters, it is possible to obtain reliable representations of it in the
distributional vector space. Our results show that many Turkish derivational suffix
categories have this capability. We analyzed the underlying semantic structure of the
generated clusters in terms of the thematic roles the suffixes are selecting, the UCCA
labels and the UD relations the stem and the derived word can get.

Keywords: distributional semantics, word embeddings, derivational morphology,

unsupervised clustering, semantics



Oz

TURKCEDEKI YUKSEK FREKANSLI YAPIM EKLERININ SEMANTIGININ
KESFI iICIN DAGILIMSAL INCELENMESI

Ozdemir, Gizem Nur
Yiksek Lisans, Bilissel Bilimler BOlUmi
Tez YOoneticisi: Prof. Dr. Cem Bozsahin

Temmuz 2021, 64 sayfa

Tiirk¢e gibi sondan eklemeli dillerde tiiretme islemi ¢ogunlukla ekin kelimenin sonuna
getirilmesi ile gergeklestirilir. Tiirevsel soneklerin birgogu belirgin bir anlamsal igerik
tasir ve bunlar1 temsil etmek soru cevaplama gibi uygulamalarda 6nemli bir role sahiptir.
Bu tezde amacimiz, Tiirk¢e’ nin tiirevsel morfolojisinin dagilimsal ve semantik yapisini
tirevsel soneklerin kelime temsillerini kiimeleyerek ve bunlarin altinda yatan
anlambilimsel o6zellikleri analiz ederek incelemektir. Sonek vektorleri, tiiretilmis
sOzcliglin kok formunun vektoriiniin kendi kelime vektoriinden ¢ikarilmasiyla elde
edilmistir. Kelime vektorlerini elde etmek igin 6nceden egitismis bir kelime temsili
modeli, bu vektorleri kiimelemek i¢in ise birden fazla denetimsiz kiimeleme algoritmasi
farkli parametreler ile kullanilmistir. Varsayimimiz, eger bir tiirevsel ek kategorisi bir
veya daha fazla kiimeye hakim olmay1 basarirsa, dagilimsal vektor uzayinda bu ekin
giivenilir temsillerini elde etmenin miimkiin oldugudur. Sonuglarimiz, birgok Tiirkce
tiirevsel ek kategorisinin bu yetenege sahip oldugunu gostermektedir. Olusturulan
kiimelerin anlamsal yapist soneklerin sectigi tematik roller, koklerin ve tiiremis
kelimelerin sahip olabilecegi UCCA etiketleri ve UD iliskileri agisindan analiz edilmistir.

Anahtar Sozciikler: dagilimsal anlambilim, kelime temsilleri, tiirevsel morfoloji,
denetimsiz kiimeleme, anlambilim
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CHAPTER 1

INTRODUCTION

1.1. Motivation

Natural language is a way of communication between the human species. A natural
language can be in the form of a text, it can be verbal or represented as signs. In any
form of representation, the way language is used carries a lot of information within
words. Natural language processing, NLP for short, is a subfield of multiple areas such
as computer science, linguistics and artificial intelligence that concerns analyzing and
extracting information from language data as well as enabling machines to process and
sometimes generate human language depending on the various tasks of NLP. It is a
challenging area since the data it deals with is unstructured, ambiguous and constantly
evolving.

Machine learning models require quantified data as input, and NLP tasks need to
represent words in the form of vectors. There are several ways to form these
representations. Techniques like one-hot encoding are considered inefficient because
the vectors created using this technique are sparse and they do not capture the
relationship between individual words. Word embeddings comes into scene for solving
such problems. This technique can be summarized with the famous quote, of Firth
(1957) you shall know a word by the company it keeps. In other words, the main
principle behind word embeddings is that words that occur in the same contexts tend
to have similar meanings (Harris, 1954). Different forms of data can be used while
training word embeddings. Continuous representations are a very useful and widely
used form of such training data. However, these representations ignore the morphology
of words therefore do not provide us direct information on individual morphemes. It
is also not likely to cover the entire vocabulary of a language with these models even
if they are trained on a very large corpus. This problem is called being out of
vocabulary (OOV), and agglutinating languages like Turkish, Finnish and Korean are
very likely to suffer from it due to their highly productive morphology.



In this thesis, we focus on derivational suffixes of Turkish by extracting their
representations from word embedding vector space and perform unsupervised
clustering on obtained vectors. We extract their representations from word embedding
vector space and performed unsupervised clustering on obtained vectors. We used only
the words that have a single morphological analysis in order to avoid ambiguity. We
excluded words getting suffixes that do not have content that are actually structural
suffixes or case markers such as -ArAk or -mA. This is because these suffixes are able
to combine with many Turkish words and do not have semantic contributions to the
derived words. The semantic analysis is performed in these clusters in order to
understand the effect of semantics in distributions of derivational morphemes. Other
than the pairs with structural affixes, we excluded the pairs that do not contain the most
frequent suffixes. There is no annotation that we know of which indicates the
morpheme’s choice of the stem. This is important for the future prospect of wide-
coverage semantic parsing in morphologically rich languages because one cannot
expect to find a derivational affix with every possible stem in training sets. For
instance, -cl is present in “sekerci” (confectioner), “manifaturac1” (draper), “kurucu”
(founder), “kamyoncu” (trucker) and similarly familiar words achieving varying
semantic contributions depending on stem’s semantic properties, but it is unreasonable
to expect to see all the word forms with -cl in training, therefore it is important to
understand -cI’s selection. In literature, we usually find the whole word’s
dependencies at best, which gives us not much information about the dependency
between stem and the derivational affix. In this thesis, we explore how much we can
find these relations from the current word-level annotations during the semantic
analysis part of the thesis. We included only the most frequent suffixes with the hopes
of encountering them more in word-level annotations. Different semantic resources
with different techniques are used during the process.

1.2. Related Work

There are several different studies in terms of the data forms used to create embeddings
in addition to using continuous forms of words such as using characters (Chen et al.
2015), morphemes (Cotteral and Schitze, 2019; Luong et al., 2013) or syllables (Choi
et al., 2017, Sahin and Steedman, 2018), all of which have their own strengths and
weaknesses. For instance, character embeddings are better than word and morpheme
level embeddings when problems like OOV and infrequent words are considered, but
they cannot give information on the words or morphemes in the distributional vector
space, which is a drawback that morpheme and word embeddings do not hold.

There are several studies focusing on morphological relations in word embeddings.
Gladkova, Drozd and Matsuoka (2016) worked on derivational and inflectional
relations in English separately in addition to lexical relations using analogy pairs. Their
conclusion on derivational morphology is that it is way harder to detect than
inflectional morphology. Gilingdér and Yildiz (2017) investigated derivational and
inflectional morphology of Turkish again with using analogy pairs. They also
concluded that derivational relations are not as successfully detected as inflectional
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ones using MRR as the evaluation technique. Musil et al. (2016) focused only on
derivational morphology of the Czech language, performed unsupervised clustering
on the word embeddings obtained by getting the difference of vectors in pairs using
both Neural Machine Translation (NMT) and skip-gram models, and evaluated the
clusters with multiple evaluation metrics. They concluded that it is possible to capture
semantic classes of derivational relations between words by clustering obtained word
vectors.

Senel et al. (2018) investigated the interpretability of the word embeddings and the
underlying semantic structure encoded in different dimensions of a word embedding.
They introduced SEMCAT, which contains 110 semantic categories, as their semantic
resource and performed their semantic analysis using this dataset. They obtained
different results in terms of semantic analysis when different methods of creating
interpretable word embeddings were used.

1.3. Outline

We divide this thesis into eight main chapters. In the introduction, we state our
motivation and present related work. Then we talk about Turkish morphology with the
focus on derivational morphemes and semantics in terms of thematic roles, the UCCA
framework, and the UD treebank in chapter 2. In chapter 3 we explain word
embeddings. In chapter 4, we talk about the different types of unsupervised clustering
methods we used. We continue by explaining our dataset in chapter 5, where we
explain that we identified the most frequent derivational affixes from distributional
data and use them in the rest of the thesis. In chapter 6 we present the clustering results
of the data that we explained in chapter 5, using various clustering techniques. In
chapter 7 we explain our semantic analysis methods and results on clustering data with
different semantic annotation datasets. Here we did not confine ourselves to Turkish
annotation only and looked at the English propositional bank along with the Turkish
one, with the assumption that translation of Turkish words with our suffixes will be
semantically related in other languages as well, so that their clustering may also be
worth exploring. We also looked into UCCA framework annotations, and to try even
further, we have looked at dependency parsers that parse words with our affixes, trying
to find out any grouping among these words and their dependencies. Chapter 8 presents
results and evaluations. In chapter 9, we talk about the limitations of our approach. We
conclude with conclusions and future work.






CHAPTER 2

MORPHOLOGY AND SEMANTICS

2.1. Morphology

2.1.1 Introduction

Morphology in linguistics is the study of forms of words. Words are formed by
combining one or more morphemes, which are the smallest meaning bearing units of
a natural language. There are three main processes of word-formation in linguistics
which are derivation, inflection and word-formation. Inflections create different forms
of the same lexeme by performing operations like adding case markers, changing the
tense of the word, or making the word plural. Derivation, on the other hand, creates
new lexemes from the existing ones. Therefore, the morphological structure of a word
can contain a single root, multiple prefixes, suffixes, or infixes.

Languages can be classified according to their word-building processes. Languages
that fall into analytic and isolating classes do not have a rich morphology and their
words may consist of a single morpheme. Mandarin Chinese is an example of a
language that falls into that class. Fusional languages can have more than a single
morpheme, with a morpheme having the ability to contain multiple grammatical
information within it. An example is Spanish to that category. Polysynthetic languages
can have multiple stems in a word in addition to multiple morphemes.

In agglutinating languages, words can be combinations of morphemes like fusional
ones with a single stem, but unlike fusional languages, their morphemes have a one to
one corresponding relationship with grammatical features.

In our study, we focus on Turkish which is an agglutinating language with word
structures formed by productive affixations of inflectional and derivational
morphemes. (Oflazer et al., 1994).



