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Abstract

In this thesis, we mainly investigate the influence of using unsupervised
morphological segmentation as features on the dependency parsing of mor-
phologically rich languages such as Finnish, Estonian, Hungarian, Turkish,
Uyghur, and Kazakh. Studying the morphology of these languages is of great
importance for the dependency parsing of morphologically rich languages
since dependency relations in a sentence of these languages mostly rely on
morphemes rather than word order. In order to investigate our research
questions, we have conducted a large number of parsing experiments both
on MaltParser and UDPipe. We have generated the supervised morphology
and the predicted POS tags from UDPipe, and obtained the unsupervised
morphological segmentation from Morfessor, and have converted the un-
supervised morphological segmentation into features and added them to
the UD treebanks of each language. We have also investigated the different
ways of converting the unsupervised segmentation into features and studied
the result of each method. We have reported the Labeled Attachment Score
(LAS) for all of our experimental results.

The main finding of this study is that dependency parsing of some
languages can be improved simply by providing unsupervised morphology
during parsing if there is no manually annotated or supervised morphology
available for such languages. After adding unsupervised morphological
information with predicted POS tags, we get improvement of 4.9%, 6.0%,
8.7%, 3.3%, 3.7%, and 12.0% on the test set of Turkish, Uyghur, Kazakh,
Finnish, Estonian, and Hungarian respectively on MaltParser, and the
parsing accuracies have been improved by 2.7%, 4.1%, 8.2%, 2.4%, 1.6%,
and 2.6% on the test set of Turkish, Uyghur, Kazakh, Finnish, Estonian,
and Hungarian respectively on UDPipe when comparing the results from
the models which do not use any morphological information during parsing.
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1 Introduction

Dependency parsing is a task of automatically analysing the syntactic relations
between words in an input sentence. Dependency parsing has been recently
getting more attractions from researchers and developers in the field of Natural
Language Processing. There are three main reasons for this trend: first of all,
dependency-based syntactic representations are useful in many application of
language technology, such as machine translation and information retrieval;
secondly, it is believed that dependency grammar is more suitable for languages
which have free or flexible word order than phrase structure grammar, and this
is very useful for studying languages with different typologies within a common
framework; most importantly, combining with machine learning, dependency
parsing has led to the development of more accurate syntactic parsers for many
languages (Kübler et al., 2009).
Even though dependency structures are assumed to be a better fit for the

representation of syntactic structures of morphologically rich languages (MRLs)
in which most of the grammatical information such as word arrangements or
syntactic relations are mainly expressed at word level, dependency parsing of
MRLs is demonstrated as challenging by the CoNLL shared tasks on multilingual
dependency parsing in 2006 and 2007 (Buchholz and Marsi, 2006; Nivre et al.,
2007). Therefore, many studies have been done on dependency parsing of MRLs
and it is believed that morphological information of these languages is essential
for dependency parsing of MRLs, since dependency relations in a sentence of
such languages mostly rely on morphemes rather than word order.

1.1 Objectives

The main goal of this study is to investigate the influence of using unsupervised
morphological segmentation as features on dependency parsing of morphologically
rich languages such as Finnish, Estonian, Hungarian, Turkish, Uyghur, and
Kazakh. Studying the morphology of these languages is crucial to dependency
parsing of morphologically rich languages, however, not all of the dependency
treebanks have manually annotated morphological features included, and having
an annotated morphological features for a treebank is expensive. Therefore, we
assume that having an unsupervised morphology for a treebank can also help
increase the accuracy of dependency parsing. We believe that it will be very
useful for the dependency parsing task of many languages which are not very well
studied for the moment. We will try to answer the following research questions
in this paper:

• How can unsupervised morphology influence dependency parsing results of
morphologically rich languages?
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• What is the best way of converting unsupervised morphological segmenta-
tion into features in a dependency treebank?

• Which parser works better for the parsing task in this study? What is the
difference between MaltParser and UDPipe?

We conduct several experiments both on MaltParser and UDPipe with both
gold and predicted POS tags in order to study the impact of using unsupervised
morphological segmentation as features during the dependency parsing of MRLs.

1.2 Outline of the Thesis

The rest of the thesis is organised as follows:
Chapter 2 provides an overall background study and related work. We give

a brief study on the linguistic background, especially the morphological charac-
teristics of Uralic and Turkic languages. We introduce the universal dependencies
and the basic concept of dependency parsing and data-driven approaches to
dependency parsing, especially transition-based parsing and dependency parsing
with neural networks. We also give an overview of recent syntactic parsing task
of morphologically rich languages. In the end, we give a brief introduction to the
evaluation metrics used in dependency parsing.

Chapter 3 describes our data and tools used in this thesis. We give an
overview of how we choose the data and how we modify them in accordance
with our research purpose. Besides, we give detailed introductions to three main
tools we use in this study, which are Morfessor, MaltParser, and UDPipe.

Chapter 4 presents our methodology and explain our experimental setup in
detail for MaltParser and UDPipe separately. We introduce our way of choosing
the best baseline system, and our different parsing models.

Chapter 5 shows the experimental results of MaltParser and UDPipe, and
discusses the results in a systematic way.

Chapter 6 makes the conclusion for our studies and findings and gives
suggestions for possible future research.
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2 Background

This chapter provides an overall background study of this thesis. We first intro-
duce a brief study on the linguistic background, especially the morphological
characteristics of Uralic and Turkic languages. Then we will study the basic con-
cepts of dependency parsing and data-driven approaches to dependency parsing,
mainly the transition-based parsing and dependency parsing with neural net-
works. Besides, we will have an overview of the studies on syntactic parsing task
of morphologically rich languages. In the end, we will introduce the evaluation
metrics used in dependency parsing.

2.1 Morphological Characteristics of Uralic and Turkic Languages

From the perspective of morphological typology, languages can be divided into
analytic/isolating languages and the synthetic languages. In which, synthetic lan-
guages can be further categorised into agglutinative languages, fusional languages,
and polysynthetic languages. Analytic languages have sentences in which all
words consist of only one morpheme, but they sometimes allow some derivational
morphology such as compounds in Chinese; whereas, isolating languages usually
do not allow any types of affixation. Analytic/isolating languages usually have
fixed word order, and the syntactic relations in a sentence depend highly on
the word order. However, languages which have high inflections are synthetic
languages, and they have words which have two or more morphemes. The main
distinctions between agglutinative and fusional languages are it is easier to iden-
tify the morpheme boundaries of agglutinative languages than that of fusional
languages, and each morpheme in agglutinative languages has a unique function,
while one morpheme can express multiple grammatical functions in fusional
languages.

In this paper, we investigate the influence of using unsupervised morphological
segmentation as features on dependency parsing of some Uralic and Turkic lan-
guages which belong to the agglutinative languages category. Finnish, Hungarian,
Estonian, Turkish, Uyghur, and Kazakh are all strongly suffixed languages and
at least 80% of their affixes are suffixes (Dryer, 2013). Morphemes in these
languages can be divided into free morphemes and bound morphemes. Free
morphemes are independent of other morphemes and express complete lexical
meanings in themselves, and can be used as free grammatical units in a sentence.
However, bound morphemes cannot occur as separate words and are bound to
other morphemes to form words. Bound morphemes can be further classified as
derivational bound morphemes (or derivational affixes) and inflectional bound
morphemes (or inflectional affixes). Derivational affixes change the lexical mean-
ing when they are combined to the roots, while inflectional affixes change the
grammatical meaning of words by modifying a verb’s tense or a noun’s number
without affecting the meaning or class of the word (Niyaz and Qasim, 1999).
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Taking Finnish as the representative of Uralic languages, the syntactic and
semantic functions of Finnish nouns are mostly represented by suffixes, mainly
by the case endings. There are about 16 case forms in Finnish: nominative,
genitive, partitive, essive, translative, inessive, elative, illative, adessive, ablative,
allative, abessive, instructive, and comitative (Sulkala and Karjalainen, 1992).
However, the syntactic function of Finnish nouns can also be indicated by word
order, especially when the case forms of words in a sentence are similar to each
other, for instance, Tytöt näkivät pojat. — The girls saw the boys. (Sulkala and
Karjalainen, 1992).

As being the most well-studied Turkic language, Turkish also shows very rich
morphological characteristics. There are six case suffixes, which are accusative,
dative, locative, ablative, comitative, and genitive. Turkish words are also built
mostly by suffixation. One of the other important facts of suffixation in Turkic
languages is the vowel harmony and vowel loss (Kerslake and Goksel, 2014). This
also causes some difficulties in morphological analysis of Turkish.

As mentioned above, all the languages we have conducted experiments on are
morphologically rich, highly inflected and agglutinative languages. Therefore,
we believe that studying the impact of morphological features on dependency
parsing in detail is essential for investigating syntactic parsing of these languages.

