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ABSTRACT

I describe and evaluate MorphNet, a language-independent, end-to-end model

that is designed to combine morphological analysis and disambiguation. Tradition-

ally, analysis of morphologically complex languages has been performed in two stages:

(i) A morphological analyzer based on finite-state transducers produces all possible

morphological analyses of a word, (ii) A statistical disambiguation model picks the

correct analysis based on the context for each word. MorphNet uses a sequence-

to-sequence recurrent neural network to combine analysis and disambiguation. The

model consists of three LSTM encoders to create embeddings of various input fea-

tures and a two layer LSTM decoder to predict the correct morphological analysis.

When MorphNet is trained with text labeled with correct morphological analyses, the

model is able to achieve state-of-the art or comparable results in twenty-six different

languages.
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ÖZETÇE

Bu tezde MorphNet adını verdiğim, dilden bağımsız, uçtan-uca çalışan bir nöral

model tarif ettim. MorphNet Biçimbilimsel Çözümleme ve Belirsizlik Giderme uygu-

lamalarını eş zamanlı bir şekilde yapabilmek için tasarlanmıştır. Geleneksel olarak,

biçimbilimsel olarak karmaşık dillerin analizi iki aşamalı olarak yapılmaktadır: (i)

Sonlu durumlu dönüştürücüler tabanlı Biçimbilimsel Çözümleme uygulaması hedef

sözcüğün olası tüm görülüş biçimlerini listeler, (ii) İstatistiksel Biçimbilimsel belir-

sizlik giderme uygulaması da kelimenin içinde bulunduğu bağlamı dikkate alarak

doğru görülüş biçimini seçer. MorphNet’te diziden diziye nöral ağlar mimarisi kul-

lanılarak Biçimbilimsel Çözümleme ve Belirsizlik giderme uygulamaları bir araya ge-

tirilmiştir. Modelde üç farklı Geri Dönüşümlü Yapay Sinir Ağı girdi kelimelerin

çesitli özelliklerinin vektör uzayında kodlanmasında ve bir adet iki katmanlı Geri

Dönüşümlü Yapay Sinir Ağı doğru biçimsel görülüşün üretilmesi için kullanılmaktadır.

Bu tezde, doğru biçimbilimsel analizler ile etiketlenmiş data ile eğitildiğinde, Mor-

phNet’in yirmi altı dilde geçmiş sistemlerden daha iyi veya kıyaslanabilir sonuçlar

elde ettiği gösterilmiştir.
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Chapter 1

INTRODUCTION

In this thesis, I introduce MorphNet, a sequence-to-sequence recurrent neural net-

work model that takes sentences in plain text as input and attempts to produce the

correct morphological analysis of each word as output. Once trained, the model can

be used either as a stand-alone application or with an external analyzer to eliminate

errors for unambiguous tokens. Traditional methods, e.g. Oflazer and Tür (1997),

first produce all possible analyses of a word using finite-state transducers and then

perform disambiguation using statistical or rule-based methods. In contrast, Mor-

phNet combines the analysis and disambiguation in a single model and it obtains

state-of-the art or comparable results in producing the correct morphological analysis

of each word.

Morphological analysis identifies the structure of words and word-parts (mor-

phemes) such as stems, prefixes and suffixes. For example, Table 1.1 shows the

three possible analyses for the ambiguous Turkish word “masalı”: the accusative and

possessive forms of the root “masal” (tale) and the +With form of the root “masa” (ta-

ble) are expressed with the same surface form (Oflazer, 1994). Producing the correct

analysis is essential for downstream syntactic and semantic processing.

The importance of morphological analysis varies significantly by language family.

Analytic languages like Chinese, and near-analytic languages like English show a low

ratio of morphemes to words and express most grammatical relations using function

words or word order. According to Baayen et al. (1995), less than 10% of word

tokens in English text carry an affix and less than 30 word forms have the type of

morphological ambiguity observed in the “masalı” example (e.g. leaves=leaf-f+ves
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Word Analysis & Context

masalı
masal+Noun+A3sg+Pnon+Acc

masalı yaz. (write the tale.)

masalı
masal+Noun+A3sg+P3sg+Nom

babamın masalı (my father’s tale)

masalı
masa+Noun+A3sg+Pnon+NomˆDB+Adj+With

mavi masalı oda (room with blue table)

Table 1.1: Morphological analysis for Turkish word masalı. An example context and

its translation is given below each analysis.

vs leave+s). Thus, for most purposes, simple table lookup tends to be sufficient for

English morphological analysis.

In contrast, agglutinative languages like Turkish and Finnish tend to have a high

ratio of morphemes to words and express many grammatical relations using affixes. In

the Turkish training data used by Yuret and Türe (2006), 48% of the word tokens carry

an affix and 59% of these are morphologically ambiguous. For downstream syntactic

analysis, Oflazer et al. (1999) observes that words in Turkish can have dependencies to

any one of the inflectional groups of a derived word. For example, in “mavi masalı oda”

(room with blue table) the adjective “mavi” (blue) modifies the noun root “masa”

(table) even though the final part of speech of “masalı” is an adjective. Accurate

morphological analysis and disambiguation are important prerequisites for further

syntactic and semantic processing in agglutinative languages.

Morphological analysis is taken to be the task of producing all possible morpholog-

ical parses of a given word. Morphological analyzers have typically been implemented

as Finite State Transducers (FSTs) with language specific, manually generated rules.

Morphological disambiguation is the task of selecting the correct parse for a given word

in a given context among all possible parses. Various rule based, statistical and neu-

ral network models have been implemented for morphological disambiguation. These
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models are described in Section 2. Morphological tagging is the task of assigning a

particular part-of-speech and a chain of morphological features to a token in context

(Hajič, 2000). In general, lemmatization is not considered as part of morphological

tagging (Mueller et al., 2013; Heigold et al., 2017).

In this work, my motivation is to eliminate the need for separate morphological

analyzer and disambiguator components and to provide a single, easy-to-use model.

This desire can also be interpreted as combining lemmatization and morphological

tagging. The model uses three Long Short Term Memory (LSTM) (Hochreiter and

Schmidhuber, 1997) encoders, a character based encoder to obtain word embeddings,

a word based bidirectional LSTM encoder to obtain context embeddings and a uni-

directional LSTM encoder to obtain output embeddings of preceding word analyses.

The decoder consists of a two layer LSTM model. The first layer’s hidden state is ini-

tialized with the context embedding, and the second layer’s hidden state is initialized

with the combination of word and output embeddings. The decoder learns to predict

the correct morphological analysis including root characters and morphemes.

