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ABSTRACT

EXAMPLE BASED MACHINE TRANSLATION SYSTEM
BETWEEN KAZAKH AND TURKISH SUPPORTED BY
STATISTICAL LANGUAGE MODEL

Gulshat KESSIKBAYEVA
Doctor of Philosophy, Department of Computer Engineering
Supervisor: Prof.Dr. ilyas CICEKLI

May 2016, 147 pages

Example Based Machine Translation System(EBMT) is a analogy-based type of
Machine Translation(MT), where translation made according to aligned bilingual
corpus.  Moreover, there are a lot of different methodologies in MT and
hybridization is also possible between these methods which focused on
compounding the strongest sides of more than one MT approaches to provide
better translation quality. There are two parts of Hybrid Machine Translation

(HMT) such as guided part and information part.

Our work is guided by EBMT and a hybrid example based machine translation
system between Kazakh and Turkish languages is presented here. Analyzing
both languages at morphological level, then constructing morphological
processors is one of the most important part of the system. Their morphological
processors are used to obtain the lexical forms of the surface level words and
the surface level forms of translation results at lexical level. Translation
templates are kept at lexical level and they translate a given source language
sentence at lexical level to a target language sentence at lexical level. Our

bilingual corpora hold translation examples at surface level and their words are



morphologically analyzed by appropriate morphological analyzer before they

are fed into the learning module.

Thus, translation templates are learned at morphological level from a bilingual
parallel corpus between Turkish and Kazakh. Translations can be performed at

both directions using these learned translation templates.

The system is supported by a statistical language model for the target
language. Therefore, translation results are sorted according to both their
confidence factors that are computed using the confidence factors of the
translation templates used in those translations and statistical language model
probabilities of those translation results. Thus, the statistical language model of
the target language is used in the ordering of translation results in addition to
translation template confidence factors in order obtain more precise translation

results.

Our main aim with our hybrid example based machine translation system is to
obtain more accurate translation results by pre-gained knowledge from target
language resource. One of the reasons that we propose this hybrid approach is
that monolingual language resources are more widely available than bilingual
language resources. In this thesis, experiments show that we can rely on the
combination of EBMT and SMT approaches, because it produces satisfying

results.

Keywords: Example Based Machine Translation, Statistical Language Model,

Machine Learning.



OZET

KAZAKCA VE TURKGE DILLERi ARASINDA ORNEK TABANLI

VE iSTATiISTIK MODEL DESTEKLI MAKINE GEVIRi SISTEMI

Gulshat KESSIKBAYEVA
Doktora, Bilgisayar Muhendisligi Bolumu
Danisman: Prof. Dr. ilyas CICEKLI

Mayis 2016, 147 Sayfa

Ornek Tabanli Makine Ceviri Sistemi terciimenin paralel metinler kullanilarak
elde edildigi benzerlik bazli makine geviri sistemi yontemlerindendir. Makine
ceviri sistemlerinin birden fazla cesitleri mevcuttur ve tercimenin kalitesini
artirma adina metotlardan bir kacginin guglu yonleri birlestirilerek hibrit
yaklagimlarin olusturulmasi mamkutnduar. Genellikle hibrit yontemlerin iki ana

kismindan bahsedilir ki, bunlar gudumlu ve bilgi kisimlaridir.

Bu calisma Kazakca ve Tirkge dilleri arasinda temelde Ornek Tabanli Ceviri
Sistemi sahip bir hibrit sistemdir. Her iki dilin bi¢im bilgisinin analizi ve ardindan
bicim bilgisi islemcisinin olusturulmasi sistemin énemli bilesenlerinden biridir.
Bicim bilgisi islemcisi kelimelerin yuzeysel bi¢ciminden sdzcuk bazli analiz
bicimini elde etmek igin ve ayni zamanda tercime sonuglarinin sézcuk bazli
analiz bigiminden yuzeysel kelimelerin elde edilmesinde kullanilir. Bagka bir
deyisle, tercime kaliplari sdzcuk bazl analiz seviyesinde tutulur ve islenir. Yani,
kaynak dilde s6zclk bazli analiz seviyesinde verilen cimle hedef dilde s6zclk
bazli analiz seviyesinde sonug Uuretir. Sistemde kullanilan paralel metinler

yuzeysel kelime bazli érnekler cinsinde tutulur ve her biri ilgili bigim bilgisi



islemcisinden sonra 6grenme moduline yuklenir. Sonu¢ olarak Kazakga ve
Turkce dilleri arasindaki tercume kaliplari sézcuk bazli analiz seviyesinde

ogrenilir. Ogrenilen kaliplari kullanarak sistem cift yonlii terciime yapmaktadir.

Sistem tarafindan uretilen sonuclar érnek kaliplari agisindan guvenirlilik faktor
degerine gore siralanmaktadir. Diger yandan sistem kaynak dil agisindan
istatistik model desteklidir. Bu dretilen sonuglarin sadece 6rnek kaliplari
acisindan degil de ayni zamanda istatistiksel cimle olasiliginin hesaplanmasi
ve boylece kaynak dil agisindan gecerliligin g6z dninde bulundurmasidir. Bu da
sonuglarin kaynak dilde gecerli ve daha dizgin tercime sonucu anlamina

gelmektedir.

Bu galismada hibrit 6rnek tabanl geviri sistemin kullanilmasindaki temel amag
kaynak dilde oncesinden hesaplanmis istatistik modelleri kullanarak daha
gecerli ve dizgun sonug¢ elde etmektir. Bahsedilen hibrit sistem o6nerisinin
nedenlerinden birisi tek dilde erigebilen kaynaklarin paralel islenmis metinlerin
elde edilmesinden daha kolay ve olanakli olugudur. Deney sonucu olarak ta
tatmin edici neticelere ulasildigindan drnek tabanli geviri sistemlerin istatistiksel

modellerle desteklenmesi istinad edilebilir bulunmaktadir.