2.1.2 Turkish Inflectional and Derivational Morphology

Turkish word-formation process relies heavily on suffixation with derivational and
inflectional morphemes. According to Oflazer (2003), in addition to the stem, there
are on average two to three morphemes per word. There can be 23 continuous
inflectional morphemes per stem, for number, possession, and case (Cakici et al.,
2018). The number of derivational morphemes per word is 1.7 on average (Oflazer,
2003) and the total number of derivational morphemes is approximately 110 (Oflazer
etal., 1994).

Theoretically, it is possible to produce words having indefinite lengths by affixation
in Turkish. Below is an example from Oflazer et al. (1994), showing the productive
word-formation nature of Turkish.

OSMANLILASTIRAMAYABILECEKLERIMIZDENMISSINIZ
Which is broken down into its morphemes in the same source as follows:
OSMAN-LI-LAS-TIR-AMA-YABIL-ECEK-LER-IMiZ-DEN-MIS-SiNiZ

-‘s above indicate morpheme boundaries. The translation of the phrase to English is
“(behaving) as if you were of those whom we might consider not converting into an
Ottoman.” (Oflazer et al., 1994). This extreme example might indicate that it is
possible to produce novel word forms in Turkish by performing affixation.

Bozgahin (2018) has made a tentative offer of around 24 concepts to encode the
semantics of 104 derivations. In his study, concepts are formed and coded base on the
POS tags of base and lemma, following the function of the suffix or a representation
of an allomorph. For instance, VVI_ANEG is the code for the inflections having a verb
as root, making the verb a negative where I means inflection and VV means verb;
NJD_CA is a noun (N) as input to the morpheme, making it an adjective (J) by adding
“-ca” suffixal derivation (D).

Words in Turkish can also have ambiguous morphological analyses. For instance, the
Turkish word “masali” can be morphologically interpreted in three ways; two of them
having the root “masal” (tale) and getting accusative or possessive inflectional affixes,
one of them having the root “masa” (table), and getting derivational affix “-11” which
adds the word the meaning of “with” (Yiiret and Tiire, 2006). Therefore classifying a
suffix as derivational in Turkish is heavily depends on the context of the word.

2.2 Thematic Roles

Below are the two example sentences one of which is grammatical, and the other is
not.

(2.1) The girl is reading a book.



(2.2) She sleeps a sheep.

Our intuition of such inferences comes from the syntactic and the semantic restrictions
of the verb of a sentence. In the case of our examples, in (2.1) our verb “read” takes
two NP’s as its arguments, one being the subject and the other direct object. In (2.2),
the syntactic properties of the verb “sleep” confirms our intuition of the sentence not
being grammatical since it takes a single NP as its subject therefore giving a second
NP as its argument makes the sentence ungrammatical. Now consider the following:

(2.3) The girl writes a book.
(2.4) The book writes a girl.

Both are grammatical, with different semantic implications. Here, the semantic
properties of the verb cause this difference. In our example, write requires an agent
that can perform the writing action, and the object being written needs to be writable.

All the verbs in a natural language have a semantic relationship with their arguments.
In linguistics, thematic roles explain that relationship. They were first introduced by
Gruber (1965), and other researchers contributed to the theory of the thematic roles
(Fillmore, 1967; Jackendoff, 1987; Dowty, 1991). Below we briefly illustrated
common thematic roles.

(2.5) Agent: The performer of the action

Theme: The entity that changes its location by the action
Instrument: The entity that the action is performed with
Goal: The target of the entity that is moving towards to
Source: The entity that the target started to move from

Location: Location of the action that is taken place

In our thesis, we will use the thematic roles for analyzing the semantic content of
derivational suffixes after the clustering on derivational word vectors are performed.

2.3 Universal Conceptual Cognitive Annotation (UCCA) Framework

UCCA (Abend and Rappoport, 2013) is a multi-layered framework which is applicable
cross-linguistically and used for encoding semantic annotation. The framework is
designed in such a way that the annotators without a linguistic background can also be
trained easily. Golden annotations of UCCA are available online for English, French,
and German.
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After graduation \ Mary moved to New York City

Figure 2.1 An Example of UCCA annotation for the sentence “After graduation, Mary
moved to New York City.”

UCCA is represented with directed acyclic graphs (DAGS). Its nodes are called units,
which can consist of one or multiple tokens. Figure 2.1 illustrates an example of the
UCCA annotation. In the internal representation of a unit, it has unbound edges and its
semantic categories. The main type of units are Scenes, which forms the foundational
layer of the framework. A Scene express either a Process (P) or a State (S) along with
the participants (A) in the Scene (Abend et al., 2020). In most cases, a participant is an
entity or a location. The modifiers of the scenes are called Adverbials (D).

There are other sets of categories that do not evoke a scene. The time at which the
Scene has occurred is represented as Time (T). Elaborators (E) describes the entity
called the Center (C). Phrases like and, that connect multiple C’s are called Connectors
(N). Relations (R), relates multiple scenes without making new ones. Phrases that are
not participants or that do not indicate relations are called Functions (F) in the UCCA
framework.

Phrases like while, however that connect the Scenes are called Linkers (L). The Scenes
that are connected by a Linker are called a Parallel Scene (H). A linker is not necessary
for linking the Parallel Scenes.

Some other labels of the UCCA framework that took place in this thesis are Ground
(G), which relates the speech with the spoken Scene, Quantity (Q), and predicate (P).
We used the UCCA framework for analyzing the underlying semantic structure of the
derivational suffixes in distributional vector space after clustering them.



2.4 Universal Dependency (UD) Treebank

Universal Dependency is a framework that is available across many languages which
is accessible online. It consists Stanford dependencies (De Marneffe et al., 2014),
Google universal POS tags (Petrov et al., 2012), and the morphosyntactic tag set
presented by Zeman (2008). The main goal of the framework is to provide a
consistent cross-linguistic annotation guideline.

FE

tane yesil elma

(¢ tane yesil elma (three green apples)
Figure 2.2: Example Graphical Representation of UD tagging

Figure 2.2 illustrates an example graphical dependency representation of the Turkish
sentence ti¢ tane yesil elma (three green apples). In our thesis, we used the UD
Turkish Boun Treebank (Turk et al., 2020) as our semantic data source. It consists of
9757 annotated sentences from various topics and is accessible online. It uses the
CoNNL-U format, which includes the id, the form, the lemma, the universal part-of-
speech tag, the language-specific POS tag, the list of morphological features, the id
of the head of the word, the universal dependency relation of the word, enhanced
dependency graph,and any other annotation respectively. The fields are separated by
tabs in the files using this format.

# text = (g tane yesil elma

1 ii¢ tic NUM ANum NumType=Card 2 nummod _ _

2 tane tane NOUN Noun Case=Nom|Number=Sing|Person=3 4 clf _ _
3 yesil yesil ADJ Adj _ 4 amod _ _

4 elma elma VERB Verb Case=Nom|Number=Sing|Person=3 0 root _ SpacesAfter=\n
Figure 2.3: CoNNL-U format of the sentence (g tane yesil elma

Figure 2.3 shows the annotation of the sentence (¢ tane yesil elma (three green
apples).



In our thesis, we used the universal dependency relations of the derived word and the
stem of our derivational pairs. Below are some universal dependency relations that
took place in our analysis of our clusters.

(2.7) acl: clausal modifier of noun
advcl: adverbial clause modifier
advmod: adverbial modifier
amod: adjectival modifiers
appos: appositional modifier
case: case marking

ccomp: clausal complement

clf: classifier

compound: compound

conj: conjuction

csubj: clausal subject
dislocated: dislocated elements
flat: flat multi-word expression
obj: object

obl: oblique nominal

nmod: nominal modifiers

nsubj: nominal subject

root: root
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CHAPTER 3

WORD EMBEDDINGS

There is a large amount of text data generated every day and making the computers
analyze them is a keen interest for businesses as well as academic researchers.
Communicating with computers via natural language also took interest of people from
different backgrounds like Al researchers, engineers and, philosophers since the
1950s. Using machine learning methods for achieving such goals is very popular and
common today more than ever thanks to stronger and cheaper hardware in addition to
easy to maintain ML libraries available.

For any purpose under the mentioned topics, the first step is to represent the collected
text data in a form of which machine learning models can process, which requires them
to be transformed into vectors of quantities. There are numerous methods for creating
vector representations of words. Below we will explain two of them before we explain
word embeddings, which is the method we used in this thesis.

3.1 One-Hot Encoding

This method creates a vocabulary-size vector for each word in the corpus, then it
encodes a single unique index as 1 for each word, the remaining indices are encoded
as zero. If we consider the sentence, “Building a thinking machine with machine
learning is fun” as our corpus, we might end up with the vector representations
illustrated in (3.1).

(3.1) building 10000000
a 01000000
thinking 00100000
machine 00010000

with 00001000
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machine 00010000

learning 00000100
is 00000010
fun 00000001

In real world applications and academic researchers, the input data is not as small as
our illustrated example and using this method creates vectors having most indices as
zeros, therefore this method is insufficient for the representation of large datasets.

3.2 Integer Encoding

This method encodes each word in a corpus as a unique integer. If we consider the
sentence (3.2) as our example, with integer coding a possible representation of the
sentence might be a vector like [1, 2, 3, 4, 5, 4, 6, 7, 8]. Integer encoding does not
suffer from the vector sparsity problem as one-hot encoding does, but it is not able to
capture the relation between the words in the corpus.

3.3 Word Embeddings

Word embeddings is a way of representing words as dense vectors while using their
distributions in data, which allows the vectors to investigate the semantic relation
between the words by taking account of Firth’s (1957) principle. The history of using
distributional hypotheses for generating word representations goes back to early
2000s. Bengio et al. introduced neural probabilistic language model in 2003 which
learns the distributional word representations by using feed forward neural network.
Toutanova et al. (2003), showed that using the words both on the left and right side of
the center word gives better results than using either the words that are on the left side
or right side of the center word. The number of words that are near the center word
that needs to be considered while creating word vectors is called the window size of
the language model.

In 2013, Mikolov et al. introduced word2vec models with two vector formation
methods, which are CBOW and Skip-gram models, using 5 as window size and 300
as vector dimension. Below we explain these concepts in more detail.

331 Continuous Bag of Words (CBOW) and Skip-gram

CBOW models try to predict the word’s vector by looking at its surrounding words,
while Skip-gram tries to predict the context by looking at the distributional
representation of the center word. Both architectures use neural networks for creating
word representations. Unlike the common usage of neural network models, word
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vectors are formed by the learned weights of the projection layer instead of the output
of the neural networks.