The structure of this thesis is organized as follows:

Chapter 2 establishes the terminology on morphology and summarizes the related

work on Morphological Analysis, Morphological Disambiguation and Morphological

Tagging.

Chapter 3 details my model’s input output representation and its components.

Chapter 4 describes evaluation datasets in detail and presents results.

Chapter 5 concludes the work in this thesis with a summary of my work.

Appendix contains information about the datasets and model variations used in

this thesis.



Chapter 2

RELATED WORK

In this section, I establish terminology on morphology and summarize previous

work on Morphological Analysis, Morphological Disambiguation and Morphological

Tagging.

2.1 Morphology

Morphology is defined as the study of finding essential linguistic units of language

and dividing them into groups based on the behavior and content. Morphology works

at the level of word and analyzes the word structure in order to define its syntactic

components such as stems, prefixes and suffixes. Besides figuring out structural parts

of a word, it also pairs each part with a label from its finite morpheme set. For

example, in English the word “cats” consists of two parts “cat” and “-s”. The first

component is the stem and the second component is an affix indicating plurality. Lan-

guages are classified into groups according to the average number of morphemes in a

word. Analytic languages are generally considered as low morpheme-per-word ratio

languages since they rely on the position of the words in the sentence and auxiliary

words such as prepositions rather than the morpheme inflection in order to convey

meaning. On the other hand, words in syntactic languages are formed by appending

a given number of morphemes to the stem. Syntactic languages are further sub-

grouped as either agglutinative or fusional. In fusional languages, a morpheme can

simultaneously encode several meanings. For example, In Spanish a single morpheme

can encode mode, tense, person and aspect feature of the corresponding word. Un-

like fusional languages, in agglutinative languages each morpheme represents a single

meaning.
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2.2 Morphological Analysis

Morphological analysis is generally performed by finite-state transducers (FST) which

produce all possible parses for a given word (Koskenniemi, 1983). The analyzers are

language dependent rule based systems that typically consist of a lexicon, two-level

phonological rules, and finite state transducers that encode morphotactics (Kosken-

niemi, 1981; Karttunen and Wittenburg, 1983). The first rule based analyzer for

Turkish was developed in Oflazer (1994). It was implemented using the Xerox fi-

nite state tool (Beesley and Karttunen, 2003) and encoded verbal, nominal and other

paradigms as separate finite-state transducers. Figure 2.1 shows the FST diagram

that is used by Oflazer (1994) for nominal paradigms. The boxes demonstrate suf-

fixation states and the circles demonstrate final states. The arrows demonstrate the

next states which are attainable if a suffix is matched with any of the labels. Other

analyzers for Turkish include Eryiğit and Adalı (2004) and Çöltekin (2010). Eryiğit

and Adalı (2004) performs morphological analysis by taking affix stripping approach

where affixes determined before the root of target word. Çöltekin (2010) is the first

freely available two-level morphological analyzer for Turkish. Straka and Straková

(2017) proposes a language independent morphological guesser in their pipeline, called

UD-Pipe, to perform morphological analysis of CoNLL-U formatted documents. Sec-

tion 4.1.1 explains CoNLL-U format in detail.

2.3 Morphological Disambiguation

Previous work on morphological disambiguation can be grouped into four broad cate-

gories in terms of the techniques they use. These categories are rule based, statistical,

hybrid and neural network based approaches.

The rule-based approaches (Karlsson et al., 1995; Oflazer and Kuruöz, 1994;

Oflazer and Tür, 1996; Daybelge and Çiçekli, 2007; Daoud, 2009) exploit hand-crafted

rules to select the correct parse among the candidates produced by the analyzer. The

rules, typically language specific, are designed such that the model can capture the
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Figure 2.1: Finite State Transducer for nominal paradigm used in Oflazer (1994).



Chapter 2: Related Work 7

relationship between the context of the word that is subject to disambiguation and

all its possible parses.

Statistical approaches try to disambiguate the target word according to the statis-

tics calculated on the corpus they use. For example, Hakkani-Tür et al. (2002) breaks

up the morphosyntactic tags into inflectional groups to handle a large set of tags and

then the model assigns a probability to each morphosyntactic tag by considering

statistics over the individual inflection groups in a trigram model. Yuret and Türe

(2006) uses decision lists to vote on each of the potential parses of a word. For each tag

in the corpus, a different decision list is learnt using the Greedy Prepend Algorithm

(Yuret and de la Maza, 2006).

Hybrid approaches combine hand-crafted rules with statistical methods. For ex-

ample, Hajič et al. (2007) employs a rule-based component to reduce the number of

possible parses and then runs a statistical Part of Speech (POS) tagger to disam-

biguate words in the Czech language.

Recently, a number of studies (Yıldız et al., 2016; Shen et al., 2016; Toleu et al.,

2017) based on neural networks were also tried in morphological disambiguation.

Yıldız et al. (2016), proposed an architecture based on a convolutional neural network

(CNN). The CNN is used to create a representation of the target word by using the

root of the word and its morpheme features. Then by using this representation and

ground truth annotations of previous words, the model predicts the correct analysis.

In contrast to Yıldız et al. (2016), to capture the context and relationship between

target word and its surroundings, Shen et al. (2016) exploits LSTM based neural

network architectures. They customize the neural network architecture based on

the input language. Toleu et al. (2017) proposes a neural network model for the

morphological disambiguation task on Kazakh and Turkish languages. Straka and

Straková (2017) employs a supervised, rich feature averaged perceptron to perform

disambiguation step in their pipeline. The perceptron disambiguates output of the

morphological guesser generating several pairs each of which contains a POS tag and

morphological features for each word according to last four characters of the word.
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Figure 2.2: Example input output pair for Heigold et al. (2017).

2.4 Morphological Tagging

In contrast to the two stage systems described above which use separate modules for

morphological analysis and disambiguation, morphological tagging attempts to solve

both problems at once and assign the correct tag to a given word without the aid of

an analyzer that produces possible parses. This is the approach I take in my model.

Recently, Mueller et al. (2013) attempted to solve the morphological tagging problem

by employing a model based on Conditional Random Fields (CRFs) (Lafferty et al.,

2001) and Heigold et al. (2017) proposed two morphological tagging architectures

based on neural networks. Their best performing architecture, similar to my model,

uses unidirectional and bidirectional LSTMs and takes only raw sentences as input.