2.2 Universal Dependencies

Universal Dependencies (UD)1 is a project which aims at building a cross-
linguistically consistent treebank annotation scheme for many natural languages
across the world. The main contribution of the UD is to find the similarities
among typologically different languages so that it can give a guideline for creating
a UD treebank for a new language, or converting a language-specific treebank into
UD version of treebank. This leads to the improvement of the multilingual parser
developing task, cross-language learning, and also the research on dependency
parsing. The Universal Dependencies annotation scheme is built on the bases
of the Stanford dependencies (Marneffe et al., 2013), Google universal POS
tags (Petrov et al., 2012), and the interset interlingua for morphosyntactic
tag sets (Zeman, 2008). In addition to creating a guideline and categories for
consistent annotation of similar structures across languages, UD also allows for
some language specific annotations if needed. There are 102 treebanks in over 60
languages in the latest version of UD framework.

2.3 Dependency Parsing

Dependency graphs are syntactic structures of sentences and defined as follows
according to Kübler et al. (2009). First of all, a sentence is a sequence of tokens
and is expected to be tokenised before performing the parsing task, since the
dependency parsers will always parse on the pre-tokenised input. An artificial
root token ROOT is inserted in the first position in a sentence. Each token usually
represents a word, but it differs according to languages since tokenisation can

1http://universaldependencies.org
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be very aggressive for some highly inflected languages that one word can be
separated into several tokens, so the parsing will be achieved on lemma or the
affix of a word. Secondly, dependency relation type is an arc label between any
two words in a sentence. On the basis of these two definitions, a dependency
graph is defined as the labeled directed graph which consists of nodes and arcs,
and it is a set of labeled dependency relations between the words of a sentence.
Finally, a dependency tree is a well-formed dependency graph which originates
from a node and spans over all node set (Kübler et al., 2009). A dependency tree
should satisfy the following properties:

• connectedness property : this indicates that there is a path connecting every
two words in a dependency tree no matter the direction of the arc which
shows the dependency relation.

• single-head property : this means each word in a dependency tree has only
one head.

• acyclicity property : this states that there are no cycles in a dependency
tree.

One of the most important characteristics of dependency tree is its projectivity.
That is to say, for each arc in the tree, there exists a directed path from the
head of the arc to all words between the head and the dependent. Therefore, a
dependency is a projective dependency tree if it is a dependency tree and all
arcs are projective, namely, for each arc in the tree, there is a directed path from
the headword to all words between the two endpoints of the arc (Kübler et al.,
2009). Figure 2.1 displays a projective dependency tree, in which every arc is
projective and there are no arc crossings.

Figure 2.1: Projective dependency tree (Kübler et al., 2009)

However, from the linguistic perspective of view, projectivity is a strict restric-
tion for many languages which have free word orders and which can express the
same meaning in different sequential order of words. Therefore, non-projective
structures often happen in languages which are highly inflected and have more
flexible word order, such as Turkish, Czech, and Dutch (Kübler et al., 2009).
Figure 2.2 shows the structure of a non-projective dependency tree for an English
sentence. The figure shows that the tree can only be drawn by crossing arcs
with each other, so this is a non-projective dependency tree because it does not
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satisfy the nested property of a projective dependency tree, which states that
their dependency relations are nested, and there are no crossing arcs in the tree.
The nested tree property is the main reason for many computational dependency
parsing systems to focus on producing projective trees since it benefits the system
computationally (Kübler et al., 2009).

Figure 2.2: Non-projective dependency tree (Kübler et al., 2009)

2.4 Data-driven Approaches to Dependency Parsing

Dependency parsing is a task which automatically analyses the syntactic relations
between words in an input sentence. Dependency parsing can be categorised
into two different approaches according to Kübler et al. (2009): data-driven
dependency parsing method and grammar-based dependency parsing method.
Grammar-based approaches are based on explicitly defined formal grammars,
that is to say, parsing is the analysis of an input sentence according to the
given grammar and a parameter set. However, data-driven methods use machine
learning to learn from linguistic data, and both parsing systems we use in this
study are based on data-driven methods. There are two main phases required
for data-driven methods: learning and parsing. In the learning phase, the parser
learns the parameters using a training set which consists of sentences and their
corresponding trees, and defines a parsing model which will be used in the
parsing phase. So the parsing phase uses the trained parsing model to produce
dependency trees of new, unseen sentences.

2.4.1 Transition-based Parsing

A transition system is an abstract machine with a set of configurations and
transitions between configurations (Kübler et al., 2009). A transition-based
dependency parser starts with an initial configuration and chooses one transition
among several transitions at each step with the help of a guide. The parser stops
parsing if it reaches a terminal configuration, and returns a dependency tree
associated with the terminal configuration. A configuration is a triple consisting
of a stack, an input buffer, and a set of dependency arcs. Initially, all words are
in the buffer, the stack only has the ROOT word, and the dependency graph is
empty. At the terminal stage, the buffer becomes empty, and the stack contains
the ROOT word (Kübler et al., 2009). A transition is an action which adds an arc
to the dependency tree or modifies the stack or the buffer. There are three types
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of transitions needed for arc-eager algorithm (Nivre, 2003) as follows (Kübler
et al., 2009):

• LEFT-ARC: under the condition of both the stack and the buffer are non-
empty, and the top word in the stack is not the ROOT word, LEFT-ARC
transitions add a dependency arc (Wj, r, Wi) to the arc set for any
dependency label r, in which Wi is the top of the stack and the Wj is the
first word in the buffer. In addition, they pop the stack.

• RIGHT-ARC: this transition adds a dependency arc (Wi, r, Wj ) to the arc
set for any dependency label r, in which Wi is the top of the stack and the
Wj is the first word in the buffer. Besides, this transition pops the stack and
also replaces Wj by Wi at the head of the buffer. This transition should
satisfy the precondition that both the stack and the buffer are non-empty.

• SHIFT: this action removes the first word in the buffer and pushes it to the
top of the stack. This has the precondition that the buffer is non-empty.

• REDUCE: this action removes the top from the stack.

Transition-based dependency parsing is to derive dependency trees for sentences
using a nondeterministic transition system, and to perform parsing through
searching for an optimal transition sequence for a given sentence using an oracle.
Oracle is one of the most important components of transition-based dependency
parsing, which is implemented to derive the optimal transition sequences from
gold parse trees (Goldberg and Nivre, 2012). The oracle for arc-eager transition
system is one of the most classic approaches and it has four different operations:
SHIFT, REDUCE, LEFT-ARC, and RIGHT-ARC. It links arcs between adjacent words,
and REDUCE the top of the stack if it already has a head. However, this oracle
does not allow for reordering of the words, and unable to produce non-projective
trees. In order to solve this problem, Nivre (2009) proposed a method of word
reordering which is based on arc-standard transition system (Nivre, 2003, 2004).
In this method, reordering is achieved by adding SWAP transition operation to
swap two items in the stack and the buffer. This allows the construction of
arbitrary non-projective trees after possible reordering while still only adding
arcs between adjacent words. What is more, Lhoneux et al. (2017) introduced
a method which extends the arc-hybrid transition system (Kuhlmann et al.,
2011) with SWAP operation to enable online word reordering and to construct
non-projective trees by using static oracle for SWAP transition and dynamic oracle
(Goldberg and Nivre, 2012) for other transition in the arc-hybrid transition
system. Experimental results showed that this static-dynamic oracle is more
beneficial to non-projective parsing.

2.4.2 Dependency Parsing with Neural Networks

The neural network has become the new trend in many fields of natural language
processing, including syntactic parsing. There are many advantages of using
neural networks over traditional approaches, for example, firstly, neural networks
are able to learn and model non-linear complex relationships between inputs and
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outputs, secondly, through learning from the initial inputs and their relationships,
neural networks are able to generalise and predict on unseen data; last but not
least, neural networks do not have restrictions on input variables, and due to its
ability to learn hidden relationships in the data without any fixed relationships
in the data, it is believed to perform better on data with high volatility and
non-constant variance. Many studies have been done on dependency parsing with
neural networks, and one of the most important studies was carried out by Chen
and Manning (2014), in which the authors trained a neural network classifier for
transition-based dependency parsing. This classifier learns compact dense vector
representations of words, part-of-speech tags, and dependency labels (Chen and
Manning, 2014). Experimental results showed that the transition-based parser
which uses neural networks for classification outperforms greedy parsers using
sparse indicator features in both accuracy and speed, and this achievement
contributes to the dense vector representations of words, part-of-speech tags, and
dependency labels. Weiss et al. (2015) also carried out studies on the structured
perceptron training for neural network transition-based dependency parsing. On
the basic structure of Chen and Manning (2014), Weiss et al. (2015) optimised
the parser with a deeper structure which activates all layers of the neural network
as the representation in a structured perceptron model that is trained with beam
search and early updates. The main structure of neural network model in their
study can be described as follows:

• Input layer: they extract a rich set of discrete features which are used
as inputs to their neural network by a given parse configuration which
consists of a stack and a buffer. Then these input features are grouped
by input sources such as words, POS tags, and arc labels similar to Chen
and Manning (2014). These features are represented as a sparse matrix X
which consists of the size of the vocabulary of the feature group V and the
number of features F. Then three input matrices are produced: X word
for words features, X tag for POS tag features, and X label for arc labels.