In the Skip-gram model, the network gives the probability of being the randomly
chosen word within the window size of the input word for each word in the vocabulary.
For instance, if the input word is “capital”, we would expect to have high probabilities
predicted for the words like “Ankara” and “London”, whereas less relevant words like
“wardrobe” and “sharpener” would likely to have lower probabilities.

The first thing to do for obtaining word vectors from a neural network is to create a
vocabulary from the training corpus. Since a neural network is also a machine learning
model and machine learning models require its inputs to be in numerical form, a
numerical representation of each word in the vocabulary is needed. For that purpose,
all the words in the vocabulary are represented as unique one-hot encoded vectors each
having the size of the vocabulary.

i Hidden Layer Qutput
Vocabulary Size Input
Em P Neurons Layer

Figure 3.1: Example Representation of One Layer Neural Network

The number of neurons that the projection layer has is a hyperparameter that needs to
be adjusted. The output vector is a probability distribution giving each word’s
probability of being nearby of the center word, which is not the main interest of word
vectors, but the weight matrix of the projection layer. The weight matrix of the
projection layer is initialized with random values other than zero and they are adjusted
in every iteration for minimizing the loss function. If two words appear in similar
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contexts, the weight matrices they have would be also similar, consequently, they
would have similar word embeddings. This similarity between word vectors can be
measured with different measurement techniques, one of them which we used in this
thesis is cosine similarity. Cosine similarity measures the cosine angle between the
vectors.

A-B

gy — 2
«os(0) = A

k

Figure 3.2: Representation of Cosine Similarity

Cosine similarity can measure the similarity of vectors in multidimensional space. It
is the cosine of the angle between the vectors that takes values between 0 and 1. Figure
3.2 illustrates the cosine similarity graphically in addition to its calculation formula.

3.3.2 FastText

FastText (Bojanowski et al., 2017) is used as the training algorithm of the word vectors
in this thesis. It is an open-source library developed by Facebook. FastText overcomes
the disadvantage of word2vec that is ignoring the structure of the word while assigning
their vectors. For example, word vectors for the words “study”, “studies” and “studied”
are assigned distinctively from each other when word2vec is used as the method. It is
quite possible that the model would capture there is some kind of relationship between
these words and assign them similar word vectors after training, but that is less
possible when words with rear affixes are concerned. FastText solves this problem
with an algorithm called Subword Information Skip-gram (SISG) which uses character
n-grams as its core structure. Character n-grams are sequences of n characters that are
extracted from a word (Majumder, 2002). SISG adds “<” character to the beginning
and ‘“>” character to the end of the word, and afterwards the word is broken up into its
n-grams. As an example, 3-grams for the word study would be “<st”, “stu”, “tud”,
“udy”, “dy>" using SISG. After forming the n-grams of a word, they will be used in
the training of the word vector. The sum of all the trained n-gram vectors is assigned
as the word vector of the full word. Using this method will result the words having
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similar orthographic structure to have similar word vectors by means of them having
one or multiple number of same n-grams that are used while training.

3.3.3 Normalization of Word Embeddings

Normalization enables the instances of data to have unit forms. According to Wilson
and Schakel (2015), applications that are using word embeddings for exploring the
relations between them, like similarity task, are showing better performance when
word vectors are normalized. In this thesis, we performed clustering tasks with various
algorithms using both normalized and original versions of word vectors and reported
the results of both approaches individually.
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CHAPTER 4

METHODS OF CLUSTERING

41  Clustering

Machine learning algorithms can be classified under two main categories, which are
supervised and unsupervised learning. In supervised learning training data is labeled
and the algorithms learn to map the input data to their respective output and predict
the output of any new coming input data. Email spam detection is one example of such
algorithms. In unsupervised learning algorithms, the training data is not labeled, and
the algorithms try to gain more information about the structure of the data instead of
predicting the output of a given input. Clustering algorithms fall into the category of
unsupervised learning algorithms. As the name suggests, these algorithms try to cluster
the data points based on how similar they are. There are different clustering methods
and similarity metrics, all of which have their own strengths and weaknesses due to
their internal structure, some are better than others when different shapes of clusters
are considered.

In this thesis, we focused on clustering algorithms of two main categories, centroid-
based (K-means, Gaussian Mixture Models) and hierarchical (agglomerative)
clustering due to their ability to capture similarity on different shapes of data.

411 K-means Clustering

K-means clustering clusters each data point in a dataset into a predetermined k number
of clusters iteratively, based on the similarity of their features.

According to Kodinariya et al. (2013), the k-means clustering algorithm partitions the
data into k clusters using the following steps:

(1) Place k points into vector space represented by the clustering objects as initial
centroids.

(2) Assign each data point to the cluster that has the closest centroid to the data point.

(3) When all data points are assigned to a cluster, recalculate the positions of the
centroids.
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(4) Repeat step 2 and 3 respectively until the centroids can no longer change.

There are different ways to perform step (1), picking the initial centroids. A good
method to use is to assign the centroids by hand if it is possible to know the centroids
even approximately. A common way is random centroid assignment, which does not
considered to be the best way since it is not very likely to choose proper centroids
randomly. If the random centroids are not well assigned, the number of iteration could
increase and this will decrease the performance of the algorithm. Poorly assigned
centroids might also cause the clusters to be not formed well. In addition to that, due
to the randomness of initial centroids, the formed clusters might vary in different runs.
The algorithm we used in this thesis for initializing our centroids is called k-means++.
This algorithm uses the following 4 steps for centroid initialization.

(1) Select the first centroid randomly among the data points.

(2) For each point of data, calculate its distance from the centroid that was chosen
before, and that is closest to the data point.

(3) Select the next centroid that is proportional with the distance calculated in second
the step.

(4) Repeat the previous steps until k centroids are selected.

K-means++ can be considered as a smarter way of centroid selection since it enables
to select the centroids that are the farthest from each other.

There are different measurement metrics that are used to calculate the distance between
data points and centroids for performing Step (2) of the k-means algorithm. The
metrics we used in this thesis are cosine and Euclidean distance metrics. We explained
the cosine similarity metric in Chapter 3 under Continuous Bag of Words (CBOW)
and Skip-gram subtitle. Euclidean distance is calculated as follows:

(4.1) \/Zin=1(Xi —yi)?

Here x and y are two vectors having n dimensions. K-means clustering algorithm tries
to minimize this sum of squared distances for each data point in a cluster from its
centroid. The algorithm then sums up all squared distances for each k clusters.

4.1.2 Agglomerative Clustering

Agglomerative clustering is a type of clustering algorithm that falls under the category
of hierarchical clustering. This algorithm starts by assigning each data point to a
separate cluster and merge them into larger clusters (Madhulatha, 2012). The merging
process happens due to the similarities or dissimilarities between data points, in each
iteration of merging most similar data points according to the selected similarity metric
are merged in together. This kind of clustering can be represented as a dendrogram.
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As in K-means, agglomerative clustering also needs a distance metric for the process
of merging separate clusters. We used Euclidean distance as our metric in this thesis
for calculating the distance between data points while merging them into clusters.

In addition to that, a method is needed for calculating the distance between the clusters,
which is called the linkage method. Ward’s method is used as the linkage type of
agglomerative clustering in the scope of this thesis. This method calculates the distance
between two clusters by looking at the increase in the sum of its squares when they are
merged.

dist(pi—pj)2
(42) Z [(c)]=1(c2)l
(4.2) shows how to find Ward’s distance between two clusters where p; and
p;represents the data points in the first and second clusters respectively and c;and
c, are the representations of their respective centroids. At the beginning of the
clustering process sum of squares starts as zero since all data points belong to their
respective clusters and it grows with iterations as the merging of clusters happens.
What Ward’s method tries to achieve is to keep the growth of this number in the
smallest amount (Madhulatha, 2012).

The process of performing agglomerative clustering can be summed up in the
following steps.

(1) Assign each data point to a separate cluster.
(2) Choose a distance metric and create a distance matrix.

(3) Choose a linkage method for merging the clusters that are having the smallest
distance in the matrix.

(4) Merge the clusters.
(5) Update the distance matrix with newly formed clusters.

(6) Repeat the process until you reach the determined number of clusters.

4.1.3 Gaussian Mixture Models (GMMs)

GMMs approach the problem of clustering in a probabilistic manner. In k-means, data
points were clustered by the distance of the nearest centroid to them. In GMMs, the
data is again clustered into initially determined k clusters, but rather than looking at
only the distance to centroids, parameters like variance and mean are also considered.
In other words, the models think of the data as the weighted sum of k Gaussian
distributions. (4.3) represents the approach as a formula.
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(4.3) p(x) = Yfoq ar g(x V uy, ox)

Here k is the number of clusters, function g represents the clusters in data having a,as
the assigned weight of the Gaussian, g}, as co-variance, and u;, as mean. We say that
each Gaussian distribution of k is a separate cluster in our data.

One advantage of GMMs over k-means is it is more flexible when the shape of the
clustering data is concerned. GMMs can capture the shape of ellipses while k-means
Is more successful when the clusters of data are circularly shaped. This is because k-
means does not consider mean and variance like GMMs do. Another advantage of
GMMs over k-means is that k-means can only tell whether a data point belongs to a
cluster or not, whereas GMMs are able to tell the probability of a data point is included
to a cluster. This probabilistic kind of clustering is called soft clustering, while
clustering like k-means is called hard clustering.
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CHAPTER 5

DATA

5.1 Derivational Relations

We used the open-source data presented by Ozbek (2012) for extracting derivational
relations containing 88705 distinct Turkish words. Derivational relations are extracted
from the dataset by performing morphological analysis using the open-source Java
library Zemberek (Akin and Akin, 2007), which is specifically developed for NLP
tasks for Turkish. Zemberek is able to tell whether a word is derived from another
word, with the base of the derived word. It assigns the same tag to derivations having
different orthographies but belongs to the same derivational class. For instance, -/ik, -
lik, -luk, -1k affixes are different forms of the same affix, and all of them are classified
as Ness in Zemberek. This information is not used during clustering, but we use it
while evaluating created clusters. Using a library while forming such datasets can
reduce the preparation time and the need for qualified human annotators.