Figure 2.2 shows an example input output pair used in Heigold et al. (2017). My work

differs from theirs in a couple of important ways. First, given a word in a context,

they predict a morphological tag as a complete unit, rather than as a combination of

component features. Consequently, their model can only produce analyses observed

in the training data. In contrast, my model produces the morphological tag of the

target word a feature at a time. Second, their system ignores the root of the target

word and predicts only the morphological features whereas my model generates the

stem as well as the morphological tags.
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MODEL

In this chapter, I outline the architecture of my model. First, I define the in-

put/output representation. Next, I explain the neural components of my model.

Finally, I outline how I assembled these modules to build my model.

3.1 Input/Output Representation

The input to the model consists of an N word sentence S = [w1, . . . , wN ], where

wi is the i’th word in the sentence. Each word is input as a sequence of characters

wi = [wi1, . . . , wiLi
], wij ∈ A where A is the set of alphanumeric characters and Li is

the number of characters in word wi.

The output for each word consists of a stem, a part-of-speech tag and a set of mor-

phological features, e.g. “masal+Noun+A3sg+P3sg+Nom” for “masalı”. The stem is

produced one character at a time, and the morphological information is produced one

feature at a time. A sample output for a word looks like [si1, . . . , siRi
, fi1, . . . , fiMi

]

where sij ∈ A is an alphanumeric character in the stem, Ri is the length of the stem,

Mi is the number of features, fij ∈ T is a morphological feature from a feature set

such as T = {Noun,Adj,Nom,A3sg, . . .}.

3.2 Neural Components

In this section, First I describe the individual components of my model and then I

present the unified model.
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3.2.1 Word Encoder

I map each character wij to an A dimensional character embedding vector aij ∈

RA.The word encoder takes each word and processes the character embeddings from

left to right producing hidden states [hi1, . . . , hiLi
] where hij ∈ RH . The final hidden

state ei = hiLi
is used as the word embedding for word wi.

hij = LSTM(aij, hij−1) (3.1)

hi0 = 0 (3.2)

ei = hiLi
(3.3)

3.2.2 Context Encoder

I use a bidirectional LSTM as the context encoder. The inputs are the word embed-

dings e1, · · · , eN produced by the word encoder. The context encoder processes them

in both directions and constructs a unique context embedding for each target word

in the sentence. For a word wi I define its corresponding context embedding ci ∈ R2H

as the concatenation of the forward −→c i ∈ RH and the backward ←−c i ∈ RH hidden

states that are produced after the forward and backward LSTMs process the word

embedding ei. In Figure 3.1(c) below, the creation of the context vector for the target

word ”elini” is illustrated.

−→c i = LSTMf (ei,
−→c i−1) (3.4)

←−c i = LSTMb(ei,
←−c i+1) (3.5)

−→c 0 = ←−c N+1 = 0 (3.6)

ci = [−→c i;←−c i] (3.7)

3.2.3 Output Encoder

The output encoder captures information about the morphological features of words

processed prior to each target word. For example, in order to assign the correct pos-

sessive marker to the word “masalı” (tale) in “babamın masalı” (my father’s tale),
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it would be useful to know that the previous word “babamın” (my father) has a

genitive marker. During training I use the gold morphological features for prior

words, during testing I use the output of the model. The output encoder only uses

the morphological features, not the stem characters, of the previous words as in-

put: [f11, . . . , f1M1 , f21, . . . , fi−1,Mi−1 ]. I map each morphological feature fij to a B

dimensional feature embedding vector bij ∈ RB. A unidirectional LSTM is run over

the whole sentence up to the target word to produce hidden states [t11, . . . , ti−1,Mi−1 ]

where tij ∈ RH . The final hidden state preceding the target word oi = ti−1,Mi−1 is

used as the output embedding for word wi.

tij = LSTM(bij, tij−1) (3.8)

ti0 = ti−1,Mi−1 (3.9)

oi = ti−1,Mi−1 (3.10)

3.2.4 Decoder

The decoder is implemented as a 2-Layer LSTM network that outputs the correct

tag for a single target word. By conditioning on the input embeddings and its own

hidden state, the decoder learns to generate yi = [yi1, . . . , yiKi
] where yi is the correct

tag of the target word wi in sentence S, yij ∈ A∪ T represents both stem characters

and morphological feature tokens, and Ki is the total number of output tokens (stem

+ features) for word wi. The first layer of the decoder is initialized with the context

embedding ci.

d1
i0 = relu(Wd × ci ⊕Wdb) (3.11)

d1
ij = LSTM(yij−1, d1

ij−1) (3.12)

where, Wd ∈ RH×2H , Wdb ∈ RH and ⊕ is element-wise summation. The second

layer is initialized with the word and output embeddings after combining them by

element-wise summation.

d2
i0 = ei + oi (3.13)

d2
ij = LSTM(d1

ij, d2
ij−1) (3.14)
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I parameterize the distribution over possible morphological features and characters

at each time step as

p(yij|d2
ij) = softmax(Ws × d2

ij ⊕Wsb) (3.15)

where Ws ∈ R|Y|×H and Wsb ∈ R|Y| where Y = A∪ T is the set of characters and

morphological features in output vocabulary.

3.2.5 Unified Model

My model is based on the sequence-to-sequence encoder-decoder network approach

proposed by Sutskever et al. (2014) for machine translation. I use all of the encoder

modules to create embeddings of various input features. First, a word encoder creates

an embedding for each word based on its characters. Second, a context encoder creates

an embedding for the context of each word based on the word embeddings of its left

and right neighbors. Third, an output encoder creates an output embedding using the

analyses of previous words. These embeddings are fed to the decoder which produces

the stem and the morphological features of a target word. Figure 3.1 gives the model

architecture.
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Figure 3.1: Model illustration for the sentence ”Sonra gülerek elini kardeşinin

omzuna koydu” (Then he laughed and put his hand on his brother’s shoul-

der) and target word ”elini” (his hand). I use the morphological features of

the words preceding the target as input to the output encoder: “Sonra+Adv

gül+Verb+PosˆDB+Adverb+ByDoingSo”.
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EXPERIMENTS

This chapter outlines my experiments. I start by describing the properties of

datasets I use. Next, I detail the network training process. Then I describe the

transfer learning schema I employ. Finally, I present my model’s results.

4.1 Datasets

In this section, I provide information about datasets used for my model evaluation.

First I describe the multilingual datasets I used from the Universal Dependencies

Treebanks (UD) Nivre et al. (2016). Then, I describe the three morphological disam-

biguation datasets I used for Turkish.