Anahtar Kelimeler: Ornek Tabanli Ceviri Sistemleri, istatistiksel Modeller,

Makine Ogrenimi.



ACKNOWLEDGEMENT

| would like to express my sincere gratitude to my advisor Prof. Dr. ilyas
CICEKLI for the continuous support of my Ph.D study and related research, for
his patience, motivation, and immense knowledge. | could not have imagined

having a better advisor and mentor for my research in Ph.D study.

Besides my advisor, | would like to thank the rest of my thesis committee
members, Prof. Dr. Ferda Nur ALPASLAN, Prof. Dr. Ahmet COSAR, Prof. Dr.
Hayri SEVER, Asst. Prof. Dr. Goneng ERCAN, and Asst. Prof. Dr. Ayca
TARHAN for reviewing this thesis and providing me with helpful feedbacks. |

also would like to thank them for their valuable comments and suggestions.

Finally, | would like to acknowledge friends and family who supported me during
my time here and throughout my life. First and foremost, my sincere thanks go
to my family members, for their endless love and support, especially my parents
who have always done their best for me. | could not have achieved this without
their unlimited help and encouragements. | am indebted to my husband whose
love, encouragement, unfailing support and patience made all this work
possible. Also, my lovely son Amir Ali and daughter Alima Nur have always
been a great source of passion and motivation. | am lucky to have met Oznur

Tldrkmen, and | thank her for her friendship, love, and unyielding support.

24 May 2016
Gulshat KESSIKBAYEVA



CONTENTS

Pages

ABSTRACT .....cutiiieeiiiieiiste ittt st sar s b s as e s e s s b e s e as e s ba e s s ab e s e as e s sa e s e nbesesanesanans I
0 7. 23 TP n
ACKNOWLEDGEMENT .....uoeiiiiiiisunnisseeissieissstsssssessssesssssessssssssssssssssssssassssssesssssssssassssssesssssasns Vv
L0 TV I = 1 vi
LU 2 = IX
L2 11N X
SYMBOLS AND ABBREBIATIONS........ccocvctiinieniisiniiseniisieissnssssssssssessssssssssesssssssssassssssssssssesns Xl
1. INTRODUCTION .....ceiiiieiiireiisueisiteissatesissnsssssesssssesssasessssssssssessssssssssssssssessssssssssssssssesssssess 1
1.1, MACHINE TRANSLATION ...c.uttiiititesitteetieeitte s ettt esitee ettt e st e st e st e sbeeesneeesabeeebeeeaee 1
1.1.1. Rule Based Machine Translation ..........ccoovcvieeiiiiiieiiiiiee e e 4
1.1.1.1. Direct APProach .....cccciiiiiiiii e, 4
1.1.1.2. Transfer Based APProach ...ttt 4
1.1.1.3. INterlingua APProach .....cceviiiiiiiiiiiiii e 5
1.1.1.4. Some AppPlications Of RBIMIT .......uuuuuuiiiiiiiiiiiiiiiiittsessese e e nnan 5
1.1.2. Statistical Machine Translation .........ccooieiiiiiiiii e 5
1.1.2.1. Translation MOdel.......cueeiiiiiiei e 6
1.1.2.2. LaNGUAEBE MOAE ...coeeiiiiiiiiieeee e 7
1.1.3. Example Based Machine Translation .......ccccccooueiiiiiiiiiiiiiccccccccceaea s 8
1.1.3.1. Translation Process Of EBIMT .....ccoocuiiiiiiiiieiniieie et 10
1.1.3.2. Matching Phase of EBMT ...cccoiiiiiiiiiiii e, 10
1.1.3.3. Adaptation and Recombination Phase of EBMT............ccooviiiiiiiiiiiiiin e, 11
1.1.3.4. Underlying problems of EBMT.......ccoooiiiiiiiiiiieeeeeeee e, 13
1.1.4. Hybrid Machine Translation ......ccccccccueeiiiiiiiiii e e 14
1.2, LingUIStiC KNOWIEAZE ...evvviiiiiiiiiiiiiiiiceeeeee ettt e e e e e e e e e e e aaaaaaa s 14
1.3, Related RESEAICNES. ... ..ueiiiiiiiiiite et 16
1.4, TheSisS OUTIINE ..ot e e e e e e eneeee s 18

2. ARCHITECTURE OF THE HYBRID EBMT SYSTEM .......cccceiiiiiiieeiinenissnnnssenssssssssssnssssssssnns 19
2.1.  Morphological Analysis And Disambiguator........ccccccouiviiiiiiiiiiieiccescceevviennens 20
2.2, Language Model Of SIMIT.......u ittt e eeee e nnnnnanasseesernnes 21
2.3, EBMT AS COre MOGEI ...couiiiiiiiiiiieiiie ettt ettt s 21