In order to avoid a further process of disambiguation, we chose the words which have
one morphological analysis instead of disambiguating the words. This is done as such
instead of disambiguating the words in the dataset because the obtained words are from
a dictionary-like database therefore they do not appear in a context. The word
embedding model is also pre-trained on the Common Crawl and the Wikipedia datasets
therefore we do not have its context either. We also removed all affixes having fewer
than 20 instances for eliminating the suffixes with lower frequency. As we mentioned
in Chapter 1.1, we also removed the derivational relations that do not have semantic
content. That left us with 8503 unique derivational relations with 10 distinct suffix
categories out of 33870 derivational relations with 37 suffix categories, all of which
are relatively frequent, and bears semantic content within them Table 5.1 shows all
derivational suffixes extracted from the data before removing processes.
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Table 5.1: All Derivational Classes Extracted from Dataset

Suffix Category Suffixes Frequencies

Infl mak, mek 6733

Inf2 ma, me 6284

Ness lik, lik, luk, lik 4799

Agt 1, cu, ¢i, ci, ¢1, 1c1, ¢u, yic1, 2548
ici

With I, 1i, u, 1d 2454

Caus tir, t, dir, tir, dir, dur, dir, 1439
tar, tur

Pass 1l, i}, ul, il, nil, nil, nul, nil, 1409
1, in

Without s1z, Siz, suz, stz 1239

Acquire lan, len 993

Become las, les 986

Inf3 15, 1s, us, Us, y1s, yis, yus, 935
yus

PresPart yan, yen, an, en 767

NarrPart mis, mis, mus, miis 634

AorPart ar, er, 1r, ir, ur, Ur, r 430

Ly ca, ce 408

Aslf ca, ¢a, casina, ce, ¢e, cesine 379

JustLike s1, si, su, sii, 1msi, im§i, 261
umsu, iimsii, msi, msi, msu,
msii

Related sal, sel 218
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Dim cik, cik, cuk, cik 199

ByDoingSo arak, erek, yarak, yerek 177
FutPart acak, ecek, yacak, yecek 71
WithoutHavingDoneSo meksizin, maksizin 71
NotState mazlik, mezlik 70
PastPart dik, dik, duk, dik, tik, tik, 66
tuk, tik
ActOf maca, mece 58
Able abil, ebil, yabil, yebil 51
While ken 32
FeelLike asl, esi, yasi, yesi 31
SinceDoingSo al, el 30
Rel ki, kii 30
When 1nca, ince, unca, unce, 18

yinca, yince, yunca, yiince

AfterDoingSo 1p, ip, up, Up, y1p, yip, yup, 13
yup
EverSince agel, egel 8
Adamantly astya, esiye 7
Repeat adur, edur, yadur, yedur 6
Stay akal, ekal, yakal, yekal 5
Hastily 1ver, iver, uver, Uiver 5
AsLongAs dikca, dikc¢e, dukca, diikge, 3

tikca, tikce, tukea, tiikge

Almost ayaz, eyaz 3
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Table 5.2 Extracted Derivational Relations and Frequencies After Processing

Suffix Category Examples Frequencies

Ness girisimci — girisimcilik, 3034
hosnut- hosnutluk

With manzara — manzarali, okul - 1641
okullu

Agt tirkce — tirkgeci, bagis - 1459
bagisct

Without kurgu — kurgusuz, sorun - 894
sorunsuz

Become kurum — kurumlas, ebedi - 575
ebediles

Inf3 aktar — aktarig, sigdir - 560
s1gdiris

Related islev — islevsel, neden - 125
nedensel

Dim tanitim — tanitimcik, iplik - 100
iplikcik

Acquire tav- tavlan, yetki — yetkilen 93

Ly enli — enlice, boylu - 22
boyluca

Categories that are eliminated due to their structural nature are Infl, Caus, Pass,
PresPart, Inf2, ByDoingSo, Able, and JustLike. Categories that have low frequencies,
less than 20, are directly eliminated. Other frequency differences between Table 5.1
and Table 5.2 are because of the excluded words that are having ambiguous nature, for
instance from Table 5.1 we can see that there are 4799 word pairs having Ness as their
suffix category in total and this number drops to 3034 in Table 5.2, this tells us that
there are 1765 pairs that contain ambiguous word or words, therefore they are excluded
from the data we used for clustering.
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5.2 Pre-trained Word Embeddings

We used the pre-trained FastText model presented by Grave et al. (2018). The models
of the study are publicly available for 157 languages including Turkish. It uses
Common Crawl and Wikipedia datasets as training data using the CBOW method with
300 dimensions, character n-grams having the length of 5 and 5 as the window size.
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CHAPTER 6

CLUSTERING DERIVATIONAL PAIRS

6.1 Introduction

We used three main unsupervised clustering algorithms with their own respective
parameters and 10 clusters for each of the suffix category. Clustering and vector
normalization processes are performed using Python as the programming language and
Scikit-Learn (Pedregosa et al., 2011) as the machine learning library. Scikit-Learn is a
free and easy to use library developed for Python developers which is available online.

We evaluated the distribution of each category in each cluster and detected whether a
suffix category can dominate a cluster or not. We concluded that if an affix is capable
to dominate a cluster, and distributed in fewer clusters, it has more a predictable
meaning, therefore its semantic content affects its vectors, and it has the capability of
having reliable word vectors. Below we presented our results for each clustering
algorithm in matrices. In the matrices, the columns represent the suffix categories, and
each row represents a cluster.

6.2 Clustering with K-Means

We used two distance metrics while clustering with k-means algorithm, which are
cosine and Euclidean distance metrics. We initialized centroids using k-means++
algorithm. We illustrated the distributions for each metric while original and
normalized word vectors are used in the tables below. The results are confirming one
of our hypotheses which is affixes that are having higher frequencies to have clusters
that are separated more clearly than affixes having low frequencies. From the results
of both matrices, we see that Ness, With, Inf3, Agt, and Without, which are having
higher frequencies than Acquire, Ly and Dim are dominating one or more clusters.
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Table 6.1 Clustering Results of K-means clustering with Euclidean Distance and
Normalized Word Vectors

Ness With Agt  Without Inf3  Become Related Dim  Acquire Ly

Clusterl 0.99 0.003 0 0 0 0 0.003 0 0 0.003
Cluster2 0.98 0.001 0.001 0.004 0.001 O 0 0.004 0 0
Cluster3 095 0.01 0.01 O 0 002 O 0 0 0.01
Cluster4 0.004 0.59 007 031 O 0 002 O 0 0
Cluster5 0.08 0.56 0.1 019 001 O 002 003 001 O
Cluster6 0.18 0.40 0.2 008 003 0 004 002 002 0
Cluster7 0.14 035 033 014 001 O 001 002 0 0
Cluster8 0.11 035 0.09 03 0 0 009 003 002 0
Cluster9 0.01 0.18 079 001 O 0 0 001 O 0
Clusterl0 0.04 0.04 016 001 073 O 001 001 O 0

Table 6.2 Clustering Results of for K-means clustering with Euclidean Distance

Ness With  Agt Without Inf3 Become Related Dim Acquire Ly
Clusterl 0.93 0.01 0.01 0.00 0.02 0.01 0.01 0.01 0.00 0.00
Cluster2 0.01 0.57 0.07 0.31 0.00 0.00 0.02 0.00 0.01 0.00
Cluster3 0.09 0.37 0.15 0.30 0.01 0.00 0.04 0.02 0.02 0.00
Cluster4 0.13 0.34 0.24 0.20 0.02 0.00 0.01 0.03 0.02 0.00
Cluster5 0.33 0.33 0.00 0.33 0.00 0.00 0.00 0.00 0.00 0.00
Cluster6 0.09 0.34 0.44 0.08 0.00 0.00 0.03 0.02 0.00 0.00
Cluster7 0.00 0.33 0.33 0.33 0.00 0.00 0.00 0.00 0.00 0.00
Cluster8 0.00 0.00 0.25 0.00 0.25 0.00 0.00 0.50 0.00 0.00
Cluster9 0.18 0.18 0.20 0.12 0.18 0.00 0.04 0.08 0.00 0.00
Cluster10 0.11 0.09 0.19 0.04 0.51 0.01 0.02 0.01 0.02 0.00
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Table 6.3 Clustering Results of K-means clustering with Cosine Distance
Ness With Agt  Without Inf3  Become Related Dim  Acquire Ly

Cluster1 0.98 0.01 0.00 000 000 000 000 000 0.00 0.00

Cluster2 096 0.01 001 000 001 001 000 000 000 001

Cluster3 039 020 016 0.06 002 0.00 0.08 005 003 0.00

Cluster4 0.15 0.43 0.19 0.09 0.06 000 0.03 004 0.00 0.01

Cluster5 0.01 0.60 0.07 0.31 0.00 000 0.02 000 0.00 0.00

Cluster6 0.08 0.57 008 019 001 000 003 003 001 0.00

Cluster7 0.12 036 035 012 000 000 001 002 0.00 0.00

Cluster8 0.06 0.39 007 033 000 000 008 003 004 0.00

Cluster9 0.05 0.21 0.69 0.03 0.00 0.00 0.01 0.00 0.00 0.00

Cluster10 0.03 0.07 0.16 0.02 0.70  0.00 0.01 0.01 0.01 0.00

Table 6.4 Clustering Results of K-means clustering with Cosine Distance and
Normalized Word Vectors
Ness With Agt  Without Acquire Inf3  Become Related Dim Ly

Cluster1 0.97 0.01 0.01 0.00 0.00 0.00 0.00 0.00 0.01 0.00

Cluster2 0.96 0.01 0.00 0.01 0.00 0.01 0.00 0.00 0.01 0.00

Cluster3 093 0.01 0.02 000 000 0.00 0.02 0.00 0.00 0.01

Cluster4 0.01 056 0.06 0.34 0.01 0.00 0.00 0.02 0.00 0.00

Cluster5 0.05 0.50 0.23 0.18 0.00 0.00 0.00 001 0.03 0.00

Cluster6 0.16 0.44 0.20 0.08 0.01 0.04 0.00 0.04 0.02 0.00

Cluster7 0.16 0.38 0.29 0.12 0.00 0.01 0.00 0.01 0.02 0.00

Cluster8 0.16 0.33 0.11 0.20 0.03 001 0.00 0.10 0.05 0.00

Cluster9 0.02 0.19 0.74 0.03 0.00 0.00 0.00 0.01 0.00 0.00

Clusterl0 0.06 0.05 0.15 0.01 0.01 0.69 0.00 002 0.01 0.00
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6.3 Clustering with Agglomerative Clustering

We used Euclidean as distance metric and ward as linkage method while performing
clustering using Agglomerative clustering. Table 6.5 and Table 6.6 illustrates the
clustering results for 10 clusters using original and normalized word vectors
respectively.