4.1.1 Universal Dependencies Datasets

I tested my model on a diverse set of languages selected from Universal Dependencies

treebanks. UD is a framework for cross-linguistically consistent grammatical annota-

tion and an open community effort with over 200 contributors producing more than

100 tree-banks in over 60 languages. All of the datasets have conventional training,

development and test splits. Specifically, I use the CoNLL-U format for the input

files. Table 4.1 presents an example CoNLL-U file for English. A CoNLL-U file con-

tains three different line types. Comment lines start with # symbol. Word lines

contain annotations in 10 columns for each token in the file. Lastly, blank lines are

used to mark the sentence boundaries. I take column 2 (FORM) as input and pre-

dict columns 3 (LEMMA), 4 (UPOSTAG) and 6 (FEATS). Additional information

about UPOSTAG and FEATS used in each dataset are provided in Appendix B.1

and Appendix B.2. I experiment with several language families. For Indo-European
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ID WORD LEMMA UPOSTAG XPOSTAG FEATS HEAD DEPREL DEPS MISC

# text = They buy and sell books

1 They they PRON PRP Case=Nom|Number=Plur 2 nsubj 2:nsubj|4:nsubj

2 buy buy VERB VBP Number=Plur|Person=3|Tense=Pres 0 root 0:root

3 and and CONJ CC 4 cc 4:cc

4 sell sell VERB VBP Number=Plur|Person=3|Tense=Pres 2 conj 0:root|2:conj

5 books book NOUN NNS Number=Plur 2 obj 2:obj|4:obj SpaceAfter=No

# text = I have no clue

1 I I PRON PRP Case=Nom|Number=Sing|Person=1 2 nsubj

2 have have VERB VBP Number=Sing|Person=1|Tense=Pres 0 root

3 no no DET DT PronType=Neg 4 det

4 clue clue NOUN NN Number=Sing 2 obj SpaceAfter=No

Table 4.1: CoNLL-U File format. Word lines containing the annotation of a

word/token in 10 fields separated by single tab characters. ID: Word index, inte-

ger starting at 1 for each new sentence. FORM: Word form or punctuation symbol.

LEMMA: Stem of word form. UPOSTAG: Universal POS tag. XPOSTAG: Language-

specific POS tag. FEATS: List of morphological features. HEAD,DEPREL,DEPS:

Dependency Parsing related annotations. MISC: Miscellaneous.

(Romance) group, I experiment on Spanish (es), Catalan (ca), Italian (it), French (fr),

Greek (el), Portuguese (pt), Romanian (ro) and Hindi (hi). For Germanic family, I

experiment on Danish (da), Dutch (nl), Swedish (sv) and English (en). For the Slavic

family, I evaluate MorphNet on Bulgarian (bg), Croatian (hr), Czech (cs), Polish (pl),

Russian (ru) Slovenian (sl) and Slovak (sk). For Ural-Altaic group, I use Hungarian

(hu), Estonian (et), Finnish (fi) and Turkish (tr) languages. For Semitic languages,

I experiment on Arabic (ar) and Hebrew (he). Finally, for Sino-Tibetan group, I use

Chinese (zh). Table-4.2 summarizes the corpus statistics about each tree-bank.
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lang train dev test |T| |F| lang train dev test |T| |F|

ar 230796 31372 29060 363 36 es 384554 37349 12069 404 46

bg 124336 16089 15724 439 45 pt 211820 11158 10468 380 47

cs 1174261 159437 174068 2776 112 sk 80575 12440 13028 1294 61

en 204585 25148 25096 121 35 sl 112530 14063 14077 1140 62

et 22525 12103 12410 599 59 ru 75964 11877 11548 750 39

fr 359477 36101 10090 228 36 hi 281057 35217 35430 985 43

hu 20166 11418 10448 716 73 he 148401 12344 13308 540 48

ro 185113 17074 16324 462 59 el 31212 10139 10422 355 43

tr 38834 10226 10199 1116 67 pl 63013 10332 10897 1047 56

hr 169283 14533 13228 1129 52 sv 66645 9797 20377 211 40

it 277032 12193 10652 278 40 fi 162621 18290 21041 1810 89

da 80378 10332 10023 159 44 nl 186467 11458 10051 335 65

ca 417750 56515 57929 269 55 zh 98608 12663 12012 32 12

Table 4.2: Data statistics of UD Version 2.0 Treebanks. The values in the {train, dev, test}

columns are the number of tokens in the splits. |T | gives the number of distinct sets of tags

(pos + morphological features) assigned to words, |F | the number of distinct features that

exist in the dataset.
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4.1.2 Turkish Morphological Analysis/Disambiguation datasets

For Turkish I evaluate my model on three datasets. The first, TrMor2006, was

first used in Yuret and Türe (2006). The training set was disambiguated semi-

automatically and has limited accuracy. The test set was hand-tagged but is very

small (862 tokens) to reliably distinguish between models with similar accuracy. I

randomly extracted 100 sentences from training set and used them as the develop-

ment set while training my model. The first part of Table-4.3 gives number of tokens

in each split.

The second dataset I used, TrMor2016, was prepared by Yıldız et al. (2016).

The training set is the same with TrMor2006 but they manually re-tagged a subset

of the training set containing roughly 20000 tokens to be used as a larger test set.

Unfortunately they did not exclude these sentences from the training set in their

experiments. Also, they extracted a larger portion of the training set to use as the

development set while training. The second part of Table-4.3 gives the statistics for

this dataset.

I also evaluate my model on a new dataset, TrMor2018, which I released together

with this thesis. TrMor2018 addresses the problems with the accuracy of the training

set in TrMor2006 and to provide a larger disjoint test set to more reliably distinguish

the accuracy of similar models. The new dataset consists of 34673 sentences and

460663 words in total. Similar to Yuret and Türe (2006), it was annotated semi-

automatically in multiple passes. In order to estimate the noise level of the dataset,a

randomly selected subset from the dataset was manually disambiguated. The sub-

set contains 2090 sentences and 28909 words. Two annotators annotated each word

independently and the final morphological tag of each word was assigned based on

the adjudication by a third. Then, I compared the manually disambiguated subset

with the semi-automatic results and found the noise level of the dataset as 3% ap-

proximately. I splitted TrMor2018 to train, development and test sets by randomly

selecting the 80%, 10% and 10% of the sentences respectively. The bottom part of

Table-4.3 shows the statistical information about TrMor2018.
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Ambiguous Unambiguous Total

TrMor2006

Train 397648 438491 836139

Dev 642 743 1385

Test 379 483 862

TrMor2016

Train 379127 416606 795733

Dev 20096 21695 41791

Test 9460 9802 19262

TrMor2018

Train 170266 197630 367896

Dev 21479 24645 46124

Test 21477 25166 46643

Table 4.3: Corpus statistic for datasets TrMor2006, TrMor2016 and TrMor2018.