3. TURKISH AND KAZAKH LANGUAGE MORPHOLOGY ......cccccmmrrrrriiissssnnnnnennniisssssnnnnneeennnes 23

3.1.  Finite State Transducers And Two Level Morphology .........cccccoevviiviiiieiiiien e, 23
3.2.  Turkish Language Morphology........cccoeeeeiiiii e, 25
3.3.  Similar and Distinctive Features of Turkish and Kazakh languages..................cc....... 25
3.4.  Introduction To Kazakh Language Morphology ...........ceeeeeeeeeeiiiiiiiiee e, 29
3.4.1. Vowel and Consonant Harmony .........uueeeieeieieeeeeeeeeeesiiivevieeeeeeeeeeeeeeeeeeeeeees aresnnnnes 29
3.4.2. NOUNS L. bbb 34
3.4.3. VBIDS e e e 38
3.5. Morphological parse of aWord .........ccoooiiiiiiiiiiiiicccc 41
3.6, EVAlUALION coeiiiiiieee e e e e e 41
4. MORPHOLOGICAL DISAMBIGUATION......ccccereruriiseeiisuresisannissessssnessssnsssssssssssessssesssssesns 43
A1, Brill TAgEE e 43
N | - 11 011 o T~ S PRSP PPPPPPPPR 44
4.3, DisambigUating.....ccoviiiiiiiiiiii 46
A4, EVAIUGTION ..eeiiiiiiiieeee e e ee e e e 49
5. LEARNING TRANSLATION TEMPLATES .......cccoveierniisiniisnnissnesssssesssansssssssssssssssssssssssnns 50
5.1. Type Associated Translation Templates .........ccoeieiiiiiiiiiiiiicce e, 54
5.2. LAICO wereiiiiiiii e 55
5.3, EPSIHON INSEITION .ccc i 58
5.4.  Learning From Learned Templates........ccceeeiiiiii e, 60
5.5, CoNFIdENCE FACTOIS ...oeiiiiiiiiieiiiie ettt et e 61
6. TRANSLATION WITH LEARNED TRANSLATION TEMPLATES........cccecseternrunrsssensssunnsssenssnns 64
6.1, MatChing Phase ...ccccoiiii e 65
6.2, EArl@Y ParSer. e 65
7. STATISTICAL LANGUAGE MODEL SUPPORTED TRANSLATION ORDERING...........cccvueruneee 68
7.1, LangUAge MOeIS.....cccc i 69
7.2, Sentence Probability........ccooiiiiiieiiccc 70
7.3, SMOOtNING e e 71
8. EVALUATIONS AND ANALYSIS OF EVALUATION RESULTS.......cccococeeriumiinsennssnnessseessssennans 73
8.1, AaNd B RANKING ...cci i 73
8.2, BLEU MELNOM ...ciiniiiiiiiieiie ettt ettt ettt sttt e e e 73
8.3. Mean Reciprocal Rank .......ccoiiiiiiieeccc 75
8.4, EVAlUALION Leoiiiiiiieee e e e e 76
9. CONCLUSION AND FUTURE WORK .......coiiiiiiiiiiinininsiiisseenieessssssssssssssessssssssssssssssesns 81



o 0 N 84

APPENDIX 1: ORTHOGRAPHIC RULES OF KAZAKH LANGUAGE ......ccceteerriiiiiiennnnnennnisnsnennnnenns 90
APPENDIX 2: PART OF LEXICON FOR KAZAKH LANGUAGE.........ccoovcmmriirriiiinennniennninssennnneens 92
APPENDIX 3: RULES LEARNED FOR DISAMBIGUATION...........ccoirvmmmmiiiiiinnnnennnneennnnsssennnneen 99
APPENDIX 4: LATTICE OF TURKISH........ccoirmrrriiiiincrentiinnnneennnesnnneennssssssssssnnnseens 110
APPENDIX 5: LATTICE OF KAZAKH LANGUAGE .......cccovvmmriiriiiiinsnnnniniininsseennneesnnsssseesssseeen 113
APPENDIX 6: TENSES AND THEIR PROPERTIES IN KAZAKH LANGUAGE.......cccovvrrrrrrrrsrsrrssnnnes 117
APPENDIX 7: LATIN REPRESENTATION AND TRANSCRIPTION OF KAZAKH LETTERS ............. 128
APPENDIX 8: TABLE OF ALTERNATION RULES OF KAZAKH LANGUAGE.......cccovvrirrrrrrnssnnnsnnnns 129
CURRICULUM VITAE ...cciiiiiiientiitiiiinineeniiieinissssennssssssisssssssssssssssssssssssssssssssssssssnsssssssssas 132

VI



FIGURES

Pages
Figure 1. Vauquois’ Pyramid for Machine Translation...............cooooeeiiiiiiiiinn. 2
Figure 2. Classification of Machine Translation.............ccccooiiiiiiiinnii, 3
Figure 3 SMT ArchiteCture ........cooooeioiiieeeee 6
Figure 4. Architecture of EBMT system supported by SLM.............ccceeeeiienn. 19
Figure 5. Groups of Kazakh letters according to their..............ccccoiis 31
Figure 6. First Group of Similar Alternation Rules according ............cccceeeeennnn. 32
Figure 7. Second Group of Similar Alternation Rules according ...................... 32
Figure 8. The FSA model of inflectional changes of a.............ccccciiiiis 35
Figure 9. Morphotactic Rules for Nominal ROOtS.............ccccooviiiiiiiiiis 36
Figure 10. Morphotactic Rules for Nominal ROOtS..............ccooiiiiiiiiiiiis 36
Figure 11. Tenses of Verbs in Kazakh Language ..............cooooeiiiiiiiiiiiieeeeen, 38
Figure 12. Morphotactic Rules of Verbs in Kazakh Language ......................... 39
Figure 13. General View of Training and Disambiguation Corpus.................... 44
Figure 14. Flow Chart of Disambiguation Process ...........cccccoouiiiimiiiiiiiiiinnnnnns 48
Figure 15. The TTL AlQOrithm ..o 52
Figure 16. A Part of a Kazakh LattiCe...........ccoooiiiiiiii 57
Figure 17. Part of a Turkish Lattice .........ccoooeiiiiiiiee, 59
Figure 18. Flowchart of Learning Algorithm ..o, 62
Figure 19. Parse tree of Earley Algorithm ..., 67