• Embedding layer: the sparse, discrete features X are converted into a
dense, continuous embedded representation by the first learned layer of the
model. Then they apply the computation separately for each group (word,
tag, label), and concatenate the results, and reshape them into a vector.

• Hidden layers: hidden layers composed of M rectified linear (Relu) units
(Nair and Hinton, 2010), in which each unit is fully connected to the
previous layer.

hi =max{0,Wihi−1 + bi } (2.1)

W1 is a M1 × E weight matrix for the first hidden layer andWi are Mi ×Mi−1
matrices for all subsequent layers. The weights bi are bias terms. They kept
Mi = 200 during their experiments, but they also found that increasing the
number of hidden units helps to improve the results for final comparison.
The main contribution of Weiss et al. (2015) is their investigation of a semi-

supervised structured perceptron for learning the final layer of the model which
results in substantial improvements in accuracy. They presented a new state
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of the art dependency parser which is a transition-based neural network parser
trained with structured perceptron and mini-batched averaged stochastic gradient
descent (ASGD), and it was further improved by combining with unlabeled data
and tri-training. The parser, UDPipe, that we use in this study is also inspired
by Chen and Manning (2014), and uses a simple neural network with just one
hidden layer and uses locally normalised scores. The parser uses FORM, UPOS,
FEATS, and DEPREL embeddings and precomputes the FORM embeddings with
word2vec using the training data. Other embeddings are initialised randomly
and all embeddings are updated during training (Straka and Straková, 2017).

2.5 Syntactic Parsing of Morphologically Rich Languages (MRLs)

The term Morphologically Rich Languages (MRLs) refers to languages in which
most of the grammatical information is expressed at the word level, and such
languages tend to have free word order to express the same meaning of a sentence.
Free word order allows discontinuous constituents which impose non-projectivity
in dependency structures (Tsarfaty et al., 2010). Most of the studies in NLP are
carried out for English since English is the predominant language for research in
both computational linguistics and general linguistics. However, English is not an
MRL, so morphological information is not the most important feature in analysing
the syntactic relations in English. Therefore, using the models which are successful
in English to some other typologically different languages, such as MRLs, often
decreases the parsing accuracy. Many studies have been carried out to improve
the parsing accuracy of MRLs. Dubey and Keller (2003) showed that adding
the case and morphological information combined with smoothed markovization
and an unknown-word model is more important than lexicalisation for German
parsing. Tsarfaty and Sima’an (2007) showed that for Modern Hebrew, PCFG
treebank with parent annotation and morphological information outperforms
the Head-Driven markovized models. However, there is also a trend that using
noisy morphological information is worse than not using any at all in some
cases. Marton et al. (2010) showed that using automatically predicted CASE
substantially dropped the dependency parsing accuracy of Arabic, even though
it improved the result greatly in the gold setting. They added nine morphological
features extracted from Morphological Analysis and Disambiguation for Arabic
(MADA) toolkit (Habash and Rambow, 2005), which are DET, PERSON, ASPECT,
VOICE, MOOD, GENDER, NUMBER, STATE, and CASE. Their experimental results
showed that some features which are not predicted with high accuracy tend
to cause a negative effect on dependency parsing of Arabic, especially the
feature CASE. Similarly, for Hebrew dependency parsing, using automatically
predicted morphological features led to a big decrease compared to not using
any morphological information (Goldberg and Elhadad, 2010).
Even though it is widely assumed that dependency structures suit better for

representing the syntactic structures of MRLs, Nivre et al. (2007) showed that
languages with free word order with rich morphology are the hardest to parse.
Tsarfaty et al. (2010) presented that incorporating morphological information
into parsing models may lead to three types of challenges, architectural, repre-
sentational, and estimation issues. They found that the use of morphological

13



information in the non-gold-tagged input can improve the parser performance.
However, the impact of morphological features also depends on how they are
embedded in the parser models, and how they are treated within. In addition,
sound statistical estimation methods are beneficial for parsing MRLs when using
general-purpose models and algorithms (Tsarfaty et al., 2010).

2.6 Evaluation Metrics

Evaluating the parser performance is one of the most important parts in parsing
task. The standard way of evaluating the performance of a parser is to parse a
test set of the treebank and compare its output to the gold standard annotation
of that test set which can be found in the treebank. According to Kübler et al.
(2009), there are various evaluation metrics available and the most commonly
used metrics are as follows:

• Exact match: the percentage of completely correctly parsed sentences.

• Attachment Score: the percentage of words which have the correct head.
Since dependency parsing is single-headed, this makes the parsing task
similar to a tagging task, where each word is to be tagged with its correct
head and the dependency label.

• Precision: the percentage of dependencies with a specific label in the parser
output which were correctly parsed.

• Recall: the percentage of dependencies with a specific label in the test set
which were correct.

• F-1 Score: the harmonic mean of precision and recall.

The most widely used evaluation metrics are the labeled attachment score (LAS)
which considers both heads and labels when calculating, and the unlabeled
attachment score (UAS) which only looks at heads during the evaluation. We
report only the LAS scores which we obtained from our parsing experiments in
this paper.
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3 Data and Tools

In order to verify our hypothesis, we have conducted different experiments on
Universal Dependencies Treebanks of six chosen languages using MaltParser
(Nivre et al., 2006) and UDPipe (Straka et al., 2016). We have also used Morfessor
(Creutz and Lagus, 2005b) to get unsupervised morphological annotations for
those six languages. We will describe our data and tools in depth in this chapter.

3.1 UD-Treebanks

We have conducted our experiments on the V2.1 version of UD treebanks
of Finnish, Estonian, Hungarian, Turkish, Kazakh, and Uyghur. Size of each
treebank can be found in Table 3.1. We use the original size of each data set of
UD treebanks for all languages except from Kazakh for our experiments in this
study. The original treebank of Kazakh has only the test and development sets,
so we re-split the sentences into training, development, and test sets to better fit
our experiments. In addition, we use the gold word and sentence segmentation
for all treebanks in this study. We present a brief description of each treebank
used in this study as follows:

Languages Training Set Development Set Test Set
Turkish 3685 975 975
Uyghur 900 200 200
Kazakh 872 97 109
Finnish 12217 1364 1555
Estonian 6959 855 861
Hungarian 910 441 449

Table 3.1: Size of Each Treebank Used in this Study (Number of Sentences).

• Turkish UD Treebank: UD Turkish Treebank is semi-automatically con-
verted from the IMST Treebank (Sulubacak, Pamay, et al., 2016), which
is itself re-annotated from the METU-Sabanci Turkish Treebank (Atalay
et al., 2003; Oflazer, 2003). Lemmas, part-of-speech tags, features, and
the dependency relations in the original MIST treebanks are manually
annotated by native Turkish speaker and automatically converted into the
UD scheme for the UD Turkish Treebank. Since Turkish is an agglutinative
language which has complex inflectional and derivational morphology, each
word in Turkish consists of several morphemes. Each morpheme represents
an inflectional group (IG) (Eryiğit and Oflazer, 2006), and dependency
relations lay on those inflectional groups. Therefore, using inflectional
groups as units of parsing, instead of words, can substantially increase the
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accuracy of dependency parsing of Turkish (Eryiğit and Oflazer, 2006).
Even though there is a substantial increase on the accuracy of dependency
parsing of Turkish when using the inflectional groups as units of parsing,
IGs do not match with the UD principles since UD requires words to be
the units of parsing instead of IGs. Therefore, IGs have been excluded
when converting the original Turkish IMST Treebank into IMST-UD, and
morphological information is added to the column FEATS as features in
the CONLL-U file (Sulubacak, Gokirmak, et al., 2016). Sentences in the
UD Turkish Treebank are collected from daily news and nonfiction novels.