Number of tokens for each split in the dataset
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4.2 Network Training

All LSTM modules have H = 512 hidden units in my model. The size of the character

embedding vectors are A = 64 in the word encoder. In the decoder part, the size of

the output embedding vectors are B = 256. The model parameters are initialized

with Xavier initialization (Glorot and Bengio, 2010).

The network is trained by using back-propagation through time with stochastic

gradient descent. I use learning rate l=1.6 and apply learning rate decay according

to development accuracy. I apply learning rate decay by a factor of 0.8 if the devel-

opment set accuracy is not improved during 3 consecutive epochs and early stopping

if the development set accuracy is not improved during 6 consecutive epochs. I ap-

ply dropout with the rate of 0.3 before and after each of the LSTM units as well as

embedding layers.

4.3 Transfer Learning Formulation

In this section, I introduce what is transfer learning and why it warrants attention

in Natural Language Processing. Then I explain the transfer learning formulation I

apply and the selection criteria I use to identify the source and target language pairs.

The treebanks in Universal Dependencies differ from each other substantially in

terms of the dataset sizes. For example, while there exists more than 1 million mor-

phologically annotated words in Czech treebank, Hungarian and Estonian languages

contain 20,166 and 22,525 tokens respectively in their training sets. Table 4.2 shows

data statistics for all the languages used in this thesis. Neural methods are data-

hungry and struggle in the case of low-resource setting. To mitigate insufficient an-

notated data problem, I consider transfer learning.

Transfer learning is a technique that gives models opportunity to use knowledge

gained from a task on a different but related task. It is an efficient method used

in many different Natural Language Processing problems such as Neural Machine

Translation (Zoph et al., 2016), Sentiment Analysis (Yoshida et al., 2011) and De-
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pendency Parsing (Guo et al., 2016). In order to be successful at transfer learning,

the knowledge should be applicable in both source and target sides. In this regard, it

is convenient to apply transfer learning on Universal Dependencies treebanks because

there is a single, universal annotation set that is shared across all languages although

each language may or may not use all of the keys and attributes within the set.

In general, transfer learning can be applied in a couple of different ways. For

morphological tagging, one option would be training taggers for both source and target

languages jointly by using union of available data for those languages together. This

approach requires modifying the input words so that the neural model can distinguish

the language to which the words belong. An alternative transfer learning strategy,

which I exploit in my thesis, would be training the high-resource language (source)

first then use the resulting trained network to initialize and constrain training for

low-resource language (target). Unlike the first approach, there is no need to put in

extra effort to regulate the input tokens since they are used separately.

Independently of transfer learning strategy being used, it is extremely important

to pair languages properly to benefit from transfer learning. In order to identify these

pairs, I decide to exploit the treebank statistics for each language. First I count

how many times each key in UD annotation set occurs in the treebank and then

normalize these values dividing by total number of tokens in the treebank. Next, I

create a vector whose length is equal to number of unique keys in UD annotation

schema, in order to store these normalized values. I consider each vector as the

representative of the corresponding treebank. For each target language, I sort all

pairs by measuring the euclidean distance between vectors of the language pair and

nominate three closest language as the source language. Finally, I try to transfer

knowledge from each source language candidate separately and select the one that

improves target language’s performance most.
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4.4 Results

In this section, I evaluate my model and compare results with related work for Turkish

disambiguation datasets and Universal Dependencies datasets.

4.4.1 Turkish Morphological Analysis/Disambiguation Results

Here, I present the performance of my model on three Turkish datasets. Table-

4.4 shows the results of several systems for different Turkish datasets. I use per

token accuracy as evaluation metric. The (W/) column shows the performance when

unambiguous tokens are tagged perfectly. The (W/O) column shows the accuracies

when unambiguous tokens are also tagged by the model. The reason I made this

distinction was to get results comparable to older models: When I use my model to

tag unambiguous words, it does not achieve 100% accuracy. Unlike my model, all of

the models I compare with take the output of morphological analyzer as input and

predict the correct analysis among them, thus they always get the right result for

unambiguous tokens.

Method TrMor2006 TrMor2016 TrMor2018

A/ W/ W/O A/ W/ W/O A/ W/ W/O

Yuret and Türe (2006) 89.43 95.82 - - - - - - -

Sak et al. (2007) 90.76 96.28 - - - - - - -

Yıldız et al. (2016) - - - 84.12 92.20 - - - -

Shen et al. (2016) 91.03 96.41 - - - - - - -

MorphNet 92.86 96.86 96.63 84.41 92.34 91.93 96.40 98.30 97.69

Table 4.4: Test set performance of several models on Turkish Datasets. A:Ambiguous

token accuracy, W:Accuracy on all tokens if unambiguous tokens are tagged perfectly,

W/O:Accuracy on all tokens if unambiguous tokens are also tagged with MorphNet.
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For the TrMor2006 dataset, I report 96.86% total accuracy which is the best result

to date, although the difference is not statistically significant. For ambiguous words,

my model performs with 92.86% accuracy showing its ability to simulate both analyzer

and disambiguator internally. Maybe more importantly, the standalone version of my

model (W/O) performs better than the disambiguators even though it does not rely

on an external analyzer. When I test my model on TrMor2016 dataset, it achieved

a slightly better performance than Yıldız et al. (2016) on ambiguous words. I hope

that the new TrMor2018 dataset will allow for better system comparison due to its

high accuracy and large test set.

4.4.2 Universal Dependencies Morphological Tagging Results

Here I present the performance of my model on Universal Dependencies datasets on

UPOS tagging, FEAT tagging and lemmatization. I used a single model to produce

the lemma, UPOS tag and FEAT tags of each input word. After training, I split my

model’s output in order to evaluate performance of it on these three tasks separately.

To prove MorphNet is a language agnostic model and it can easily be used with

languages other than Turkish I evaluated my model on 26 different languages and

compared results with previous work which report the top scores on UD tree-banks.

Straka and Straková (2017) use a morphological guesser and average structured

perceptron with 38 different hand-crafted features to build a tagger. Their guesser

generates several options for each word according to its suffixes with different lengths,

and then the averaged perceptron tagger disambiguates the generated tags. Their

scores are taken from Straka and Straková (2017). Heigold et al. (2017) employs

neural networks to build their morphological tagger. They produce a composite tag

for each word by utilizing a bidirectional LSTM over a character based word vectors.