TABLES

Pages
Table 1. Example for Morphological Analysis of Noun and Suffix Order.......... 27
Table 2. Example for Morphological Analysis of Noun and Suffix Order.......... 28
Table 3. Personal Pronoun and its Case Agreement .................eeveveveeeieeennennnns 37
Table 4. Types of Personal AGreements ..............uuevueiiiiiiiiiiiiiiiiiiiiieiiiiieieneenanes 40
Table 5. POSSESSIVE PrONOUNS.........uiiiiiiieieeeeeee et 40
Table 6. Results of morphological analysis................euueiiiiiiiiiiiiiiiiiiiiiiiiiiiiies 42
Table 7. Apart Of WTBL.........coiiiieeeeeee e 45
Table 8. A part Of STBL.....cccoooiieeiee e 45
Table 9. Results of Morphological Disambiguation ..................cceviviiiiiiiiiiiennn. 49
Table 10. lllustration of Parsing..................uueuiieiiiiiiiiiiiiiiiiiiiiiiiiieeieieeeeeeeeeeneees 66
Table 11. Earley Parser EXample.........ccooooveiiiiiiiiei e 66
Table 12. Calculation of sentence probability.................ueeeeiiiiiiiiiiiiiiiiiiiiiiins 70
Table 13. Example for Calculation Coefficients aand B............cccovvviiiiiiienn.n. 73
Table 14. Calculation of MRR ...........oiiiiii e 76
Table 15. Result of context unrelated test set. ..., 77
Table 16. Result of context related test Set............uuveiiiiiiiiiiiiiiiis 77
Table 17. Enhanced results according to sims of Turkish. ...............cccccceeee 78
Table 18. Enhanced results according to sims of Kazakh.....................oeuueee.e. 79



SYMBOLS AND ABBREBIATIONS
Symbols

Abbreviations

NLP Natural Language Processing
MT Machine Translation

EBMT Example Based Machine Translation
SMT Statistical Machine Translation
RBMT Rule Based Machine Translation
HMT Hybrid Machine Translation

™ Translation Model

LM Language Model

L1 Source Language

L2 Target Language

CF Confidence Factor

MRR Mean Reciprocal Rank

BLEU Bilingual Evaluation Understudy
LC Left Context

RC Right Context

FST Finite State Transducer

SOV Subject-Object-Verb

Sg Singular

PI Plural

Xl



Nom
Loc
Dat
Gen
Acc
Abl
Ins
A3sg
A3pl
Pnon
P3Sg
Adj
Adv
Conj
Prop
WTBL
STBL
TTL

DB

Nominative

Locative

Dative

Genitive

Accusative

Ablative

Instrumental

Agreement of Third Person Singular
Agreement of Third Person Plural
None of Possesive Affix
Possessive Third Person Singular
Adjective

Adverb

Conjugate

Proposition

Most Likely Tag of Word Table
Most Likely Tag of Suffix Table
Translation Template Learning

Derivational Boundary

Xl



1. INTRODUCTION

1.1. MACHINE TRANSLATION

Translation between natural languages has a vitality for humankind from the
strach and its history is as old as encounters of people from different
communities with different languages such as travelers, traders, artisans,
politicians, or missionaries who wished to communicate, to explain their
messages, or to reach an an agreement with the foreigners. Nowadays,
Machine Translation is gaining more importance as world is moving towards

globalization and cultural socialization.

In fact, Machine Translation (MT) concept emerged when scientist such as
Warren Waver [1] thought about the idea of automatic translation of texts
between natural languages shortly after the end of the World War Il. By this
period, translation was treated as code-breaking system which uses a natural
language as a code. Therefore, machine translation was seen as a matter of
finding some systematic translation approach inspired by the cryptanalysis
techniques developed at that time. Since the complexities of natural language
arosed from speakers’ mental influence with cultural, historical, geographical
effects, it can not be replaced by codes and translated as code-breaking
system. Therefore, MT result is still out of reach of translation made by expert
human translators. However, MT is successful on restricted domains such as
translating a weather report or legal documents which are highly standardized
texts, or a text with no well-defined grammar properness are required. There
are significant research efforts on this field with increased number of developing
technologies. Thus, in near future MT is expected to approach the level of

anticipated value.

There are two main categorization of MT is defined according to different
aspects. The scope of the first categorization is the architectural basis on which
the MT systems are built upon whereas the second categorization is defined

according to the obtained data for translation process. In the first categorization,



MT systems vary in the level to which they analyze their inputs and it is shown

in Figure 1, as a pyramid diagram [2].
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Figure 1. Vauquois’ Pyramid for Machine Translation

As it can be observed in Vauquois’ Pyramid given in Figure 1, the objective of
MT systems is to convert souce language structures to target language
structures. MT systems can perform transformations from source language to
target language at different levels. When we move to upper levels of the
pyramid, we have to perform more complicated analysis on source language
texts and genaration methods on target language structures. MT methods at

lower levels are simpler than methods at upper levels.

In lowest level which is called Dictionary-Based Method is the simplest way of
translating a phrase by replacing its translation in given bilingual dictionary. For
that reason, usually this method is not included to the existent list of methods,
however it is translation also and to some extent it is helpful in translation of

phrases but not sentences.

Then, Direct translation is the next level where only dictionary and a few simple

word-ordering rules are used. Here translation is performed by replacing each



word in source text by its most common usage in target text. It is the simplest
way of translation with minimal analysis of input text and thus, has limited

success rate.

Transfer-based translation category is the next category to upward direction
which includes morphological analysis and syntactic analysis. In this approach,
the source text is first converted into an internal representation, which is then
transformed into a corresponding internal representation with relation of

associated source. Transfer rules are often linguistic based rules.

On the top edge of the pyramid, interlingua based translation approach which is
also called as Knowledge Based Machine Translation (KBMT) system, is
illustrated, where a source text is morphologically, syntactically and
semantically analyzed and finally converted into an interlingua representation
which is independent both from the source and the target languages. The
disadvantage of an interlingua approach is its expensive cost, due to a
semantical analysis which requires real-word knowledge with its representation,

efficient acquisition and storage expenses.