Table 6.5 Clustering Results of Agglomerative Clustering
Ness With Agt  Without Inf3  Become Related Dim  Acquire Ly

Clusterl 0.93 0.03 0.00 0.02 001 000 000 0.00 0.00 0.00

Cluster2 0.90 0.03 0.03 0.01 0.01 0.01 0.00 0.01 0.00 0.00

Cluster3 0.15 0.35 0.33 0.11 001 000 000 002 0.0 0.00

Cluster4 0.06 049 0.09 030 000 000 002 001 002 0.00

Cluster5 0.17 0.17 0.16 0.07 038 000 001 002 0.01 0.00

Cluster6 0.20 0.17 0.17 0.13 0.23 0.00 0.00 010 0.00 0.00

Cluster7 0.14 0.29 0.25 0.22 0.05 0.00 0.00 0.02 0.00 0.00

Cluster8 0.10 0.10 0.30 0.20 0.00 0.00 0.00 020 0.00 0.00

Cluster9 0.00 0.00 033 0.00 033 000 000 033 000 0.00

Cluster10 0.20 0.20 0.20 020 020 000 000 000 0.0 0.00
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Table 6.6 Clustering Results of Agglomerative Clustering with Normalized Word
Vectors

NessWith  Agt  Without Inf3  Become Related Dim  Acquire Ly

Clusterl 0.990.00 0.01 000 000 000 000 0.00 000 0.00

Cluster2 0.920.02 0.02 000 001 001 000 0.00 000 0.00

Cluster3 0.920.03 0.00 0.02 001 000 001 001 0.0 0.00

Cluster4 0.04058 010 024 000 000 002 001 001 0.00

Cluster5 0.050.47 0.08 0.33 0.00 000 004 001 o0.01 0.00

Cluster6 0.120.42 0.11 0.05 0.27 0.00 0.01 0.02 0.00 0.00

Cluster7 0.180.34 0.28 0.11 0.03 0.00 0.03 003 0.01 0.00

Cluster8 0.120.36 0.34 0.12 0.02 0.00 0.02 0.01 0.00 0.00

Cluster9 0.050.20 0.58 0.11 001 000 003 002 0.0 0.00

Clusterl0 0.150.27 041 0.13 0.01 0.00 0.01 003 0.00 0.00
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6.4 Clustering with GMMs

Clustering is performed using GMM algorithm with normalized and non-normalized
word vectors, results of the clustering are reported for both in Table 6.7 and Table 6.8.

Table 6.7 Clustering Results Using GMMs
Ness With Agt Without Become Inf3  Related Dim  Acquire Ly

Cluster1 0.71 0.12 0.09 0.04 0.00 001 0.01 0.01 0.00 0.00

Cluster2 0.09 054 015 014 000 000 006 001 000 0.00

Cluster3 0.06 0.58 0.04 0.29 0.00 0.00 0.01 0.00 0.02 0.00

Cluster4 0.02 0.49 0.08 0.37 0.00 0.00 0.01 0.00 0.02 0.00

Cluster5 0.11 0.34 0.14 0.29 0.00 0.03 0.03 006 0.00 0.00

Cluster6 0.14 0.25 0.31 0.22 0.00 0.01 003 002 0.02 0.00

Cluster7 0.18 0.19 023 014 000 016 004 0.07 000 0.00

Cluster8 0.00 0.00 025 0.00 000 025 000 050 0.00 0.00

Cluster9 0.11 0.03 0.16 0.01 0.01 0.65 0.01 0.01 0.02 0.00

Clusterl0 0.09 0.16 0.63 0.07 0.00 0.00 0.00 002 o0.01 0.00
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Table 6.8 Clustering Results Using GMMSs with normalized word vectors

Ness With Agt Without Inf3 Become Related Dim  Acquire Ly
Cluster1 0.99 0.00 0.00 0.00 0.00 0.00 000 0.00 0.00 0.00
Cluster2 0.36 0.19 0.13 0.09 0.02 001 009 007 0.03 001
Cluster3 0.01 0.94 0.04 0.00 0.00 0.00 000 0.00 0.00 0.00
Cluster4 0.00 0.59 0.05 0.34 0.00 0.00 001 0.00 0.00 0.00
Cluster5 0.02 0.56 0.04 0.33 0.00 0.00 003 0.00 0.01 0.00
Cluster6 0.14 046 0.22 0.10 0.02 000 003 002 0.01 0.00
Cluster7 0.01 045 0.31 0.23 0.01 000 000 0.00 0.00 0.00
Cluster8 0.13 0.39 0.29 0.16 0.01 000 001 002 0.00 0.00
Cluster9 0.02 0.07 0.89 0.02 0.00 0.00 0.00 0.00 0.00 0.00
Clusterl0 0.05 0.04 0.16 0.01 0.73 0.00 0.01 0.01 0.00 0.00
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CHAPTER 7

SEMANTIC ANALYSIS OF CLUSTERING RESULTS

7.1 Overview

In Chapter 6 we clustered the data presented in Chapter 5 using different clustering
algorithms with different configurations. In many cases, the suffix categories do not
dominate a single cluster but are distributed among several. Our opinion is that
derivation is not just a syntactical process, but semantics is also effective. In Turkish,
the derivational affixes other than the structural ones we listed in Chapter 5, do not
combine with every word regardless of them sharing the same lexical category. We
think that this could be the result of the different semantic properties of the stem that
the suffix is combining with holds. Our research question is if this is the case, whether
the word vectors that are created using the FastText method can capture this difference.
We already saw that some affix categories are distributed among several clusters.
Below we investigate the semantic reason for that distribution. We used two different
methods with different semantic resources while we perform our analysis. In section
7.2 we present our method and analysis results using the semantic resources Turkish
and English propositional bank. In section 7.3, we present our analysis using the
semantic resource as the UCCA framework. Following that we perform our analysis
using the UD Turkish BOUN treebank in section 7.4.

7.2 Method of Semantic Investigation with Propositional Bank as Semantic
Resource

We used a two-stage method for analyzing the semantic content of clusters. First, we
extracted the possible thematic roles of the stem part of a derivational affix for
exploring the semantic properties of the stem and if we can see a grouping explaining
the selectivity of the suffixes. We used both the English Propositional Bank (Palmer
et al.,2005) and the Turkish Propositional Bank (Sahin and Adali, 2018), as our main
sources for this first stage, assuming that at the level of thematic roles predicates do
not show as much variation as surface predicates of a language.
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Propositional bank is a project that contains the predicate-argument structure and
semantic role labels of a verb. These role labels are taken as proxies for thematic roles,

as also done by research on abstract meaning representation (AMR) (O’Gorman et al.,
2018, Dorr, 1998).

To do the inverted exploration, we need the stems of Turkish verbs for which we can
match thematic roles of counterparts in English proposition bank. Because of the fact
that the propbank contains only the words that are syntactically classified as verbs, we
included only the pairs which have verbs as their root word.

We performed basic syntactic analysis using the library Zemberek, analyzed only the
roots of the pairs and excluded the ones which are not verbs. Some words can be both
verbs or nouns in Turkish. For example, in the pair “boyali-boya” (painted-paint) the
word “boya” (paint) can be used both as the action of painting and the material paint
as it is in English depending on the context it is used in. When we specifically look
into this derivational pair, we see that the derived word “boyali” (painted) is actually
derived from the noun form of the word. For eliminating such pairs, we manually
reviewed the pruned dataset. We used free python module googletrans for translating
the verbs into English, which uses Google Translate Library API for performing
translation. After removing the pairs that do not have their stem in the propbank, we
were left with 75 derivational pairs for semantic analysis, 58 of them derived by getting
a suffix from the suffix category Inf3.

In Figure 7.1, we illustrated the thematic roles of stems extracted from the English
propbank with the remaining pairs. The rows of the table represent the derivational
pairs and the columns are the representations of the thematic roles. The analysis is
performed on the clusters that are clustered using agglomerative clustering with word
vectors that are not normalized We chose this clustering method because most of the
pairs are derived by getting a suffix that belongs to the Inf3 category, and as Table
(6.5) illustrates, this suffix category is distributed in multiple clusters when this method
of clustering is used. There is no visible thematic role relationship in between a suffix
category and the stem of the derivational pair that will cause them to distribute into
different clusters as Figure (7.1) shows.
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agent theme fesul aNOUtE topic FECiiENt expeniencer SUMUUS predcals paient extent locaion [OdUC matenal iniial location Oestnation instument Soute benficialy assel Case CO-agent codheme POl Copalient wraECiory
1
enchantpiyileyici-biyiie)
adopi{benimseyig-benimse) x X X X
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Figure 7.1 Thematic roles of the stems extracted from the English propbank
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For the second and the last stage of the analysis we wanted to find the selectivity of
the suffixes, that is, their preference of stems based on thematic roles. From the first
stage as we explained in the previous paragraph, we find the thematic roles of a stem
can have. In this stage, we find which roles a derived word can reference to within the
possible thematic roles of its stem. For example,

(7.1) benimseyis-benimse
Adamin davranisi benimseyisi (the man's adoption of the behavior)

As illustrated in (7.1), possible usage of the derived word in a pair is “adamin davranisi
benimseyisi” (the man's adoption of the behavior). Here the word “benimseyis” is
selecting the word “davranis”. In Figure (7.1) we see that the stem of the pair

“benimse” can have either “agent”, “theme”, “result” or “attribute” as its argument’s
thematic role.