Heigold et al. (2017) provide scores on Universal Dependencies(UD) v1.3 datasets.

To compare my model with all previous work simultaneously, I re-implemented

the model with parameters in Heigold et al. (2017) and trained on UD V2.0 datasets.

For Hungarian (hu), Estonian (et), Chinese (zh), Greek (el), English (en),French (fr)



Chapter 4: Experiments 23

and Italian (It) I use my model, described in Chapter 3, with minor variations. See

Appendix A.1 for details. Table-4.5, Table-4.6 and Table-4.7 present the results for

UPOS tagging, FEAT tagging and lemmatization. Moreover, Appendix C.2 shows

my model’s development set results on several CoNLL 2018 datasets.

4.4.2.1 Universal Part-Of-Speech (UPOS) Tagging Results

Here I focus on the UPOS tagging performance of my model and previous work. I

compared my model to Heigold et al. (2017) and Straka and Straková (2017). In

this section, I ignored the correctness of my model’s lemma and FEATs predictions

and consider its UPOS prediction only. The results are presented on Table-4.5. The

scores on the table proves that my model performs robustly across wide range of

languages and it achieves similar or better scores than the previous work in UPOS

tagging on Universal Dependencies treebanks. My model performs best for most of the

agglutinative languages such as Turkish (tr) and Finnish (fi). For Turkish MorphNet

achieves 95.11% accuracy which is considerable better than the previous best. The

Hungarian (hu) and Estonian (et) are the exceptions where Straka and Straková

(2017) performs significantly better than both my model and Heigold et al. (2017).

Straka and Straková (2017) moves sentences from the beginning of development set to

the end of training set, until the training set is at least nine times the development set.

This strategy effects the datasets mostly on these languages because both Hungarian

and Estonian datasets have the lowest train set/ development set ratio and applying

this method increases the sizes of Hungarian and Estonian training sets up to 50%. For

some Slavic languages such as Bulgarian (bg) and Slovenian (sl), my model performs

slightly better than Straka and Straková (2017) while Heigold et al. (2017) achieves

best scores by additional minor gains. My model performs equally with Heigold et al.

(2017) on Czech (cs) by 98.58% accuracy and Straka and Straková (2017) on Russian

(ru) by 94.80% accuracy. For Dutch (nl), my model performs significantly worse

than previous work. The performance of my model on languages such as Arabic

(ar), Chinese (zh), Hebrew (he) and Hindi (hi), where it performs best with 94.89%,
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lang MorphNet Heigold UD-Pipe lang MorphNet Heigold UD-Pipe

et al et al

ar 94.89 94.45 94.40 es 95.85 96.40 95.92

bg 97.93 98.01 97.70 pt 95.07 97.04 96.80

cs 98.58 98.58 98.40 sk 91.82 92.30 93.30

en 94.01 94.12 94.50 sl 96.24 96.74 96.20

et 86.73 83.71 91.30 ru 94.80 94.59 94.80

fr 95.60 95.50 96.50 hi 96.21 96.07 95.99

hu 87.36 78.47 91.80 he 95.51 94.78 95.10

ro 96.74 96.84 96.80 el 95.10 93.68 96.00

tr 95.11 93.35 94.00 pl 95.48 94.26 95.70

hr 96.18 96.27 96.00 sv 95.01 95.52 95.80

it 97.85 97.33 97.40 nl 85.77 91.98 91.80

da 95.45 95.54 95.50 fi 95.48 95.33 94.90

ca 96.42 98.25 98.00 zh 92.90 91.12 92.20

Table 4.5: Test set UPOS performances. Values are per-token accuracies. The Mor-

phNet column presents my model’s results on UPOS tagging.

92.90%, 95.51% and 96.21% accuracies respectively, proves that MorphNet is not

affected by the character set of the input language. Finally, For English (en) and

French (fr) Straka and Straková (2017) performs best as a result of employing a

morphological guesser whose feature-set is fine tuned on English and French datasets.
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4.4.2.2 Morphological Feature (FEAT) Tagging Results

In this section, I present my model’s performance on FEAT Tagging and compare it

with Heigold et al. (2017) and Straka and Straková (2017). The results are presented

in Table-4.6. While calculating the accuracy, I consider only the correctness of FEATS

part of my model’s output and ignore the lemma and UPOS parts. There are 48

unique feature keys and 177 unique key-value pairs in the Universal Dependencies

annotation. Each tag contains a chain of keys for FEAT tagging. It makes FEAT

tagging a more difficult task than UPOS tagging and thus the performance difference

between models become more apparent in general. Heigold et al. (2017) predicts the

tag as a complete unit rather than as a combination of key features. It performs

slightly better than my system for languages with relatively less unique tags such as

Catalan (ca) and English (en). On the contrary, my model obtains best results on

languages having a large number of unique tags in their corpus. For Finnish (fi) whose

corpus contains 1810 unique tags, my model achieves 93.08 and for Czech (cs), where

2776 unique tags exist, it performs with 94.65% FEAT tagging accuracy. Similarly,

it improves previous best score for Turkish and Hungarian which are the languages

with more than 700 unique tags, by 3.02% and 4.62% additional gains respectively.

For Iberian-Romance languages such as Spanish (es) and Portuguese(pt), Heigold

et al. (2017) obtains best results. For Russian and Polish, which are the members of

Slavic language family with highly fusional morphology, my model achieves 88.46%

and 86.30% accuracies respectively and outperforms previous work by large margins.

For another Slavic language, Slovenian (sl), my model performs better than Straka

and Straková (2017) by 1.96% while Heigold et al. (2017) achieves the best score by

additional 1.67%. While my model outperforms previous work on Hebrew (he) with

92.32% accuracy, Straka and Straková (2017) performs best with 85.00% accuracy

on Estonian (et). Similarly, it achieves best results for Swedish (sv) with 94.60%

accuracy and for French (fr) with 96.50% accuracy. Finally, for Chinese (zh) and

Danish (da) all of the models perform almost equally.
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lang MorphNet Heigold UD-Pipe lang MorphNet Heigold UD-Pipe

et al et al

ar 91.48 91.96 89.60 es 95.48 96.40 96.30

bg 96.65 96.53 95.60 pt 94.63 95.41 93.70

cs 94.65 94.32 92.20 sk 79.00 81.30 79.90

en 96.16 96.17 95.40 sl 90.56 92.23 88.60

et 81.75 79.45 85.00 ru 88.46 85.95 84.50

fr 96.33 96.33 96.50 hi 92.01 92.14 90.30

hu 75.22 63.29 70.60 he 92.32 91.77 91.30

ro 96.20 96.34 96.30 el 90.42 89.20 90.50

tr 91.92 88.57 88.90 pl 86.30 85.76 84.20

hr 87.17 87.53 84.40 sv 93.36 94.41 94.60

it 97.72 97.43 97.20 nl 85.21 90.24 89.90

da 94.53 94.55 94.50 fi 93.08 92.81 91.80

ca 95.70 97.60 97.20 zh 98.83 98.73 98.79

Table 4.6: Test set FEAT performances. Values are per-token accuracies. The Mor-

phNet column presents my model’s results on FEAT tagging.
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4.4.2.3 Lemmatization Results