Machine Translation
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A 4
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Figure 2. Classification of Machine Translation

The second categorization of MT depends to acquisition of knowledge inorder
to perform translations. In other words, in translation process, there are mainly
two basic stages such as interpretation of text in source language and
generating an equivalent text in target language using automatic techniques [3].

These stages are achieved by predefined knowledge from source and target



languages. Somers classified different machine translation types according to
their possession of knowledge, and these groups are theory or rule-based
machine translation systems and corpus based machine translation systems [4]

as illustrated in Figure 2.
1.1.1. Rule Based Machine Translation

RBMT is based on linguistic rules and in translation process, first input text is
analyzed morphologically, syntactically and semantically [3] [5] [6]. Then output
text is generated via structural conversions based on internal structure. These
mentioned procedures are using dictionary and grammar which is defined and
obtained by linguists. There are several approaches in RBMT as defined in

Figure 2, such as Direct, Transfer Based and Interlingua approaches.
1.1.1.1. Direct Approach

As mentioned before, in this stage a text of source language are translated
according to dictionary and some low-level rules without additional intermediate

representation. Anusaarka is a RBMT system based on direct approach [7].
1.1.1.2. Transfer Based Approach

In transfer-based approach, a source language text is represented by
intermediate representations with grammar rules and dictionaries. Then,
equivalent representations are generated according to target language. Thus, it
is less language specific approach of RBMT system than the Direct approach

and it has three major modules such as analysis, transfer and synthesis.

First, analysis of source language text is done according to linguistic information
as morphologic, part of speech, syntax and semantic analyses. Syntactic
structures are derived from a source language for closely related languages in
same language family. Semantic structures are derived for non-related

languages from different families.

Then, in transfer module previously derived syntactic and semantic structures
are transferred with transfer rules into syntactic and semantic structure of target

language.

At last, synthesis module is responsible for replacing constituents of a source

language with those in target language. Thus, there is a dependency between



involved language pairs. However, in Eurotra project [8] two independent

monolingual dictionaries were suggested.
1.1.1.3. Interlingua Approach

In this approach the dependency to language pairs are minimized and text is
converted to intermediate language which are not bounded to any language
involved in the translation. Thus, only analysis and synthesis are needed for this
approach. This module has an application such as UNITRAN[9] system which

uses both formalization of syntactic and lexical distinctions .
1.1.1.4. Some Applications of RBMT

In fact, until the end of the 1980s the MT research was mainly based on
linguistic rules such as: syntactic analysis, lexical, lexical transfer, syntactic
generation and morphology rules. An information of projects and systems which
use RBMT in last decades are given in [6], and briefly summarized here as
follows. Some significant transfer systems of the 1980s such as Eurotra, Ariane,
, Mu, Metal, and SUSY use mostly rule-based approach. Also there were some
interlingua systems such as DLT and Rosetta which has a rule based approach
as a basis of their system. There are some rule-based projects which are
continued into 1990s such as the Catalyst project at Carnegie-Mellon
University, CAT2 system at Saarbrlcken, a project based on the linguistic
theory at the University of Maryland, and Pangloss project which is an ARPA-
funded research [3] [6]. Also, Nagao first started to work on rule based machine
translation system, then he proposed another approach,which in advance

leaded to example based machine translation [10].
1.1.2. Statistical Machine Translation

The emergency of new methods and strategies which are called ‘corpus-based’
methods brings the end of the ascendancy of the rule-based approach influence
on MT. As mentioned before statistical machine translation systems are
categorized as corpus based machine translation systems. First statistical
machine translation idea was introduced by Warren Weaver in 1949, then it is
re-introduced in the late 1980s by researchers of IBM Research Center in the
Candide project reported in 1988 and developed in 1993 [11]. The Candide

project uses statistical methods such as analysis and generation without any
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linguistic rules. A typical RBMT system uses manually collected linguistic
translation rules, whereas a SMT system infers translation models from bilingual
corpus and monolingual corpus which possess information about target
language in the form of statistical language models. Thus, there are two main
components of SMT such as Translation Model (TM) which uses bilingual
corpora to infer statistical model of translation and Language Model (LM) to
reordering the output of translation according to target language and SMT

system architecture is given in Figure 3 as defined in [12].
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Figure 3 SMT Architecture

In other words, the TM is trained by bilingual data and stands for the possible
word translations, which consist of sentence pairs in both languages involved in
translation process. The LM provides the sentence accuracy in target language
and is trained by the target language data. The decoder gives most likely
outcome sentence in target language by searching a large amount of

hypotheses using these two models.
1.1.2.1. Translation Model

A translation model that assigns a conditional probability P(S,T) to any
source/target pair of sentences. Here S=s1...sm is sentence in source language
and T=ti...t, is a sentence in target language of length m and n. The
parameters of this model will be estimated from the translation examples from

bilingual corpora. It is expected that this probability will be very small for the
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translations that are not correct. Sentence as given S in source language and

seeking for T in target language in order to maximize P(S, T).

There are mainly three kinds of translation model of SMT such as word-based,

phrase-based and syntax-based translation models.

Word-Based model is reordering words which is a fundamental unit. Aligned
words used by related algorithms to achieve most accuracy in translation
process. However, natural language usually has more than one meaning for a
word and its other features such as compound words, idioms constitute an

obstackle for this type of model.

In Phrase-Based model the fundamental unit is a phrase or sequence of a
sentence. Thus, a text in source language is segmented in phrase which is not
necessarily linguistically valid and obtained phrases are then reordered. It's
strengths in providing many to many translation, using local context in
translation and allowing translation of non-compositional phrases. Some known
phrase-based systems are word alignment induced phrase model [13],

alignment templates [14] and joint phrase model [15] [16].