• Uyghur UD Treebank: Uyghur Universal Dependency Treebank (UyUD)
was added to the UD version 1.4 in 2016 through converting the original
Uyghur Dependency Treebank (UyDT) (Aili et al., 2015; Mamitimin et al.,
2013) which consists of manually annotated Uyghur sentences (Aili et al.,
2016). There are no morphological annotations in v2.1 version of the UD
Uyghur treebank, and v2.2 version 1 has been released recently with more
manually annotated data and also with automatic morphological analysis
from Apertium (Forcada et al., 2011) which is a freely available machine
translation system created in the project OpenTrad in 2004. Since the v2.2
version was not available when we started our experiments, we just keep
using the v2.1 version of the treebank in this study. Sentences in UyUD
are mainly chosen from stories and reports in literary texts or reading
materials for primary and middle school students.

• Kazakh UD Treebank: UD Kazakh treebank is created in accordance with
the UD annotation scheme. Sentences in this treebank are taken from
various genres including encyclopedic articles, folk tales, legal texts, and
phrases (Makazhanov et al., 2015; Tyers and Washington, 2015). Lemmas,
part-of-speech tags, features, and dependency relations are annotated
manually by native speakers.

• Finnish UD Treebank: UD Finnish treebank we use is the UD conver-
sion of the Turku Dependency Treebank (TDT) (Haverinen et al., 2014),
and the conversion task was accomplished by (Pyysalo et al., 2015). The
TDT Finnish UD treebank includes sentences from different genres such
as Wikipedia articles, university online news, financial news, blogs, gram-
mar examples, and fictions etc. Lemmas, part-of-speech tags, features,
and dependency relations in the Turku Dependency Treebank (TDT) are
annotated manually by native Finnish speakers.

• Estonian UD Treebank: UD Estonian treebank is based on the original
Estonian Dependency Treebank (EDT) which was created at the Univer-
sity of Tartu (Muischnek et al., 2014) and converted into UD Estonian
Treebank by Muischnek et al. (2016). The original Estonian Dependency
Treebank is annotated semi-manually for the lemma, part-of-speech tags,
morphological features, syntactic functions and dependency relations, and
then automatically converted into the UD scheme and manually reviewed
and re-annotated according to the UD annotation guideline (Muischnek

1https://github.com/UniversalDependencies/UDUyдhur −UDT /tree/master
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et al., 2016). This treebank mainly contains texts from three different
genres, for example, fiction, newspapers, and scientific texts.

• Hungarian UD Treebank: UD Hungarian treebank is semi-automatically
converted from the Népszava newspaper section of the Szeged Dependency
Treebank (Vincze et al., 2010), and the lemmas, UPOS, features, and
the dependency relations are revised and re-annotated manually after the
automatic conversion. Sentences in this treebank are taken from news on
different topics, such as politics, economics, sport, and culture etc.

3.2 Morfessor

The main aim of the Morpho project2 is to develop unsupervised data-driven
techniques to study the regularities behind word forming in natural languages,
especially to discover morphemes which are very important in the natural
language processing task of morphologically rich languages such as Finnish and
Turkish.Morfessor consists of methods for unsupervised learning of morphological
segmentation which is first developed by Creutz and Lagus (2002, 2004, 2005a,b,
2007). Morfessor 2.0 (Virpioja et al., 2013) is the new Python implementation
and extension of the Morfessor Baseline (Creutz and Lagus, 2005b) method.
Morfessor models cover more than 130 languages including these six languages
we based our study on. These models are trained on the most frequent 50,000
words in each language using polyglot3 vocabulary dictionaries.

Morfessor uses its decoding algorithm to replace a word form with its mor-
phemes, and choose the most likely morphemes for the given word form. Morfessor
models consist of two parts: a lexicon and a grammar. Lexicon refers to the set
of morphemes found by the algorithm from the input data, and the grammar
decides how the morphemes can be merged to construct word forms (Virpioja
et al., 2013).
There are two main stages when using Morfessor, which are training and

decoding. In the training step, a set of morphemes are given and optionally a set
of annotated morphemes can also be added, and we get the parameters of the
trained model as the training output. Then we use those parameters to decode
new word forms in test data and evaluate the decoding results which is the
set of morphemes of test data (Virpioja et al., 2013). Even though Morfessor
can optionally input some annotated morphemes during training to produce
semi-supervised morphological segmentation, the Morfessor models we use in
this study are trained unsupervised using the most frequent 50,000 words in each
language using polyglot vocabulary dictionaries as we mentioned above.
In this study, we use pre-trained Morfessor models for each language to

obtain the morphological segmentation of each word in each treebank. Figure
3.1 displays the output format of morphological segmentation from Morfessor
models for Turkish. It outputs a list of morphemes for the corresponding word
in the treebank.

2http://www.cis.hut.fi/cis/projects/morpho/
3http://polyglot.readthedocs.io/en/latest/
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Figure 3.1: Format of Morphological Segmentations from Morfessor.

3.3 MaltParser

MaltParser4 (Nivre et al., 2006) is a transition-based data-driven dependency
parsing system, which can be used to train a parsing model using a treebank as
input and to parse new data using this trained model. MaltParser can be used
with two different learning libraries: liblinear and libsvm to induce classifiers
from training data. Liblinear is a library for Large Linear Classification (Fan
et al., 2008), and libsvm is for Support Vector Machines (Chang and Lin, 2011).
There are nine different parsing algorithms implemented in MaltParser 1.9.1
which we use in this study. It contains parsing algorithms mainly from three
different families: Nivre, Covington, and Stack, and also includes Planar and
2-Planar:

• Nivre’s algorithm (Nivre, 2003, 2004) is a linear-time algorithm which
can only produce projective dependency structures (Nivre et al., 2006).
There are two types of Nivre’s algorithm, arc-eager and arc-standard. This
algorithm uses two data structures: a Stack of partially processed tokens,
and a Buffer which consists of remaining input tokens. Initially, all words
are in the buffer, the stack only has the ROOT word, while at the terminal
stage, the buffer becomes empty, and the stack contains the ROOT word
(Kübler et al., 2009). In arc-eager algorithm, each transition adds an arc
between the top of the stack and the first word in the buffer, or modifies
the stack or the buffer; whereas in arc-standard algorithm, each transition
adds an arc between the first and the second topmost words in the stack,
or modifies the stack or the buffer.

• Covington’s algorithm (Covington, 2001) is a quadratic-time algorithm
which can construct both projective and non-projective dependency struc-
tures with projective mode (-a covproj ) and the non-projective mode (-a
covnonproj ) respectively. Covington’s algorithm uses four data structures:
a list Left of partially processed tokens; a list Right of remaining input

4http://www.maltparser.org
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tokens; A list LeftContext of unattached tokens to the left of Right[0];
and a list RightContext of unattached tokens to the right of Left[0].

• The Stack algorithms (Nivre, 2009; Nivre et al., 2009) use a stack and
a buffer similar to Nivre’s algorithm, but add arcs between the two top
nodes on the stack and produce a tree without post-processing. There are
three types of Stack algorithms: Projective Stack algorithm (-a stackproj ),
Eager Stack algorithm (-a stackeager), and the Lazy Stack algorithm
(-a stacklazy). The Projective Stack algorithm is very similar to the arc-
standard algorithm, and also limited to projective dependency trees. The
Stack Eager and the Stack Lazy algorithms use SWAP transition to construct
arbitrary non-projective dependency trees, and the Eager algorithm uses
SWAP transition as soon as possible, while the Lazy algorithm postpones it
as long as possible (Nivre, 2009; Nivre et al., 2009). The Stack algorithms
use three data structures: a Stack of partially processed tokens; a list
Input which is a prefix of the buffer and contains all nodes that have been
on the stack; and a list Lookahead which is a suffix of the buffer and
contains all nodes that have not been on the stack.

• The Planar algorithm (Gómez-Rodrıguez and Nivre, 2010) is a linear-
time algorithm and works in a similar way to Nivre’s arc-eager algorithm,
but with more fine-grained transitions. This algorithm also uses two data
structures: a Stack of partially processed tokens, and a Buffer with
remaining input tokens.

• The 2-Planar algorithm (Gómez-Rodrıguez and Nivre, 2010) is also a
linear-time algorithm and is able to parse 2-planar dependency structures.
This algorithm uses three data structures: an active stack ActiveStack
which contains partially processed tokens that may be linked on a given
plan; an inactive stack InactiveStack which contains partially processed
tokens that may be linked on the other plan; and a Buffer which consists
of remaining input tokens. Words in the Buffer are always pushed into
both stacks simultaneously, but the algorithm can only work with one stack
(the active stack) at a time until a SWITCH transition is operated to make
the previously inactive stack active and make the previously active stack
inactive.