In this section, I focus on my model’s lemmatization performance. I consider only

the lemma part of the prediction generated by my model and ignore the UPOS and

FEATs sections of it. I compare my model only by Straka and Straková (2017) be-

cause, the model presented in Heigold et al. (2017) produces only UPOS and FEAT

tags and does not generate a lemma for input tokens. I use exact matching accu-

racy as the evaluation metric. The results are presented in Table -4.7. Unlike my

model, Straka and Straková (2017) use separate models for UPOS+FEAT tagging and

lemmatization. Similar to their morphological tagger, Straka and Straková (2017) use

a morphological guesser and averaged perceptron tagger for lemmatizer. The guesser

is basically a heuristic. It produces several lemma rules based on the last four char-

acters of a word. Next, each lemma rule generates a lemma from a word by stripping

some prefix and suffix and prepending and appending new prefix and suffix. Then,

an averaged perceptron performs disambiguation to decide the correct lemma form.

My model outperforms Straka and Straková (2017) by a considerable margin for 13

languages and performs slightly better for 8 languages. Among the remaining 5 lan-

guages, Chinese (zh) and Hungarian (hu) are the only two languages for which my

model performs significantly worse than Straka and Straková (2017). Chinese is a

non-inflectional language and thus words always appear in the lemma form. The rea-

son why my model does not perform with perfect accuracy is the errors occurred while

copying characters of the words. Similar to UPOS and FEAT tagging tasks, %3.05

accuracy difference on Hungarian dataset shows that Straka and Straková (2017)’s

strategy of transferring data from the development set to the training shows its effect

best on Hungarian language.
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lang MorphNet UD-Pipe lang MorphNet UD-Pipe

ar 94.48 92.60 es 98.45 96.10

bg 97.53 94.70 pt 97.78 97.20

cs 98.95 97.90 sk 91.76 86.00

en 98.20 96.90 sl 96.52 95.40

et 84.20 84.50 ru 95.96 75.10

fr 98.16 97.60 hi 98.27 98.00

hu 86.45 89.50 he 93.89 93.20

ro 97.72 96.80 el 94.23 94.60

tr 96.16 91.70 pl 95.74 93.60

hr 96.12 94.40 sv 94.92 95.70

it 98.02 97.50 nl 90.50 90.10

da 96.08 95.00 fi 93.80 86.80

ca 98.15 97.90 zh 95.81 100.00

Table 4.7: Test set lemmatization performances.Values are per-token accuracies. The

MorphNet column presents my model’s results on lemmatization.
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4.4.3 Transfer Learning on Universal Dependencies Datasets

In this section, I present the scores I obtain after applying transfer learning. The

results are presented in Table-4.8. Similar to Section 4.4.2, I report results for UPOS

Tagging, FEAT tagging and Lemmatization separately. For each target language in

the Table-4.8, I tried to transfer knowledge from its three closest pairs. I reported the

best score I obtained for each target language. For complete list of (target,source)

pairs, see Appendix C.1. The Source Lang column shows the language from whose

model I copy the learned weights to initialize the Target Lang’s model parameters.

The values within parenthesis show the increase (or decrease) I obtain by transfer

learning compared to from scratch training. In general, transfer learning shows its

effect best when the available corpus for target language is limited. For Estonian

(et), which has the smallest training data, I observed at least 2.5% increase in each

category when it is initialized with the weights of Finnish model. Similarly, for Hun-

garian (hu), the lemmatization performance increases by 3.15% and UPOS tagging

performance increases by 1.40% but transfer learning hurts FEAT tagging perfor-

mance approximately 1.00%. When I initialize the weights of Slovak (sk) model with

the Czech (cs) model, I obtain 5.20% increase in FEAT tagging accuracy and achieve

the best results by outperforming previous work in all of the categories. Initializing

Swedish (sv) model with Danish (da), an another Continental Scandinavian language,

increases my model’s accuracy by at 1.58% in UPOS tagging and 4.34% in FEAT tag-

ging and enables my model to perform slightly better than all previous work. When I

swap the source and target for (sv,da) pair, I observe the decrease in the performance

increase. I believe it is because Danish (da) have larger training set and therefore

it is more applicable to be used as Source Language. When I try transfer learning

on languages who have large training set such as Portuguese (pt), Hindi (hi) and

Romanian (ro), I observed minor performance increases in general. Finally, Spanish

model improves the Dutch model’s UPOS and FEAT tagging performance more than

1.0 % and Croatian (hr) model helps Slovenian model’s FEAT tagging by providing

2.5% gain.
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Target

Lang

MorphNet

(UPOS)

MorphNet

(FEAT)

MorphNet

(Lemma)

Source

Lang

et 89.23 (+ 2.50) 85.25 (+3.50) 87.62 (+3.42) fi

sk 93.74 (+ 1.92) 85.20 (+ 5.20) 94.42 (+ 2.65) cs

hu 88.75 (+ 1.40) 74.20 (- 1.02) 89.60 (+ 3.15) fi

da 95.75 (+ 0.60) 94.94 (+ 0.41) 96.46 (+ 0.38) sv

pt 95.40 (+ 0.33) 95.01 (+ 0.38) 98.03 (+ 0.25) es

hi 96.44 (+ 0.23) 92.16 (+ 0.15) 98.47 (+ 0.20) ur

sl 96.91 (+ 0.67) 93.06 (+ 2.50) 97.46 (+ 0.94) hr

ro 96.70 (- 0.04) 96.53 (+ 0.33) 97.91 (+ 0.19) bg

nl 86.77 (+ 1.00) 86.53 (+ 1.32) 91.11 (+ 0.61) es

sv 95.82 (+ 1.58) 94.90 (+ 4.34) 96.72 (+ 0.20) da

Table 4.8: Test set performances after Transfer Learning. The values within paren-

theses indicates the improvements in accuracy achieved by transfer learning.
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CONCLUSION