Syntax-Based model uses translation rules which define variables in source
language, syntax binary tree in target language with variables and words
represented as leaves and vector of likelyhood of pair language. This is the
translation of syntactic features rather than single words or phrases. Lui and
Gildea in their work have studied about semantic roles for improving the syntax-

based approach [17].
1.1.2.2. Language Model

A language model that assigns a probability P(R) for any sentence R =rq . .. r«
in target language. The parameters of the language model can potentially be
estimated from very large quantities of target language data. It is expected that
this probability will be very small for the sentences that are not valid in target
language. Thus the goal of language model is detecting a good translation
result. In order to detect good translation result various methods have been
discussed. These methods are n-grams which exist in several methodology
such as bigrams, trigrams, 4-grams, 5-grams and 6-grams, etc. Successfull

web n-grams as feature were discussed by Koehn and Knight [18] and an
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exploiting non-parallel corpora to improve SMT is presented by Munteanu and
Marcu [19]. In thesis, language model component of statistical machine
translation is used to find more valid results in target language and benefited

from bigrams method. See Chapter 8.
1.1.3. Example Based Machine Translation

Another major type of corpus-based approach is an example based machine
translation. An EBMT system learns translation rules from bilingual corpus.
History of the EBMT begins from the work of Makato Nagao presented in 1981
[10] and it served as a foundation for EBMT by the analogy principle where the
linguistic knowledge is extracted from previous translation examples. So far
researchers are trying to define and differentiate an EBMT system from other
traditional ones. However, it is obvious that it can not be differentiated by strict
lines, because there are multiple techniques which are reformed from other
approaches such as methods used in RBMT and SMT. On the other hand,
being analogy-based makes EBMT different from other translation systems [20].
For the significance of the topic if to quote the phrase of Nagao related with an

issue given in [21]:
"Man does not translate a simple sentence by doing deep linguistic
analysis, rather, man does translation, first, by properly decomposing
an input sentence into certain fragmental phrases,then by translating
these phrases into other language phrases, and finally by properly
composing these fragmental translations into one long sentence. The
translation of each fragmental phrase will be done by the analogy
translation principle with proper examples as its reference.” (Nagao,
1984)

Makoto Nagao stated that EBMT is mainly suited to translation between two
languages which are totally different from each other, such as English and
Japanese. Thus, several well-structured sentences in target language can be
obtained from translation of a sentence in source language, therefore, no deep

linguistic analysis is required as for RBMT is needed. Indeed, EBMT is



applicable and more suitable than other MT systems when it is true for one of

the following conditions, such as:

a) Formation of translation rule is difficult

b) Representation of special case which can not be described by general rule

c) Translation can not be performed in a compositional way from target
words[22]

Also, it is known that EBMT is an expedient solution for the problem where rule-
based approach was too difficult to preserve the structure [23] which is peculiar
to MT systems. It is because many EBMT systems do not execute any
structure. In fact, the range of languages for which EBMT is applicable is quite
wide and many systems have been developed so far extensively. There are
many variations among developed EBMT systems where some are least rule-
based while some are most rule-based systems. Classification of developed
systems can be divided into groups as given in [20], such as systems using tree
derivations, run-time systems and template-driven systems. Derivation tree
systems include developed approaches which are pre-compiled preparations of
templates with more structure than in templates-driven systems. This systems
defined in the work of Watanabe et al [26], Quirk and Menezes [27] and etc.
Run-time approaches presented by the work of Eiichiro Sumita [22] where
semantic distances are calculated by using thesauri and dynamic-programming
matching. As for template-driven systems, the methods of extracting templates
from bilingual example corpora are described by Cicekli and Guvenir in [24],
where templates are used in the form of words with their POS tags for English
and Turkish languages involved system. Also, Brown presented the induction of
transfer rules using templates in [25]. All mentioned systems have in common
basic stages of EBMT such as matching, aligning and recombination which
distinguishes it from RBMT and SMT. These stages are to be discussed in

scope of translation process of EBMT in Section 1.1.3.1.



1.1.3.1. Translation Process of EBMT

Nagao defines the translational process as if simple and short sentences in
source language with their correspondences in target language is given to
someone and he becomes able to translate new sentences by memorizing
previously given pairs. There are three major statements of translation process
in EBMT such as:

e Matching parts of translation pairs in database
e Identifying corresponding translation parts

e Bring together results from previous steps to obtain the target text

It is instructive to refer to familiar pyramid by Vauquois given in Figure 1 and
adopted for EBMT in Figure 2. The text in source language is analyzed and
replaced by the matching of input against the example set. In alignment stage,
after the relevant examples are selected, the corresponding fragments from
target text are choosen. In last stage which is recombination phase, appropriate
fragments found in target text are combined to form a legal text in target

language [20].
1.1.3.2. Matching Phase of EBMT

The most important step of translation is matching phase. In this step, the best
match example is searched in database for a given source sentence. There are
some common methods of matching such as character-based, word-based,
annotated word-based, structure-based and parsing-based matching. In
character-based method a distance or similarity measure is kept and matching
depends only on that measure. A discriminatory work of Sato given in [28] by

introducing a simple linguistic dimension to the matching process.

In word-based matching method, matching is said to be done when the words in
the source string can be replaced by near synonyms in the translation pairs and
classical similarity measure is proposed by Nagao [10] in its early stage. Also,
considerable important illustration of this type of matching is issued by Sumita
and lida [22].
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In annotated word-based matching part of speech tags are used. It means
examples are kept partially parsed. This kind of matching makes use of
annotated tree structure where explicit links are kept for correspondences.
Usage of part of speech tags, really contributes a lot to the sentence
composition phase. The measure that takes function words into account and

makes use of POS tags are proposed by Cranias et al, in [29].