3.4 UDPipe

UDPipe5 (Straka et al., 2016) is a simple trainable pipeline for performing
tokenisations, morphological analysis, part-of-speech tagging, lemmatisation,
and dependency parsing for treebanks of Universal Dependencies which are in
CONLL-U format (Straka et al., 2016). We use UDPipe to perform supervised
morphological analysis and part-of-speech tagging task of this study. UDPipe
uses MorphoDiTa (Straková et al., 2014), which is a supervised and rich feature
averaged perceptron (Collins, 2002), using dynamic programming at runtime.
For the dependency parsing task, UDPipe uses Parsito (Straka et al., 2015)

5http://ufal.mff.cuni.cz/udpipe
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which is a transition-based, non-projective dependency parser and can parse both
projective and non-projective sentences. Parsito uses a neural network classifier
for prediction and requires no feature engineering since it can automatically use
features (Straka et al., 2016). The parser Parsito has three different transition
systems: a projective arc-standard system, a fully non-projective swap system,
and the partially non-projective link2 system. Parsito uses FORM, UPOS, FEATS,
and DEPREL embeddings. Word2vec embedding which produces word embeddings
is used to precompute the FORM embeddings using the training data. Other
embeddings are initialised randomly, and all embeddings are updated during
training (Straka and Straková, 2017). However, MaltParser employs history-
based features models which use features of partially built dependency structure
together with features of the tagged input string. There is no mechanism for
automatic feature engineering in MaltParser, thus the feature models should be
specified during training.
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4 Experimental Setup

This chapter gives a detail description of our experimental setup, including how
to get the unsupervised morphological segmentation from Morfessor and how
to convert them into features in treebanks, and also introduces the design of
different parsing models.

4.1 Morphological Analysis with Morfessor

Getting unsupervised morphological analysis using Morfessor is one of the most
crucial steps of our study. First of all, we have downloaded pre-trained Morfessor
models using the Polyglot library in Python. Secondly, we use these models to get
morphological segmentation for each word in each treebank. Figure 4.1 displays
the format of morphological segmentation of Uyghur and Finnish by Morfessor.
Then, we convert the morphological segmentation of each word into features and
added them to the FEATS and LEMMA columns in the CONLL-U file. Since Finnish,
Hungarian, Estonian, Turkish, Uyghur, and Kazakh are all strongly suffixed
languages, and at least 80% of their affixes are suffixes (Dryer, 2013), we decided
on taking the first morpheme in the list as the root of the word, and do not
consider prefixes in this study. Therefore, we add suffixes to the FEATS column as
morphological features and add the root of the word in the LEMMA column as the
lemma of that word. In addition, we add those converted unsupervised features
to all words except punctuations and symbols. Figure 4.2 and Figure 4.3 show
the layout of the original UD Turkish treebank and the revised treebank with
unsupervised morphological segmentation. We use MaltEval (Nilsson and Nivre,
2008) to evaluate the parsing results of Turkish, Uyghur, Kazakh, Estonian, and
Hungarian, and use the evaluation script: conll17_ud_eval.py 1 to evaluate the
parsing results of Finnish. Besides, we use gold part-of-speech tags during the
optimisation process.

(a) Morphological segmentation of
Uyghur

(b) Morphological segmentation of
Finnish

Figure 4.1: Example of morphological segmentation of Uyghur and Finnish by Morfessor

1http://universaldependencies.org/conll17/evaluation.html
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Figure 4.2: Original Turkish treebank with gold morphological features

Figure 4.3: After adding unsupervised morphological segmentations as features

4.2 Parsing Models

We set up 15 different parsing models to conduct experiments for each chosen
language. First of all, we use the original treebanks with gold part-of-speech
tags to see results of parsing with and without morphological features both on
MaltParser and UDPipe. Secondly, we convert the morphological segmentation
from Morfessor into features and add them to the FEATS and LEMMA columns in
the CONLL-U file, then conduct several experiments on MaltParser. We have
three main experiments: we take the first morpheme as the root and add it to
the LEMMA column as lemma, and then add other morphemes into FEATS column
using two different methods, the first one is adding suffixes to the FEATS as
features in the order from the suffix which is the closest to the root to the one
which is the farthest from the root, namely, we label the suffix which is closest
to the root as suffix1, the second method is adding them from the opposite
direction; we also try to merge some over-split morphemes by Morfessor to get
longer lemma; and also conduct experiments to parse only with the morphological
segmentation of nouns or verbs. Thirdly, we use UDPipe to get predicted part-of-
speech tags for each treebank and also get the supervised morphological features
using UDPipe to make a comparison with the result of using unsupervised
morphological segmentation as features. Fourthly, we choose three models which
give better results when using unsupervised morphological features and make a
new treebank which combines the predicted part-of-speech tags from UDPipe
with the unsupervised morphological segmentation from Morfessor. Finally, we
use these revised treebanks to do experiments both on MaltParser and UDPipe.
We are going to explain each of our models below (Explanation for the models’
names can be found in Table 4.1):
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Abbreviation Full Name.
GF Gold Features
GL Gold Lemmas
GP Gold POS-tags
SF Supervised Features generated from UDPipe
SL Supervised Lemmas generated from UDPipe
PP Predicted POS-tags
UF Unsupervised Features
UL Unsupervised Lemmas
NF No Features
NL No Lemmas
C F Add suffixes from the closest to the farthest
F C Add suffixes from the farthest to the closest
M Merge
N Noun
V Verb

Table 4.1: Abbreviation for the Names of Parsing Models.

• NF+NL+GP: this model parses the treebanks with gold POS tags without
including any morphological features or lemmas. We have achieved this
by excluding the feature engineering file during training and parsing on
MaltParser, and we use this model for all languages on MaltParser. However,
we use it only for Uyghur on UDPipe, since Uyghur treebank does not
have gold morphological annotation and lemmas, and we have achieved it
by the default parser on UDPipe.

• GF+NL+GP: this model parses the treebanks with gold POS tags with gold
morphological features, but without lemmas. We have achieved this by
activating the FEATS column in the feature engineering file on MaltParser
for corresponding best-performed algorithms for each language. We use
this model on MaltParser only.

• GF+GL+GP: this model parses the treebanks with gold POS tags with gold
morphological features and gold lemmas. We have achieved this by ac-
tivating the FEATS and LEMMA column in the feature engineering files on
MaltParser for corresponding best-performed algorithms for each language.
We have achieved it by parsing with the original treebanks using the best-
performed transition parsing system on UDPipe for each language which
can be seen in Table 5.5.

• UF+NL+GP: in this model, we use the revised treebanks which includes the
unsupervised morphological segmentation from Morfessor in the FEATS
column of the treebanks, and we have achieved this by activating the FEATS
column in the feature engineering file on MaltParser for corresponding
best-performed algorithms for each language. We do not use this model on
UDPipe.
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• UF+GL+GP: in this model, we use the revised treebanks with gold POS
tags which include the unsupervised morphological segmentation from
Morfessor in the FEATS column of the treebanks with gold lemmas in the
LEMMA column, and we have achieved this by activating both the FEATS
and LEMMA columns in the feature engineering files on MaltParser for
corresponding best-performed algorithms for each language. We do not use
this model on UDPipe.

• UF+UL+GP (C F): in this model, we use the revised treebanks with gold POS
tags which includes the unsupervised morphological segmentations from
Morfessor in the FEATS column of the treebanks and also the unsupervised
lemmas from Morfessor in the LEMMA column. In this treebank, we add the
first morpheme of each word to the column LEMMA, and added other suffixes
to the FEATS as features in the order from the suffix which is the closest to
the root to the one which is the farthest from the root, namely, we labeled
the suffix which is closest to the root as suffix1. If a word is composed of
only one morpheme, we also add this root morpheme in the column FEATS
as features. We have conducted this experiment by activating both the
FEATS and LEMMA columns in the feature engineering files on MaltParser
for corresponding best- performed algorithms for each language. We do
not use this model on UDPipe.

• UF+UL+GP (F C): this model uses the inverted version of the treebanks
with gold POS tags which are used in the model UF+UL+GP (C F), so we
add the suffixes from the farthest suffix to the closest one. Same method is
used for this model as in the previous one. We also do not use this model
on UDPipe.

• UF+UL+GP (M): in this model, we use the treebanks with gold POS tags in
which we merge the first three morphemes into one and use this combined
morphemes as the lemma of the words which are split into more than four
morphemes by Morfessor, and add the remaining suffixes in the FEATS
column in the order from the farthest to the closest. We have also conducted
this experiment by activating both the FEATS and LEMMA columns in the
feature engineering files on MaltParser for corresponding best-performed
algorithms for each language, and we do not use this model on UDPipe.

• UF+UL+GP (N): in this model we use the revised treebanks which only
have unsupervised morphological features of nouns and pronouns, but
unsupervised lemmas for all words with gold POS tags. Same method is
used for this model as in the previous one. We also do not use this model
on UDPipe.