When we look at “davranis” in our example, we see that it can either be a theme or a
result, but it cannot be agent or attribute. Therefore, the suffix “1s” (inf3) is selecting
the thematic roles of result and theme. The approach is like the one we adopt when we
find the vectors of the suffixes in distributional space. As we stated in the previous
sections, we extracted the derived word’s vector from stem’s for finding the vector of
the suffix. Similarly, in order to find the thematic roles that the suffix is selecting, we
find the thematic roles the derived word can reference to from the roles the stem can
have. With this method, we are constructing an inverted list for every suffix in a pair.
Figure (7.2) highlights the roles suffixes are selecting on top of the roles of stems
extracted from the English propbank for the clusters formed with the same algorithm
we used in Figure (7.1), that is agglomerative clustering with word vectors which are
not normalized.
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Figure 7.2 Highlighted thematic roles selected by suffixes from English propbank
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We perform the same process with the same data, except the translation of the pair’s
part, using the Turkish propositional bank as our semantic resource. We had 109
derivational pairs matched with the Turkish propositional bank. Figure 7.3 shows the
thematic roles of the stems. Similar to the Figure 7.1, there is no observable
relationship between the roles of the stems and the distribution of the suffix categories
in clusters. Figure 7.4 constructed using the inverted list method from the base of
Figure 7.3.
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Figure 7.3 Thematic roles of the stems extracted from the Turkish propbank
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Figure 7.4 Highlighted thematic roles selected by suffixes from Turkish propbank
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From Figure 7.2, some semantic patterns can be observed (see Table 5.1 for suffix
cluster specifications):

- The role experiencer selected by the suffixes Inf3 are gathered in the same cluster.

- The roles source, initial_location and destination are all selected by Inf3 suffixes, but
they are spread across different clusters, they do not seem to be affecting how clusters
are formed.

- The affixes that can have the thematic role agent are mostly belong to the Agt suffix
category, regardless of the cluster they are distributed in.

Figure 7.4 supports that the role destination is selected by the Inf3 suffixes and the
thematic role agent is mostly selected by the Agt suffixes. Other observations we listed
above are not visible in this figure.

There is no visible indicator that shows the selected thematic roles of the suffixes are
affecting the similarity between the obtained word vectors of suffixes other than the
first item we listed above. Therefore, based on the analysis we performed, it isn’t
possible to say similar word vectors of the suffixes having the same suffix category
also have similar thematic roles, nor selected thematic roles affect the word vector of
a suffix.

7.3 Method of Semantic Investigation with the UCCA framework as Semantic
Resource

We used Abend and Rappoport (2013) in English as our semantic resource which is
publicly available online. It contains 158690 total number of tokens annotated. The
UCCA framework annotates the tokens regardless of their grammatical category,
which removes the restriction we faced while using the propositional bank, which is
analyzing the pairs that are only derived from verbs. We used the golden annotated
dataset in English because currently, the golden annotated dataset for Turkish is not
available. We adopted the similar assumption that we did in Chapter 7.2, that the roles
do not vary much between languages. For translating the pairs into English, we used
Google Translate Library API as we did in Chapter 7.2. We used the clusters formed
using the k-means algorithm with Euclidean distance metric and normalized word
vectors.

We marked the labels of the stems that matched with the framework as the first stage
of our investigation with this resource for seeing the semantic properties of the stem
that might cause the affix to combine with it, as we explained in the previous chapters.
We end up with 2371 derivational pairs to work with. Figure 7.5 shows randomly
selected portions of data from each cluster. Just like the tables presented in Chapter
7.2, the rows of the tables represent the derivational pairs and the columns are the
representations of the UCCA labels. As the figure illustrates, the effect of the
semantics of the stem cannot be seen from this analysis.
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As the second stage of the investigation, we find the labels of the derived words and
mark the labels that are both a label of the derived word and the stem of a pair in order
to find the labels selected by the suffixes. When the pairs that include the tokens that
could not be found in the UCCA framework and the pairs that did not have intersecting
labels were extracted from the dataset, we end up with 120 pairs to analyze. We
illustrate the analysis of these 120 pairs in Figure 7.6. As can be seen in the figure,
after using the method with the UCCA framework, no semantic pattern emerged. With
the analysis coming from Chapter 7.2 along with the analysis demonstrated in this
chapter, it is possible to say that with the semantic resources in hand using our
presented methods, it is not possible to explain the distribution of the derivational
suffix embeddings.
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Figure 7.5 UCCA labels of the stems extracted from the English UCCA framework
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Figure 7.6 UCCA labels selected by suffixes extracted from the English UCCA
framework
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7.4 Method of Semantic Investigation with the UD Turkish BOUN treebank as
Semantic Resource

The UD Turkish BOUN treebank (Trk et al., 2020) is a resource that is available
online which consists of 9757 annotated Turkish sentences having different topics. It
is in CoNNL-U format, which contains many fields such as the POS tag,
morphosyntactic analysis, and universal dependency relation of a word. Similar to the
UCCA framework, this dataset does not have the restriction of the Propbank that we
discussed in Chapter 7.1, which prevented us from analyzing the words whose
grammatical category is not a verb. Our main focus in this thesis is the UD relations
of the derived words and the stems UD Turkish BOUN treebank consists of. Let us
look into the annotated sentences in the dataset closely that we briefly illustrated in
Chapter 2.3 before presenting the overall analysis in table format.

Below are two sentences containing the word gazeteci (journalist) taken from the UD
Turkish BOUN treebank.

(7.2)
# text = Gazeteci kadinlarin gazeteci erkeklerle evlenmesi daha da zordur,"diyorum.
1 Gazeteci gazeteci NOUN Noun  Case=Nom|Number=Sing|Person=32 compound
2 Eadlnlarm_ kadm  ADJN Adj Case=Gen|Number=Plur|Person=35
nmod:poss _ _
3 gazeteci gazeteci NOUN Noun  Case=Nom|Number=Sing|Person=34 nmod
4 grkeklerleerkek NOUN  NounCase=Ins|Number=Plur|Person=35 obl _
5 gvlenmesi evlen  VERB Verb
Case=Nom|Number=Sing|Number[psor]=Sing|Person=3|Person[psor]=3|Polarity=Pos8 nsubj
6 Eaha aaha ADV Adverb 8 advmod _
7 da da CCONJ Conj B 6 advmod:emph _ _
8-9 zordur B B B B B B SpaceAfter=No
8 zor zor ADJN Adj Case=Nom|Number=Sing|Person=312 obj
9 aurdur AUX Zero Mood=Imp|Number=Sing|Person=2|Polarity=Pos 8 cop
10 j j PUNCT Punc B 8 punct SpaceAfter=No
11 " " PUNCT Punc B 8 punct _
12 diyorum de VERB  Verb
Aspect=Prog|Number=Sing|Person=1|Polarity=Pos| Tense=Pres 0
root_SpaceAfter=No
13 . . PUNCT Punc _ 12 punct SpacesAfter=\r\n
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(7.3)

# text = 12 Agustos Persembe giinii sabah saat 10.45'te, roman ve Oykii yazari, gazeteci Abbas Sayar, tedavi edilmekte
oldugu Izmir 9 Eyliil Universitesi Tip Fakiiltesi Hastanesi'nde oldii.

1
2

3

18
19

20

21

22

23

24

25

26

27

28

29

30

12 12 NUM Anum
Agustos agustos PROPN Prop

NumType=Card 2

f’ersembe persembe NOUN  Noun

giiniigin NOUN  Noun
list _ _
sabah sabah NOUN  Noun

saat saat NOUN  Noun Case=Nom|Number=Sing|Person=3
10. 10 NUM Anum  NumType=Ord 2 list
SpaceAfter=No

45'e 45p ROPNPropCase=Loc[Number=Sing|Person=3 7
SpaceAfter=No

s s PUNCT Punc 29 punct

roman Roman NOUN Noun
ve ve CCONJ  Conj 12 cc
oyki oyki NOUN  Noun

§azar1 yazar NOUN  Noun
Case=Nom|Number=Sing|Number[psor]=Sing|Person=3|Person[psor]=3 16
SpaceAfter=No

s s

gazeteci gazeteci NOUN  Noun

PUNCT Punc 15 punct

Abbas  Abbas PROPN Prop Case=Nom|Number=Sing|Person=3
gayar say ADIJN  Adj

flat _ SpaceAfter=No

s s PUNCT Punc _ 29 punct

tedavi tedavi NOUN  Noun Case=Nom|Number=Sing|Person=3
edilmekte et VERB  Verb

Aspect=Prog|Number=Sing|Person=3|Polarity=Pos|Tense=Pres|Voice=Pass
compound:lve

Case=Nom|Number=Sing|Person=3

Case=Nom|Number=Sing|Person=3

Case=Nom|Number=Sing|Person=3

6ase=Nom\Number=Sing|Perso¥1=3

6ase=Nom\Number=Sing|Perso¥1=3

EaseZNom\NumbeI:Sing|Perso?1=3

nummod

29 obl

2 list

Case=Nom|Number=Sing|Number[psor]=Sing|Person=3|Person[psor]=3 2

2 list

7 obl B
list

13 nmod:poss
10 conj

appos

13 conj

29 nsubj

Aspect=Hab|Number=Sing|Person=3|Polarity=Pos|Tense=Aor 16

28 acl

19

nummod

oldugu ol VERB  Verb
Aspect=Perf|Number[psor]=Sing|Person[psor]|=3|Polarity=Pos|Tense=Past| VerbForm=Part 19
aux _ _

Izmir  Izmir =~ PROPN Prop Case=Nom|Number=Sing|Person=3
9 9 NUM  Anum  NumType=Card 24

Eylil eyliil NOUN  Noun Case=Nom|Number=Sing|Person=3
Universitesi iiniversitte NOUN  Noun
Case=Nom|Number=Sing|Number[psor]=Sing|Person=3|Person[psor]=3 28
Tlp tip VERB  Verb Case=Nom|Number=Sing|Person=3
Fakiiltesi fakiilte ~NOUN  Noun
Case=Nom|Number=Sing|Number[psor]=Sing|Person=3|Person[psor]=3 28
Hastanesi'nde hastane NOUN  Noun
Case=Loc|Number=Sing|Number[psor]=Sing|Person=3|Person[psor]=3 29
oldi 6l VERB  Verb
Aspect=Perf]Evident=Fh|Number=Sing|Person=3|Polarity=Pos| Tense=Past
root_SpaceAfter=No

. PUNCT Punc _ 29 punct
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(7.2) shows the annotation of the sentence “Gazeteci kadinlarin gazeteci erkeklerle
evlenmesi daha zordur,” diyorum” (1 say it is more difficult for journalist women to
marry journalist men) and (7.3) is the UD annotation of the sentence “12 Agustos
Persembe giinii sabah saat 10.45'te, roman ve 6ykii yazari, gazeteci Abbas Sayar,
tedavi edilmekte oldugu Izmir 9 Eyliil Universitesi Tip Fakiiltesi Hastanesi'nde éldii.”
(On Thursday, August 12, at 10.45 am, novel and short story writer and journalist
Abbas Sayar died in 1zmir 9 Eylul University Medical Faculty Hospital, where he was
being treated.) in CONNL-U format. From the annotations of the sentences, which we
explained its field in Chapter 2.3, we see that the word gazeteci (journalist) takes on
different UD relation labels, which are compound, nmod, and conj respectively.