In structure-based matching type examples are assumed to be stored as
structured objects and process involves a complex tree-matching affair which
requires considerable computational cost. Development approaches are worked
out by Maruyama and Watanabe in [30]. Also, there is parsing based matching
type where example storage achieved by generalization. This method is used to
match the best example to translate the given text. An alternative approach is
described by Nirenburg et al [31] and Collins [32].

1.1.3.3. Adaptation and Recombination Phase of EBMT

Matching phase will select correct example pairs to use for translation while
adaptation phase clarifies which parts of pairs are to be used and specifies the
fragments of the examples that are to be used for translation. Assume that we
have the sentence 1.10 to be translated into target language. From matching
step we have correctly found two examples in 1.11 that suits our input string.
After adaptation we will have the underlined fragments that are to be

recombined to get the target sentence as explained in [33].

She reads a book on medicine  (1.10)

She reads a newspaper

| borrow a book on medicine (1.11)

In order to ensure to recombine the right parts of examples some approaches
store examples as tree structures and thus, corresspondences between
fragments are explicitly defined. For instance, the recombination is a kind of tree
unification in Sato’s work [34] and Watanabe [35], [36] implements a flexible

kind of graph unification called “gluing” [4].
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For example, with a generalized example learned from given example set in
1.12. we are given sentence in 1.13, where X' is a correspondence of Y', thus

they are translations of each other:

| will eat an apple<—elma yiyecedim

| will eat a meal«yemek yiyecedim (1.12)
| will eat X! < Y' yiyecegim (1.13)
| will eat an orange (1.14)

Then, given sentence in 1.14 can be translated as in 1.15, if the

correspondence given in 1.16 is known:
Portakal yiyecegim (1.15)

orange<«portakal (1.16)

As we have the fragments that are to be combined to get the translated string, it

seems pretty easy to get just by concatenation.

On the other hand, there is a boundary friction problem for some types of
languages which have grammatical inflection to indicate syntactic function. It is
especially big concern for agglutinative languages where every word carries its
inflections and derivations to indicate grammatical cases. This problem is
easied with POS tags as worked by Cicekli and Guvenir in [24]. Therefore, in

this set of examples adaptation will be carried out for every tag of a word.

For the example above we get the correct result for English, because English is
a little or no inflectional language. For other languages like Kazakh and Turkish
which carry strong inflection property, yet remains some problems which can be
alleviated by matching, aligning and recombining in POS tagged form. Detailed

examples are given in Section 5.

Dealing each word with its POS tag is resulted in some kind of tackles to
consider about such as storage, computational cost and an efficiency of
algorithms additional to some fundamental problems of EBMT system.
Moreover, having parallel aligned corpora and size, granularity and suitability of

examples are fundamental problems of EBMT that have direct effect on
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performance of EBMT process according to Somers [4] and will be discussed in

detail in next Section.

1.1.3.4. Underlying problems of EBMT
Parallel Corpora

As mentioned above EBMT is corpus-based translation system, for this reason
building an aligned corpora is the main thing that is needed. EBMT is
considered to be best suited for a sublanguage approach. Nowadays, we have
plenty multilanguage corpora which can be used by system. However, not all
these system can properly meet the sublanguage criterion. After a suitable
corpora is defined, there is a deal of aligning it. In order to easy the tackle

example database can be built manually as it is in our case.
Size of Examples

While considering about size of an example database, it will worth to bother
about the way of its storage and usage, because these are main factors to
effect the size infact. In many reports, adding examples shows linear
improvement in translation accuracy, but it is assumed that there is some limit

after which adding examples will not enhance the quality of translation system
[4].
Granularity of Examples

It is suggested from translation studies that even human translators work with
smaller sentences. It is valid for EBMT also, that sentences should have easy
determinable boundaries and simple structures often monoclausal property.
According to Cranias [29] and Nirenburg [31], trade-off between legth and
similarity of examples should be considered, because longer matched passages
a valid threat for the probability of a complete match, while the shorter passages

can cause a rise of an ambiguity.
Suitability of Examples

Suitability of examples is an important issue for EBMT system, because
naturally occuring text or corpora will include considerably many overlapping

examples that will load system with an extra baggage or force to make choice
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by producing ambiguity. However, the system previously worked out by Oz and
Cicekli [37] involves frequency sensitive similarity metric called as confidence
factor which is employed by our system as well and presented in detail in
Section 5.5.

1.1.4. Hybrid Machine Translation

It can be seen that MT has various approaches and it is a multidisciplinary field.
The challenge is that translation can be solved by taking into account various
points of view including linguistics and statistics. Hybrid methodologies are
arised because of the existence of different approaches and focused on joining
the strong sides of two or more MT approaches to provide better translation
quality. There are two parts of HMT such as guided part and information part. If
guided part is RBMT, then HMT is called Hybridization guided by RBMT and if
guided part is corpus-based SMT or EBMT then it is called as Hybridization
guided by corpus-based MT. In our case HMT is guided by corpus-based MT. It
means main core of translation process is in EBMT, then RBMT with SMT are
used as information part of the system. Moreover, core model of corpus-based
MT approaches can be supported by rules which are integrated to it. Our work
similarly with work of Carl et al.[38] in which the RBMT system dynamically
integrated into an EBMT system [39] with its morphology and syntax
knowledge. SMT is used as information for valid results at language model

level. See Chapter 2.
1.2. Linguistic Knowledge

There are some linguistics terminologies used in the thesis and for more
comprehension of the topic, their descriptions are to be given in this section.
Morphology is the study of the word which built up from morphemes and their
meanings with their functions within a word. A word is described as the minimal
free form in a language which has a meaning and can stand alone. However, a
morpheme is a minimal unit in a language which has smallest linguistic sound
and semantic meaning within a word. Also, as opposed to a word a morpheme
may or may not stand alone. For instance, in the word “toy” there is a single
morpheme and in the word toys there are two morphemes: “foy” and “-s”. The

morphemes can be consisted of two subtypes such as stems and affixes. The
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meaning of a word is defined by the stem and it is the main morpheme, while
affixes are attached to the stem in order to define additional meaning. However,
the new formed meaning of a word after attaching an affix is still stem related. In
the previous example, toy is the stem and —s is the affix which assigns plural

property to the word.