• UF+UL+GP (V): in this model, we use the revised treebanks which only have
unsupervised morphological features of verbs, but unsupervised lemmas
for all words with gold POS tags. Same method is used for this model as
in the previous one. We also do not use this model on UDPipe.

• SF+SL+PP: here we first use UDPipe to train a tagger to get the predicted
and supervised morphological features, lemmas, and also predicted POS
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tags, and get the tagging result all for training, development, and test sets
for all languages (we only get predicted POS tags for Uyghur). Secondly,
we use these treebanks with predicted morphological annotations and POS
tags to do experiments on MaltParser, and report the parsing results from
this model both on MaltParser and UDPipe.

• NF+NL+PP: here we use the treebanks with predicted POS tags which we ob-
tained from the model above and conduct experiments both on MaltParser
and UDPipe. We have achieved this by deactivating the feature engineering
files on MaltParser, and we set up a tagger with tagger "use_lemma=0;
provide_lemma=0; use_feats=0; use_lemma=0" to get the parsing result
using predicted POS tags excluding the morphological features and lemmas.

• UF+UL+PP(C F): here we write a code to create a new treebank which
combines the unsupervised morphological features in the order from the
closest suffix to the farthest one, with the predicted POS tags which we
get from UDPipe. We use this combined treebank to conduct experiments
both on MaltParser and UDPipe.

• UF+UL+PP(F C): here we write a code to create a new treebank which
combines the unsupervised morphological features in the order from the
farthest suffix to the closest one, with the predicted POS tags which we
get from UDPipe. We use this combined treebank to conduct experiments
both on MaltParser and UDPipe.

• UF+UL+PP (M): here we create a new treebank which combines the unsu-
pervised morphological features and lemmas with the predicted POS tags
which we get from UDPipe. Here we take the FEATS and LEMMA columns
from the treebank used in the model UF+UL+GP (Merge) to combine them
with the predicted POS. We use this combined treebank to conduct experi-
ments both on MaltParser and UDPipe.

Since the UD Uyghur treebank we use in this study does not contain gold
morphological annotations, we are unable to conduct experiments for models
SF+SL+PP, GF+NL+GP, GF+GL+GP, and UF+GL+GP on Uyghur treebank. Figure
4.4, Figure 4.5 , and Figure 4.6 show the difference among three main models:
UF+UL+PP(C F), UF+UL+PP (F C), and UF+UL+PP(M). We can observe the main
difference from line 6, 7, 9, 10, and 11.
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Figure 4.4: Layout of revised Finnish treebank with the model UF+UL+PP(C F)

Figure 4.5: Layout of revised Finnish treebank with the model UF+UL+PP(F C)

Figure 4.6: Layout of revised Finnish treebank with the model UF+UL+PP(M)
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5 Experimental Results

In this chapter, we present our experimental results of both MaltParser and
UDPipe, including the results for parser optimisation experiments, and also the
results of main experiments using different models described in the previous
chapter.

5.1 Baseline Models

We have conducted several experiments both on MaltParser and UDPipe to get
a best-optimised parser setting for each language.

5.1.1 Baseline Models for MaltParser

In order to get an optimised parser for each language, we have tried all different
parsing algorithms available in MaltParser. We also combined each parsing
algorithm with two different learning libraries: liblinear (Fan et al., 2008) and
libsvm (Chang and Lin, 2011) for Uyghur and Kazakh treebanks, and have
only used liblinear for Turkish, Finnish, Estonian, and Hungarian, since libsvm
takes much longer time to train bigger treebanks. As can be seen in Table
5.1 and Table 5.2, covnonproj with the combination of linear learning library
works best for Turkish, stacklazy with liblinear learning library works best for
Finnish, Estonian and Hungarian, then stacklazy with libsvm learning library
works best for Uyghur and Kazakh. It can be seen from Table 5.1 and Table
5.2 that non-projective parsing algorithms work best for all six languages than
projective parsing algorithms. After getting the best combination of parsing
algorithms and the learning library for each language, we have also tried to
optimise the system by trying different values for some other options on the
basis of the best systems from Table 5.1 and Table 5.2 for each language. We
have tried the optimisation on different marking strategy for pseudo-projective
transformation, covered roots, lifting order, and also the null value. Then we
got some improvements for Turkish by excluding all types of null values and got
some improvements for Kazakh by having baseline marking strategy, also have a
better LAS score on the development set for Finnish by excluding all types of
null values and having baseline marking strategy. However, parsing accuracy for
other languages did not get improved from this experiment, so we keep the best
system we got from Table 5.1 and Table 5.2 as the final optimised system. All
final optimised systems and the parsing results both on the development and
test sets for each language can be found in Table 5.3.
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LAS on Development Set (%)
Algorithms ML Libraries Turkish Uyghur Kazakh
nivreeager liblinear 52.8 48.7 53.3

liblsvm 50.8 49.1 53.7
nivre-standard liblinear 52.5 49.0 53.1

liblsvm __ 49.7 50.8
covnonproj liblinear 53.4 49.6 54.4

liblsvm __ 49.5 54.8
covproj liblinear 52.4 49.0 51.5

liblsvm __ 49.6 50.9
stackproj liblinear 52.5 49.2 52.6

liblsvm __ 49.8 52.1
stackeager liblinear 52.7 48.3 54.3

liblsvm __ 49.3 52.6
stacklazy liblinear 52.7 49.0 54.9

liblsvm __ 50.7 55.4
planar liblinear 51.9 47.5 52.9

liblsvm __ 49.3 54.3
2planar liblinear 51.7 48.0 52.3

liblsvm __ 48.3 52.6

Table 5.1: Experimental Results on Parser Optimisation on MaltParser with Gold POS for
Turkic Languages.

5.1.2 Baseline Models for UDPipe

Similar to the optimisation experiments which we have conducted on MaltParser,
we have also tried different parsing algorithms for each language on UDPipe.
There are three different transition systems on UDPipe: projective, swap, and
link2. After parsing each language using three different transition systems, we
have found that swap transition system works best for Finnish, link2 works
best for Kazakh, and projective works best for all other four languages. We
keep all other training options in default mode during baseline optimisation,
including the neural-network training options such as iterations, hidden_layer,
and learning_rate etc. We also use the gold part-of-speech tags during the
UDPipe optimisation process. Experimental results from UDPipe optimisation
and the final chosen models for each language are shown in Table 5.4 and Table
5.5 respectively.

5.2 Experimental Results from MaltParser

Table 5.6 and Table 5.7 show the experimental results from MaltParser. These
tables contain two different parts of our experiments, the first five models use
the predicted part-of-speech tags, and the rest use the gold part-of-speech tags
from the original treebanks. We are going to discuss the experimental results
from the models which use the predicted POS tags in detail, and will also have
a brief discussion about the models which use gold POS tags.
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LAS on Development Set (%)
Algorithms ML Libraries Finnish Estonian Hungarian
nivreeager liblinear 69.3 70.5 64.8

liblsvm __ __ __
nivre-standard liblinear 69.4 70.9 63.0

liblsvm __ __ __
covnonproj liblinear 69.7 70.9 65.7

liblsvm __ __ __
covproj liblinear 69.5 70.3 63.7

liblsvm __ __ __
stackproj liblinear 69.6 71.1 63.8

liblsvm __ __ __
stackeager liblinear 69.8 71.1 64.5

liblsvm __ __ __
stacklazy liblinear 70.2 71.9 66.0

liblsvm __ __ __
planar liblinear 68.6 70.0 63.9

liblsvm __ __ __
2planar liblinear 69.2 70.8 64.6

liblsvm __ __ __

Table 5.2: Experimental Results on Parser Optimisation on MaltParser with Gold POS for
Uralic Languages.

Languages Baseline Models Dev. Test
Turkish Covnonproj + liblinear + nvnone 53.6 52.7
Uyghur Stacklazy + libsvm 50.7 55.4
Kazakh Stacklazy + libsvm + ppbaseline 56.5 63.4
Finnish Stacklazy + liblinear + ppbaseline + nvnone 70.3 71.9
Estonian Stacklazy + liblinear 71.9 72.5
Hungarian Stacklazy + liblinear 66.0 63.8

Table 5.3: Experimental Results for Baselines on MaltParser with Gold POS (LAS %).

LAS on Development and Test Sets(%)
Different Transition Systems

Projective Swap Link2
Languages Dev Test Dev Test Dev Test
Turkish 56.7 57.3 55.8 56.3 56.6 56.5
Uyghur 49.6 55.5 48.2 54.3 47.8 54.4
Kazakh 60.5 70.8 58.5 72.9 57.0 74.1
Finnish 79.9 79.9 79.7 81.1 79.4 80.4
Estonian 81.1 80.4 79.2 80.2 80.7 80.2
Hungarian 75.9 75.6 75.5 74.5 74.4 74.3

Table 5.4: Experimental Results on Parser Optimisation on UDPipe with Gold POS.
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Languages Baseline Models Dev. (LAS %) Test (LAS %)
Turkish Projective 56.7 57.3
Uyghur Projective 49.6 55.5
Kazakh Link2 57.0 74.1
Finnish Swap 79.7 81.1
Estonian Projective 81.1 80.4
Hungarian Projective 75.9 75.6

Table 5.5: Experimental Results for Baselines on UDPipe with Gold POS.