We analyzed our clusters by looking into the UD relations of the pairs, we find the
relations of the stem and the derived word then we marked the intersecting relations
of a pair, along with the relation of a stem of a pair only. Below in Figure 7.7 we
illustrate the randomly selected portion of the results for the clusters formed using
agglomerative clustering for the relations of the stems only, and in Figure 7.8 we show
the results for the intersecting relations of the stems and the derived words, with the
rows of the table are the representations of the derivational pairs and the columns of
the table represent the UD relations.
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As the Figure 7.7 and Figure 7.8 shows, similar to the analyses performed before with
other semantic data resources, any apparent relation between the derivational suffixes
in the distributional vector space and the UD relations annotated in the BOUN Turkish
Treebank is not visible.
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CHAPTER 8

RESULTS

Ilustrated results of clusters in Chapter 6 show that regardless of which clustering
method or distance metric is used, whether the word vectors are normalized or not, the
suffix categories “Ness”, “Agt”, “With”, “Without”, and “Inf3” are able to dominate
one or more clusters with the presence of over 20%, whereas remaining suffix
categories that are included in clustering do not have that property.

As we briefly stated in Chapter 6, this is expected since the mentioned categories in
the previous paragraph have the highest frequencies in the dataset. This might indicate
two things, (i) that the categories with lower frequencies do not contribute to derived
words semantic content, (ii) that the currently used techniques of unsupervised
clustering are not likely to perform well when there is a big difference in frequencies
between the clustering data categories.

Another conclusion that does not manifest much between the methods of clustering is
the regularity of different suffix categories. We see that “With” is usually spread across
many clusters while others usually dominate a maximum of 3 clusters. This might
indicate that With has more diverse meaning coverage, depending on the meaning of
the attached root.

As we stated in Chapter 4, different clustering algorithms have their own strengths and
weaknesses in terms of the shapes of data that will be clustered. Having similar results
in each clustering algorithm with their different parameters is strong evidence of
Turkish frequent derivational affixes with semantic content does contribute to the
semantics of the derived word in distributional vector space. Slight differences are
expected due to the different nature of the clustering algorithms.

We believe that derivation is a process that is mostly semantic rather than syntactical
when the derivational affix that combines with the root carries a semantic content. We
investigate if this can be captured by the word embeddings created in distributional
vector space and if so, whether semantics is the reason why we see some derivational
affixes to distribute in multiple clusters while others dominate relatively less or one.
In Chapter 8, we perform our investigation using the presented methods in the chapter.
We exhausted all of the Turkish semantic resources to our knowledge, that are
annotated manually and available online. As the result of our investigations, we did
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not come across an apparent pattern that would indicate that the semantic differences
are causing the similarity difference between word vectors. This could be happened
because of two reasons, (i) currently present open-source semantic resources are not
suitable for detecting such relation, (ii) semantics is not the main reason that causes
the similarity difference in the word embeddings that are created using FastText
method. The actual reason can be determined by some further investigation, some of
which we present in Chapter 11.
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CHAPTER 9
LIMITATIONS OF THE APPROACH

This thesis is an exploratory work on the effect of semantics on the similarity of
derivational suffixes in distributional vector space. Although distributional semantics
is a kind of semantics that gives some sort of similarity between words, morphemes,
or syllables, it does not give us the actual semantics of the phrases we are looking at.
Since the word embeddings are very popular and proven to be useful in many studies,
we wanted to explore whether the vector similarity is coming from the similarities of
the semantics of the phrases, and since OOV is a serious problem in agglomerative
languages, we think that we might have a more robust solution to the problem of OOV
by classifying the derivational suffixes not just by looking at their orthographic
structure but also their semantic properties.

One of the limitations of the approach is that Turkish is a rich language with its words
capable of having ambiguous morphological structures. We try to overcome this
problem by excluding the words that have more than one morphological analysis in
order to extract the word vectors of the purely derivational suffixes while forming our
clustering dataset. Our approach shows that it is possible to obtain reliable word
embeddings even by categorizing the derivational suffixes by their orthographies
without considering their semantics.

Another limit that we were not able to overcome was the lack of semantic resources.
Although the propositional bank is a rich semantic resource since it only contains the
thematic roles of the verbs by its nature, it prevents us from using the whole of our
dataset while trying to find a semantic pattern from our clustered suffix vectors. On
the other hand, the UCCA framework did not have that drawback, but it did not have
a golden annotated dataset for Turkish. Although we do not think the semantic roles
of the words vary between languages, there is a possibility that sometimes things get
lost in translation. The BOUN Turkish UD treebank do not hold any of the mentioned
drawbacks, but it also did not reveal a semantic pattern that can explain the frequent
derivational suffixes we used in the distributional vector space. Since this is
exploratory work and the role of the semantics on clustering word embeddings of
derivational suffixes is not yet to be proven, we do not claim that a semantic pattern
will certainly be found if sufficient semantic resources are developed, but we do think
that it is worth look such pattern in the future with the development of resources, we
discuss this again on Chapter 11, Future Work.
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CHAPTER 10

CONCLUSION

Our thesis aims to find whether it is possible to obtain reliable word embeddings of
the frequent Turkish derivational suffixes and analyze them regarding their semantic
properties. Based on several clustering methods with different similarity metrics it can
be concluded that it is possible to generate reliable word vectors for many categories
of frequent derivational suffixes of Turkish. Our results indicates that with the
presented method and available semantic resources, it is not possible to show a direct
effect of semantic properties on the similarity of derivational word vectors.

For agglutinating languages like Turkish, OOV is a serious problem of machine
learning models even if the training corpus is very large, if the models are trained on
continuous word representations, due to the productive nature of the languages. As we
discussed in Chapter 1.2, models trained using characters instead of continuous
representations do not suffer from OOV that much, but they prevent us from having
information on words and morphemes themselves. With our applied method, we are
able to find the word embeddings of the most frequent derivational suffixes of Turkish
by simply subtracting the word vector of the derived word from its stem’s. We aimed
to show the researchers who suffers from the problem of OOV that a simple method
like this is able to produce word embeddings of reliable derivational affixes. In order
to find the derivational pairs we used for obtaining suffix vectors, we used an open-
source dataset of Turkish words that includes 88705 distinct Turkish words presented
by Ozbek (2012) with the open-source library Zemberek (Akin and Akin, 2007). Using
a library like Zemberek eliminates the need for trained annotators and reduces the time
that needs to be spent on annotation. For extracting the suffixes that are purely
derivational, we included the pairs to our dataset that only have a single morphological
analysis. We also removed the pairs that includes structural suffixes because they are
able to combine with any stem and they do not have significant semantic contribution
to the derived word. We also removed the suffix categories that have less than 20
instances. That left us with 10 distinct derivational categories.

We used multiple unsupervised clustering algorithms with different similarity metrics
in order to evaluate the quality of word embeddings. Previous research performed on
Turkish inflectional and derivational affixes (Glingér and Yildiz, 2017) concluded that
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inflectional affixes were more successful than derivational suffixes to detect in
distributional vector space. Our results for each evaluation method which reported in
confusion matrices shows that regardless of the clustering method and the parameters
that are used, the categories that have higher frequencies, which are Ness, With, Inf3,
Agt, and Without, are able to dominate one or more clusters whereas the categories
with lower frequencies, which are Acquire, Ly and Dim do not hold that property.
Looking at these results, it can be said that the categories with large frequencies affects
the semantics of the derived word vectors and are able to have reliable word vectors.

Our results also shows that many of the derivational suffix categories are distributed
between multiple clusters. We used three main semantic resources for investigating
the semantic reasons that underlies under this distribution. The first ones we used in
our thesis are the Propositional Banks both in Turkish (Sahin and Adali, 2018), and
English (Palmer et al.,2005), both are available online. We first look into the thematic
roles of the stems from each semantic resource and saw that there is no direct visible
connection between them and the distribution of the vectors of the suffix categories
between clusters. We than used a method that we call inverted list. We analyzed the
role selectivity of the frequent derivational suffixes with that method. The results of
that analysis were not successful of explaining the distribution of the suffix vectors in
clusters.

Second resource we used for the semantic analysis on clusters is the UCCA framework
(Abend and Rappoport, 2013). Similar to the Propositional banks, the labels extracted
from the UCCA framework did not show any indications that semantics can be used
to explain the distribution of the embeddings of the suffix categories among the
clusters. The third semantic resource we used is the BOUN Turkish UD treebank (Tlrk
et al., 2020), which also did not reveal an apparent semantic pattern. This can indicate
several things; (i) semantics, and by semantics we mean the roles, labels, relations that
suffixes can select in a sentence and the stems of the suffixes can have, cannot be used
to explain the similarity of word vectors of derivational suffixes extracted from the
FastText models by the subtraction method, (ii) the semantic resources that are
currently available are not enough to find such connection. Annotations has to go
beneath the word level to be more use for understanding affix choice. The resources
we used are annotated on full word forms in terms of their role in a sentence. For
making explorations on our research topic, we believe root sense stem annotation is
required. For instance, with the examples we made in Chapter 1.1, we see that
“sekerci” (confectioner) is the person who sells “seker” (candy) whereas “kurucu”
(founder) do not hold such property. Having a resource with such information might
reveal more in terms of the selection of the stems of the suffix categories. Information
researchers might be helpful when such a resource wanted to be constructed.
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CHAPTER 11

FUTURE WORK

The available resources of the field of semantics are constantly developing with many
researchers working on the area. Re-performing the analysis with our proposed
methods with newly developed resources might reveal the connection between
semantics and the vector similarity of derivational affixes or confirm that there is no
visible connection between formal semantics and the vector similarity of the
derivational affixes.