In this thesis, I described a language independent neural sequence-to-sequence

model for morphological Disambiguation and Tagging problems. In its most generic

form, my model employs three LSTM encoders, a character based encoder to obtain

word embeddings, a word based bidirectional LSTM encoder to obtain context embed-

dings and a unidirectional LSTM encoder to obtain output embeddings of preceding

word analyses. It uses a two layer LSTM decoder to predict the correct morphological

analysis. I showed that such a model can disambiguate input tokens without relying

on an external analyzer. Next, I evaluated my model’s lemmatization, Part-of-Speech

Tagging and Morphological Feature Tagging performance on Universal Dependencies

datasets. Furthermore, I showed that, by transfer learning, I can improve my model’s

performance even further especially for the low resource languages. By obtaining

State-of-the-Art or comparative results on 26 different languages, I demonstrate that

my model can achieve good performance on multiple languages with different charac-

teristics.
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Appendix 1

MODEL

A.1 Model Variations

For a subset of tree-banks in Table-4.2, I use two different variations of my model.

For Hungarian, Estonian, Greek and Chinese I used the model without the output

encoder. Figure A.1 represents the corresponding variation. The aim was to decrease

to model complexity (at the risk of losing its representation capacity) in order to ease

the over-fitting. For English, French and Italian I use only word encoder and context

encoder by discarding output encoder and decoder. The model predicts the tag of

each word compositely and it is trained by using CRF loss. This variation increases

my UPOS tagging performance for aforementioned languages even-though it did not

effect FEAT tagging significantly. Figure A.2 represents the corresponding variation.
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Figure A.1: The first variation of MorphNet.

Figure A.2: The second variation of MorphNet.



Appendix 2

DATASETS

B.1 Universal Dependencies POS tags

In this section, I provide the Universal Part-of-Speech (UPOS) tags used in Universal

Dependencies (UD) datasets. Table B.1 demonstrates the set of all UPOS tags used

in UD V2.0 datasets.

ADJ Adjective

ADP Adposition

ADV Adverb

AUX Auxiliary

CCONJ Coordinating Conjunction

DET Determiner

INTJ Interjection

NOUN Noun

NUM Numeral

PART Particle

PRON Pronoun

PROPN Proper Noun

PUNCT Punctuation

SCONJ Subordinating Conjunction

SYM Symbol

VERB Verb

X Other

Table B.1: Universal Dependencies v2.0 Part-of-Speech Tags
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B.2 Universal Dependencies Morphological Feature tags

In this section, Morphological Feature (FEAT) tags used in Universal Dependencies

datasets. Table B.2 demonstrates the set of all FEAT tags used in UD V2.0 datasets.

Abbr Abbreviation

AbsErgDatNumber number agreement with absolutive/ergative/dative argument

AbsErgDatPerson person agreement with absolutive/ergative/dative argument

AbsErgDatPolit politeness agreement with absolutive/ergative/dative argument

AdpType Adposition type

AdvType Adverb type

Animacy Animacy

Aspect Aspect

Case Case

Clusivity Clusivity

ConjType Conjunction type

Definite Definitiness or state

Degree Degree of comparison

Echo Is this an echo word or a reduplicative?

ErgDatGender Gender aggrement with ergative/dative argument

Evident Evidentiality

Foreign Is this a freign word?

Gender Gender

Hyph Hyphenated compound or part of it

Mood Mood

NameType Type of named entity

NounType Noun type

NumForm Numeral form

NumType Numeral type

NumValue Numeric value
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Number Number

PartType Particle type

Person Person

Polarity Polarity

Polite Politeness

Poss Possessive

PossGender Possessor’s gender

PossNumber Possessor’s number

PossPerson Possessor’s person

PossedNumber Possessed object’s number

Prefix Word functions as a prefix in a compound construction

PrepCase Case form sensitive to prepositions

PronType Pronominal type

PunctSide Which side of paired punctuation is this?

PunctType Punctuation type

Reflex Reflexive

Style Style or sublanguage to which this word form belongs

Subcat Subcategorization

Tense Tense

Typo Is this a misspelled word?

VerbForm Form of verb or deverbative

VerbType Verb type

Voice Voice

Table B.2: Universal Dependencies v2.0 Morphological Features
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RESULTS

C.1 Target-Source Language Pairs

Here, I list three closest languages for each language that I use as Target Language in

Table 4.8. I define the distance between languages as a root mean square distance of

the corresponding vectors which are the FEAT distributions in the corpus.

Target Lang Source Language Candidates

Estonian Finnish, Turkish, Hungarian

Slovak Polish, Czech, Croatian

Hungarian Latvian, Croatian, Finnish

Danish Swedish,English,Norwegian

Portuguese French, Spanish, Galician

Hindi Urdu, Portuguese, Estonian

Slovenian Croatian, Czech, Russian

Romanian Galician, Bulgarian, Slovenian

Dutch Spanish, Catalan, Romanian

Swedish Norwegian, Danish, Romanian

Table C.1: Transfer Learning (Target-Source) Language Candidates
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C.2 CoNLL 2018 Shared Task Results

Here, I present my model’s results obtained on several CoNLL 2018 Shared Task

treebanks. Since the test sets have not been released yet here I report development-

set results. These results are obtained by starting training from scratch.

lang UPOS FEATS LEMMA lang UPOS FEATS LEMMA

ar 96.14 91.44 94.27 tr 94.46 91.25 95.91

da 95.40 93.70 95.80 el 95.21 90.11 94.27

fi 94.53 95.18 95.27 hr 96.58 89.61 96.51

cs 97.69 92.10 98.15 hu 89.79 70.23 86.52

gl 96.97 99.81 97.70 sl 96.85 90.96 97.08

de 93.09 88.30 96.83 pl 95.88 87.33 95.97

ja 97.43 99.95 97.80 it 94.90 95.34 96.35

sv 94.65 93.80 95.89 hi 96.20 91.71 98.36

bg 97.77 96.65 97.63 ro 97.08 96.52 97.66

zn 91.70 98.82 96.40 sr 96.40 92.77 95.65

grc 91.05 88.68 82.92 af 95.39 93.44 95.41

ko 93.21 98.59 89.91 ur 90.07 86.97 88.76

eu 94.76 91.50 96.48 fr 96.73 96.38 97.80

fro 94.17 96.21 100.00 he 96.35 93.57 96.54

es 97.10 96.66 98.73 ru 97.70 95.97 98.16

Table C.2: MorphNet’s development set results on several UD v2.2 datasets that are

used in CoNLL 2018 Shared Task.
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