First of all, by comparing the results from the models NF+NL+PP and UF+UL+PP(C
F), we can see that adding unsupervised morphological segmentation as features
does help to substantially increase the parsing accuracy of Turkish, Uyghur,
Kazakh, Finnish, Estonian, and Hungarian when using predicted POS tags.
Unsupervised morphology improved the parsing accuracy on the test set by 4.9%,
6.0%, 8.7%, 3.3%, 3.7%, and 12.0% respectively compared to the results of the
model which does not use any morphological features or lemmas with predicted
POS tags.

Secondly, it can be observed from the results of the models SF+SL+PP, UF+UL+PP(C
F), and NF+NL+PP that both unsupervised and supervised morphology increase
the parsing accuracy for all languages greatly, and supervised morphology im-
proves the parsing accuracy of Turkish, Kazakh, Finnish, and Estonian much
better than the unsupervised morphology, and it has improved the accuracy
on the test set by 16.3%, 30.0%, 10.0%, and 12.1% respectively. However, un-
supervised morphology helps more than the supervised morphology for the
parsing accuracy of Hungarian, and the model with unsupervised morphology
outperforms the model with supervised morphology by 3.9% on the test set of
Hungarian.
Thirdly, when we compare the parsing results from the models UF+UL+PP(C

F) and UF+UL+PP(F C), and also the models UF+UL+GP(C F) and UF+UL+GP(F
C), we can see that adding the unsupervised morphology from the suffix which
is the farthest to the one which is the closest to the root morpheme improves
the parsing accuracy of all languages except the test set of Kazakh when using
the predicted POS tags than adding it in the opposite direction. From the
linguistic perspective, the morpheme which is the farthest to the root is usually
the inflectional suffixes, while the closest one tends to be the derivational suffixes.
We might come to a conclusion that most of the dependency relations between
words in morphologically rich languages may rely mainly on inflectional suffixes
than derivational suffixes.
Furthermore, after comparing the results from the models UF+UL+PP(F C)

and UF+UL+PP(M), we see that merging some morphemes which are over-split
by Morfessor slightly increases the parsing accuracy on the test set of Turkish,
Kazakh, Finnish, and Hungarian, but decreases the parsing results of Uyghur
and does not change the parsing result for Estonian.
Lastly, it is shown from the parsing results of the models UF+UL+GP(N) and

UF+UL+GP(V) that morphological information of verbs and nouns are very im-
portant in the dependency parsing of morphologically rich languages. It can be
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seen from the table that only adding the unsupervised morphology of nouns and
pronouns improves the parsing results by 4.9%, 4.7%, 9.3%, 4.3%, 3.9%, and 6.5%
on the test set of Turkish, Uyghur, Kazakh, Finnish, Estonian, and Hungarian
respectively when comparing it with the model NF+NL+GP. Adding unsupervised
morphology of verbs improves the parsing accuracy by 2.9%, 1.4%, 1.8%, 2.6%,
1.3%, and 1.8% on the test set of Turkish, Uyghur, Kazakh, Finnish, Estonian,
and Hungarian respectively when comparing it with the model NF+NL+GP. Since
usually there are more nouns than verbs in a sentence, so the effect of adding
only the morphological information of nouns and pronouns is greater than that
of only adding verbs.

LAS on Development and Test Sets(%)
Turkish Uyghur Kazakh

Parsing Models Dev Test Dev Test Dev Test
SF+SL+PP 62.6 62.5 __ __ 65.7 75.6
UF+UL+PP(M) 50.3 52.1 46.1 54.2 43.9 54.5
UF+UL+PP(F C) 50.4 51.9 46.9 55.1 43.3 54.2
UF+UL+PP(C F) 50.0 51.1 45.5 54.3 42.9 54.3
NF+NL+PP 46.7 46.2 39.6 48.3 38.0 45.6
GF+GL+GP 61.5 62.0 __ __ 65.8 79.1
GF+NL+GP 60.5 61.2 __ __ 65.6 78.0
UF+GL+GP 56.9 58.2 __ __ 60.2 71.2
UF+NL+GP 56.9 57.1 54.4 61.2 59.9 70.1
UF+UL+GP(M) 57.6 58.5 55.7 61.3 60.8 71.5
UF+UL+GP(F C) 57.5 58.3 56.3 61.5 61.1 71.8
UF+UL+GP(C F) 57.0 57.8 54.1 60.5 59.4 70.2
UF+UL+GP(N) 57.1 57.6 55.2 60.1 60.1 72.7
UF+UL+GP(V) 55.8 55.6 51.0 56.8 57.1 65.2
NF+NL+GP 53.6 52.7 50.7 55.4 56.5 63.4

Table 5.6: Experimental Results on MaltParser for Turkic Languages.

5.3 Experimental Results from UDPipe

Table 5.8 and Table 5.9 show the experimental results from UDPipe. We have
conducted experiments on UDPipe using the same first five models on Table 5.6
and Table 5.7. We have also done some experiments using the gold features, lem-
mas, and the gold POS tags in the original treebanks, and with the unsupervised
features and unsupervised lemma with the gold POS tags. However, we did not
conduct experiments on UDPipe for the models UF+UL+GP(N) and UF+UL+GP(V)
which we have conducted experiments on MaltParser. Since these two models
contain unsupervised morphologies only for nouns for verbs, we do not consider
them as interesting for the UDPipe experiments. We are going to discuss the
experimental results from the models which use predicted POS tags in detail.
First of all, we have learned by comparing the experimental results from the

models NF+NL+PP and UF+UL+PP(C F) that adding unsupervised morphology
when using predicted POS tags improves the accuracy of dependency parsing of
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LAS on Development and Test Sets(%)
Finnish Estonian Hungarian

Parsing Models Dev Test Dev Test Dev Test
SF+SL+PP 77.7 77.7 78.6 77.6 58.6 56.9
UF+UL+PP(M) 71.1 71.8 69.6 69.9 62.8 62.6
UF+UL+PP(F C) 71.2 71.7 69.6 69.9 62.5 62.4
UF+UL+PP(C F) 69.8 71.0 69.1 69.2 61.5 60.8
NF+NL+PP 66.0 67.7 65.9 65.5 50.3 48.8
GF+GL+GP 80.3 80.5 79.1 80.1 77.3 75.9
GF+NL+GP 79.1 80.3 78.5 79.7 76.6 75.2
UF+GL+GP 75.1 75.9 75.9 76.2 71.2 69.4
UF+NL+GP 74.5 76.0 75.6 76.3 70.9 68.9
UF+UL+GP(M) 75.9 77.4 76.0 76.9 72.7 71.2
UF+UL+GP(F C) 76.0 77.1 76.2 77.0 72.4 71.2
UF+UL+GP(C F) 74.6 76.1 75.7 76.0 71.1 69.1
UF+UL+GP(N) 74.9 76.2 74.8 76.4 71.9 70.3
UF+UL+GP(V) 72.9 74.5 73.2 73.8 67.0 65.5
NF+NL+GP 70.3 71.9 71.9 72.5 66.0 63.8

Table 5.7: Experimental Results on MaltParser for Uralic Languages.

all chosen languages greatly. Parsing accuracy has improved by 2.7%, 4.1%, 8.2%,
2.4%, 1.6%, and 2.6% on the test set of Turkish, Uyghur, Kazakh, Finnish, Esto-
nian, and Hungarian respectively compared to the results of the model NF+NL+PP
which does not use any morphological features or lemmas with predicted POS
tags.

Secondly, similar to the parsing results from MaltParser, converting unsuper-
vised morphological segmentations into features increases the parsing accuracy of
all languages substantially, however, supervised morphology helps more than the
unsupervised morphology that parsing results on the test set of Turkish, Kazakh,
Finnish, Estonian, and Hungarian has improved by 6.2%, 11.2%, 9.0%, 6.3%,
and 6.4% respectively when using supervised morphology which is predicted
from UDPipe. This can be observed by comparing the experimental results from
the models SF+SL+PP, UF+UL+PP(C F), and NF+NL+PP.