In order to reduce the curse of the dimensionality in word embeddings, different
dimension reduction techniques might be performed. This might help with getting
better clustering results in the clustering stage. Also, we performed our clustering
experiments with the assumption of having a cluster for each category, therefore we
used 10 clusters in each technique. Optimizing the number of clusters might also reveal
some more information regarding the distribution of the suffix categories in
distributional vector space.

Another study might be performed by changing the machine learning model used for
extracting the word embeddings of the suffixes. We performed our clustering
experiments based on the suffix vectors extracted from a pre-trained model trained by
the FastText algorithm, which uses the principle of looking at the neighbors of the
words. Investigating the effect of semantics with the models trained using different
training algorithms might behave differently and performing analysis by changing the
model might help the researchers explore the area of derivational morphology under
machine learning perspective. Using morpheme-based embeddings instead of full
word forms might also reveal different perspectives and in our opinion worth
experimenting.

In our study we investigate the research question of whether the distribution of the
frequent derivational suffixes of Turkish can be explained by their semantics, therefore
we used the word embedding vectors while investigating. Looking into how different
dimensions of word embeddings encode semantics as in Senel et al. (2018) did could
be useful and in our opinion worth looking at as a future study.

59



60



REFERENCES

Abend, O., & Rappoport, A. (2013, August). Universal conceptual cognitive
annotation (ucca). InProceedings of the 51st Annual Meeting of the
Association for Computational Linguistics (Volume 1: Long Papers) (pp. 228-
238).

Akin, A. A., & Akin, M. D. (2007). Zemberek, an open source nlp framework for
turkic languages. Structure, 10, 1-5.

Bengio, Y., Ducharme, R., Vincent, P., & Jauvin, C. (2003). A neural probabilistic
language model. Journal of machine learning research, 3(Feb), 1137-
1155.Dowty, Dowty, D. (1991). Thematic proto-roles and argument selection.
Language, 67(3), 547— 619.

Bojanowski, P., Grave, E., Joulin, A., & Mikolov, T. (2017). Enriching word vectors
with subword information. Transactions of the Association for Computational
Linguistics, 5, 135-146.

Booij, G. (2008). Inflection and derivation. In 1. Halbband (pp. 360-369). De Gruyter
Mouton.

Bozsahin, C. (2018). Some Binary Concepts in Turkish Morphology. Unpublished
manuscript.

Choi, S., Kim, T., Seol, J., & Lee, S. G. (2017). A syllable-based technique for word
embeddings of korean words. arXiv preprint arXiv:1708.01766.

Chen, X., Xu, L., Liu, Z., Sun, M., & Luan, H. (2015, June). Joint learning of character
and word embeddings. In Twenty-Fourth International Joint Conference on
Artificial Intelligence.

61



Cotterell, R., & Schutze, H. (2019). Morphological word embeddings. arXiv preprint
arXiv:1907.02423.

Cakici, R., Steedman, M., & Bozsahin, C. (2018). Wide-Coverage Parsing, Semantics,
and Morphology. In Turkish Natural Language Processing (pp. 153-174).
Springer, Cham.

De Marneffe, M. C., Dozat, T., Silveira, N., Haverinen, K., Ginter, F., Nivre, J., &
Manning, C. D. (2014, May). Universal Stanford dependencies: A cross-
linguistic typology. In LREC (Vol. 14, pp. 4585-4592).

Dorr, B., Habash, N., & Traum, D. (1998, October). A thematic hierarchy for efficient
generation from lexical-conceptual structure. In Conference of the Association
for Machine Translation in the Americas (pp. 333-343). Sprin

Fillmore, C. J. (1968). The case for case. In E. Bach & R. T. Harms (Eds.), Universals
in linguistic theory (pp. 1-88). New York: Holt, Rinehart and Winston.

Firth, J. R. (1957). A synopsis of linguistic theory, 1930-1955. Studies in linguistic
analysis.

Gladkova, A., Drozd, A., & Matsuoka, S. (2016). Analogy-based detection of
morphological and semantic relations with word embeddings: what works and
what doesn’t. Proceedings of the NAACL Student Research Workshop (pp. 8-
15).

Grave, E., Bojanowski, P., Gupta, P., Joulin, A., & Mikolov, T. (2018). Learning word
vectors for 157 languages. ArXiv preprint arXiv:1802.06

Gruber, J. (1965), Studies in Lexical Relations, PhD thesis, Indiana University
Linguistics Club.

Glingdr, O., & Yildiz, E. (2017, May). Linguistic features in Turkish word
representations. In 2017 25th Signal Processing and Communications Applications
Conference (SIU) (pp. 1-4). IEEE.

Jackendoff, R. S. (1990). Semantic structures. Cambridge, MA: MIT Press.

Kodinariya, T. M., & Makwana, P. R. (2013). Review on determining number of
Cluster in K-Means Clustering. International Journal, 1(6), 90-95.

Luong, M. T., Socher, R., & Manning, C. D. (2013, August). Better word
representations with  recursive neural networks for morphology.
In Proceedings of the Seventeenth Conference on Computational Natural
Language Learning (pp. 104-113).

62



Madhulatha, T. S. (2012). An overview on clustering methods. arXiv preprint
arXiv:1205.1117.

Majumder, P., Mitra, M., & Chaudhuri, B. B. (2002, November). N-gram: a language
independent approach to IR and NLP. In International conference on universal
knowledge and language.

McDonald, R., Nivre, J., Quirmbach-Brundage, Y., Goldberg, Y., Das, D., Ganchev,
K., .. & Lee, J. (2013, August). Universal dependency annotation for
multilingual parsing. In Proceedings of the 51st Annual Meeting of the
Association for Computational Linguistics (Volume 2: Short Papers) (pp. 92-
97).

Musil, T., Vidra, J., & Marecek, D. (2019). Derivational morphological relations in
word embeddings. arXiv preprint arXiv:1906.02510.

Oflazer, K. (2003). Dependency parsing with an extended finite-state
approach. Computational Linguistics, 29(4), 515-544.

Oflazer, K., Gogmen, E., & Bozsahin, C. (1994). An outline of Turkish
morphology. Report to NATO Science Division SfS 11l (TU-LANGUAGE),
Brussels.

O’Gorman, T., Pradhan, S., Palmer, M., Bonn, J., Conger, K., & Gung, J. (2018, May).
The new Propbank: Aligning Propbank with AMR through POS unification.
In Proceedings of the Eleventh International Conference on Language
Resources and Evaluation (LREC 2018).

Ozbek, A. (2012). Tiirkge esanlamli kelimeler sozliigii (Turkish thesaurus), Github
repository, https://github.com/maidis/mythes-tr.

PALMER, Martha; GILDEA, Daniel; KINGSBURY, Paul. The proposition bank: An
annotated corpus of semantic roles. Computational linguistics, 2005, 31.1: 7

Pedregosa, F., Varoquaux, G., Gramfort, A., Michel, V., Thirion, B., Grisel, O., ... &
Vanderplas, J. (2011). Scikit-learn: Machine learning in Python. the Journal of
machine Learning research, 12, 2825-2830.

Petrov, S., Das, D., & McDonald, R. (2011). A universal part-of-speech tagset. arXiv
preprint arXiv:1104.2086.

Shalizi, C. (2009). Distances between clustering, hierarchical clustering. Lectures
notes.

Sahin, G. G., & Adali, E. (2018). Annotation of semantic roles for the Turkish
proposition bank. Language Resources and Evaluation, 52(3), 673-706

63



Sahin, G. G., & Steedman, M. (2018). Character-Level Models versus Morphology in
Semantic Role Labeling. Proceedings of the 56th Annual Meeting of the
Association for Computational Linguistics (Volume 1: Long Papers) (pp. 386—
396).

Senel, L. K., Utlu, 1., Yiicesoy, V., Koc, A., & Cukur, T. (2018). Semantic structure
and interpretability of word embeddings. IEEE/ACM Transactions on Audio,
Speech, and Language Processing, 26(10), 1769-1779.

Toutanova, K., Klein, D., Manning, C. D., & Singer, Y. (2003, May). Feature-rich
part-of-speech tagging with a cyclic dependency network. In Proceedings of
the 2003 conference of the North American chapter of the association for
computational linguistics on human language technology-volume 1 (pp. 173-
180). Association for Computational Linguistics.

Tiirk, U., Atmaca, F., Ozates, S. B., Berk, G., Bedir, S. T., Koksal, A., ... & Ozgiir, A.
(2020). Resources for Turkish Dependency Parsing: Introducing the BOUN
Treebank and the BOAT Annotation Tool. arXiv preprint arXiv:2002.10416.

Wilson, Benjamin J., and Adriaan MJ Schakel. "Controlled experiments for word
embeddings."” arXiv preprint arXiv:1

Yiret, D., & Ture, F. (2006). Learning morphological disambiguation rules for
Turkish. Proceedings of the main conference on Human Language Technology
Conference of the North American Chapter of the Association of
Computational Linguistics (pp. 328-334). Blakemore, S. J., & Robbins, T. W.
(2012). Decision making in the adolescent brain. Nature Neuroscience, 15,
1184-1191.

Zeman, D. (2008, May). Reusable Tagset Conversion Using Tagset Drivers.
In LREC (Vol. 2008, pp. 28-30).

Zeman, D., Popel, M., Straka, M., Hajic, J., Nivre, J., Ginter, F., Luotolahti, J.,
Pyysalo, S., Petrov, S., Potthast, M., Tyers, F., Badmaeva, E., Gokirmak, M.,
Nedoluzhko, A., Cinkova, S., Hajic jr., J., Hlavacova, J., Kettnerova, V.,
Uresova, Z., ... Li, J. (2017). CoNLL 2017 Shared Task: Multilingual Parsing
from Raw Text to Universal Dependencies. Proceedings of the CoNLL 2017
Shared Task: Multilingual Parsing from Raw Text to Universal Dependencies.
Published. https://doi.org/10.18653/v1/k

64