Furthermore, when we compare the parsing results from the models UF+UL+PP(C
F) and UF+UL+PP(F C), we can see that adding the unsupervised morphology
from the suffix which is the farthest to the one which is the closest to the root
morpheme slightly decreases the parsing accuracy of all languages except from
the test set of Kazakh when using the predicted POS tags, than adding it in
the opposite direction. This result is the opposite of the results from MaltParser
where we got improvements after adding the suffixes from the farthest to the
closest.
Lastly, after comparing the results from the models UF+UL+PP(F C) and

UF+UL+PP(M), we have known that merging some morphemes which are over-
split by Morfessor does help increase the parsing accuracy on the test set of
Turkish, Uyghur, Finnish, and Estonian, but slightly decreases the parsing results
of Kazakh and Hungarian.
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LAS on Development and Test Sets(%)
Turkish Uyghur Kazakh

Parsing Models Dev Test Dev Test Dev Test
SF+SL+PP 49.3 49.9 __ __ 41.4 55.3
UF+UL+PP(M) 45.8 47.4 41.5 50.9 40.2 47.0
UF+UL+PP(F C) 44.7 46.0 43.0 50.7 39.3 52.3
UF+UL+PP(C F) 44.6 46.4 42.2 52.0 39.1 52.3
NF+NL+PP 44.0 43.7 40.4 47.9 36.0 44.1
GF+GL+GP 56.7 57.3 __ __ 58.5 74.1
UF+UL+GP(C F) 51.9 51.5 52.1 58.2 54.8 64.7
NF+NL+GP __ __ 49.6 55.5 __ __

Table 5.8: Experimental Results on UDPipe for Turkic Languages.

LAS on Development and Test Sets(%)
Finnish Estonian Hungarian

Parsing Models Dev Test Dev Test Dev Test
SF+SL+PP 73.4 73.8 71.8 71.9 66.0 64.5
UF+UL+PP(M) 66.7 68.0 66.7 67.5 61.6 60.3
UF+UL+PP(F C) 66.4 66.7 66.3 66.9 61.1 60.4
UF+UL+PP(C F) 66.1 67.2 66.6 67.2 61.8 60.7
NF+NL+PP 63.3 64.8 65.1 65.6 60.4 58.1
GF+GL+GP 79.7 81.1 81.1 80.4 75.9 75.7
UF+UL+GP(C F) 71.0 70.7 72.3 72.6 69.1 69.00

Table 5.9: Experimental Results on UDPipe for Uralic Languages.

5.4 Discussions

After discussing the experimental results of both MaltParser and UDPipe, we can
draw a conclusion that even though Morfessor provides a completely unsupervised
and noisy morphological segmentation, using this unsupervised morphological
segmentation as features helps increase the dependency parsing accuracy of
morphologically rich languages substantially, no matter using gold POS tags or
the predicted POS tags. This can be very useful for improving the dependency
parsing of some languages which do not have any manually annotated or super-
vised morphological information such as Uyghur in this study. Having manually
annotated or supervised morphology is very expensive and hard to achieve for
some languages, therefore, employing unsupervised morphological segmentation
as features for such languages can also greatly improve the parsing results.

What’s more, from the experiments on MaltParser, we may assume that most
of the dependency relations between words in morphologically rich languages may
rely mainly on inflectional suffixes than derivational suffixes, since the parsing
accuracy got improved when adding the suffixes from the farthest to the closest.
However, this result does not hold same on the experiments on UDPipe. We
assume that it may because UDPipe needs a lot of training data since it uses
neural networks, but most of the languages we use in this study do not have that
much amount of data. What is more, we did not tune the hyper-parameters for
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neural network training on UDPipe, and we just used the default setting for all
hyper-parameters, thus we could not have the best-optimised setting for UDPipe.
Therefore, we may need to tune the hyper-parameters to get the best-optimised
parser for each language on UDPipe or conduct more well-designed experiments
on other parsers or on more languages, in order to see the whole effect.
We get informed from the experiments that morphological information of

nouns and verbs of morphologically rich languages are of great importance in
increasing the accuracy of dependency parsing of such languages, since only
adding unsupervised morphology of nouns or verbs on MaltParser has increased
the parsing results greatly.

By comparing the overall experimental results from MaltParser and UDPipe,
we have found that parsing accuracy from MaltParser for each language is higher
than that of from UDPipe except Hungarian. Therefore, we may conclude that
MaltParser outperforms UDPipe for most of the morphologically rich languages.
However, as mentioned above, tuning the hyper-parameters for neural network
training on UDPipe may help us get the best-optimised parsing model for each
language on UDPipe, and we may have a better result on UDPipe.
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6 Conclusion and Future Work

This chapter gives an overall conclusion of this study and also points out limi-
tations of this paper, and gives suggestions for some possible future works for
further improvements.

6.1 Conclusion

In this study, we have mainly focused on the influence of employing unsuper-
vised morphological segmentation as features on the dependency parsing of
morphologically rich languages. In order to investigate our research questions,
we have conducted a large number of parsing experiments both on MaltParser
and UDPipe. First of all, we have tried to find out the most optimised parsing
model for each language on both MaltParser and UDPipe, then we take the best
parsing algorithms to conduct further experiments. Secondly, we have converted
the unsupervised morphological segmentation which we get from Morfessor into
features in each treebank and conducted several experiments to see the effect
of unsupervised morphology. Lastly, we have also done an experiment using
the supervised morphology which we have generated from UDPipe to make a
comparison with unsupervised morphology. We have conducted our experiments
both using gold POS tags and the predicted POS tags which are generated from
UDPipe. Through all these experiments, we have tried to answer the following
three main research questions:

• How can unsupervised morphology influence dependency parsing results of
morphologically rich languages?

• What is the best way of converting unsupervised morphological segmenta-
tion as features in a dependency treebank?

• Which parser works better for the parsing task in this study? What is the
difference between MaltParser and UDPipe?

As we discussed in the previous chapter, dependency parsing of chosen lan-
guages are benefitted from using unsupervised segmentation as features in
treebanks, no matter using the gold POS tags or the predicted POS tags during
parsing. Even though we use a completely unsupervised and noisy morphological
segmentation from Morfessor, using this unsupervised morphological segmenta-
tion as features has increased the parsing accuracy greatly on both MaltParser
and UDPipe. After adding unsupervised morphological information, we got im-
provement of 4.9%, 6.0%, 8.7%, 3.3%, 3.7%, and 12.0% on the test set of Turkish,
Uyghur, Kazakh, Finnish, Estonian, and Hungarian respectively on MaltParser,
and the parsing accuracies have improved by 2.7%, 4.1%, 8.2%, 2.4%, 1.6%, and
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2.6% on the test set of Turkish, Uyghur, Kazakh, Finnish, Estonian, and Hun-
garian respectively on UDPipe. Since having manually annotated or supervised
morphological information for many languages is very expensive and usually hard
to achieve, therefore, simply adding unsupervised morphological information for
such languages during parsing can greatly help the dependency parsing of those
languages. This is the main finding of this study that it is possible to increase
the dependency parsing of some languages simply by converting unsupervised
morphological segmentation into features during parsing if there is no manually
annotated or supervised morphology available for such languages.
After studying the experimental results of models where we add the unsu-

pervised morphology from different directions, we may have an assumption
that most of the dependency relations between words in morphologically rich
languages may rely mainly on inflectional suffixes than derivational suffixes, since
the parsing accuracy got improved when adding the suffixes from the farthest to
the closest. However, this result does not hold same on the experiments from
UDPipe. In addition, merging some over-split morphemes to get a longer lemma
does not help much for increasing the parsing accuracy. This may because words
in those treebanks are relatively short and there are not too many words have
been split into more than four morphemes by Morfessor, therefore merging the
first three morphemes into one and using it as lemma does not have an obvious
effect on the results. What’s more, from models on MaltParser, which only have
morphological information of nouns or verbs, we can assume that morphological
information of nouns and verbs of morphologically rich languages are important
for increasing the accuracy of dependency parsing of such languages.
When we observe the overall performance of MaltParser and UDPipe in

this study, we have found that MaltParser outperforms UDPipe for most of the
morphologically rich languages except the experimental results on Hungarian. We
also get more improvement when using unsupervised morphological segmentation
on MaltParser than on UDPipe.

6.2 Future Work

There are many limitations of this study. First of all, we have conducted our
experiments on languages which are from only two different language families and
all are agglutinative languages. This project would be more thorough if languages
from different families are included. For instance, we can also investigate how
should we adjust our experiments for fusional languages. Secondly, we did not
consider prefixes when adding unsupervised morphology to the UD treebanks
and took the first morpheme as the lemma of each word. However, prefixes
should also be considered in order to have more informative results. Lastly, we
have conducted experiments which only adds the unsupervised morphology of
nouns or verbs only on MaltParser with the gold POS tags, therefore, we should
also conduct the same experiments on UDPipe also with the predicted POS tags
in order to get more sophisticated results and conclusions.
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