After affixes being attached to the words it is inflected or derivated. Inflection
and derivation of a word differs in remaining on main type of a stem or changing
it. A word has its Part-Of-Speech (POS) tag within a sentence. Inflection does
not cause changes in POS tag of a new word whereas derivational morpheme
changes meaning of the root word and it may change its POS tag. In
agglutinative languages infinitely many affixes can be appended to a word and
each affix is a morpheme. Morphotactics defines the rule for orderings of the
morphemes. For example, a word globe with suffix -al becomes global, then
with an other suffix —ize it becomes globalize and at last with suffix —ation it
ends with globalization. All these orderings are rules of morphotactics which
inflects or derives a word to a meaningful one. Moreover, city in plural form will
be cities, whereas boy in plural becomes boys. Here, rules of orthography step
in by defining how morphemes will be added to particular ones. For example,
most nouns that end in a vowel and -y , in plural inflection just will be added —s,

such as:
toy — toys; ray — rays; key — keys.

Nouns that end in a consonant and a letter —y, in plural inflection becomes —ies,

such as:
body— bodies; country— countries; try—tries

In NLP, constructing a word according to morphotactic and orthographic rules is
the process of generating a word. A morphological parse of a word can contain
derivational and inflectional suffixes. Morphological parsing is a process of
decomposing a given word to the morphemes and defining them. It must be
able to distinguish between orthographic rules and morphological rules. As
opposed to generating process this is called an analyzing a word. Morphological

processors usually generate and analyze a given word.
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1.3. Related Researches

Language is a main tool for communication and socialization for people from
different communities. Due to its interrelation between culture, history and
geography, interpretation and then translation of a natural language is a
complex issue. As stated before, in this work translation system between
Kazakh and Turkish languages is presented. Both languages belong to same
language family, which is Ural-Altaic group of languages. They are closely
related and have similar features, common morphological and grammatical
structures. Thus, most of the time a semantic analysis and word order

consideration are not required for translation process.

There are many works performed on working out morphologies of natural
language. These works can be classified as rule based, statistical or data driven
methods and hybrid methods. Rule based morphological analyzers with FSTs
for many languages including Finnish, Swedish, Russian, English, Swahili and
Arabic have been developed [40]. Moreover, many studies and researches
have been done upon on morphological analysis of Turkic Languages. The
morphological analysis of Turkish is performed by a Turkish morphological
processor developed earlier [41] which uses morphology rules defined by
Oflazer [42]. Affix types and grammatical names in Kazakh morphological
processor worked out in thesis are also defined similarly to Turkish
morphological processor [42] [41]. There is a rule-based morphology analysis
of Crimean Tatar developed for translation system which involves Turkish to
Crimean Tatar in 2001 by Altintas and Cicekli [43]. Moreover, there is a
morphological analyzer of Turkmen language worked out by Tantug [44]. In
addition a rule-based morphological analysis of Uygur was developed by Orhun
[45]. Also, a freely available Morphological Analyzer for Turkish is proposed by
Cagri [46]. Especially for Kazakh language there is a considerable increase in
NLP related research areas. Analysis of inflectional affix of Kazakh Language
was studied within the work of Kazakh segmentation system [47]. A finite state
approach for Kazakh nominals are presented by Kairakbay [48]. In this thesis,
we present rules of alternations specific for each case, rather than generalized
form. It can bring to over loaded size of rules for all grammar. Washington et al.

developed Finite-state morphological transducer for three Kypchak languages
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[49] including morphology for Kazakh language with limited stem size in lexicon.
Also, Mahambetov et al. worked on Kazakh morphology with data-driven
method by evaluating on the large data set with 97% accuracy while certain
language-specific issues are not considered [50]. In our thesis, rule based
morphological processor for Kazakh language differs from above works in that:
First, it gives deep analysis of a language with inflectional and derivational
morphemes. Also, it covers nearly all language specific issues. Finally, it does
not require huge wordbased data sets of Kazakh language for morphological
processor. The coverage of our morphological analyzer is substantial and its
accuracy is 99%. It only does not cover some loan words, technical words and

proper nouns.

Morphological disambiguators can be categorized as statistical, rule-based and
hybrid systems. Statistical methods [51] [52] create probabilistic models from
morphologically tagged texts and use these models to disambiguate words by
selecting most probable morphological parses. There is a statistical
morphological analysis for Turkish worked out using n-gram models for
inflectional and final tags of words [53]. Rule-based morphological
disambiguators [54] [55] [56] use hand-crafted rules to select correct parses of
words or eliminate some of illegal parses of words. Disambiguation rules can be
also learned from tagged texts using transformation-based learning approaches
[57]. Hybrid systems [58] use both statistical 2 knowledge and disambiguation
rules in disambiguation process. Turkish morphological disambiguator
developed [59] by Kutlu and Cicekli uses both transformation based approach
and rule-based approach. The morphological disambiguator for Kazakh
language described in the thesis use transformation-based approach and it is a

variation of Brill tagger [57].

There were many researches and works performed on translations between
closely related languages based on some translation rules [60] [43] [45] [61].
There are also rule-based and statistical translation systems between Kazakh to
Tatar languages worked out in [62]. However, the system presented in this
research is based on a previous EBMT system [63] [24] [64] [37] and this
previous EBMT system is between English-Turkish languages which are not

closely related languages. Example Based translation paradigm are applied
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before to unrelated languages such as Turkish to English, Japanese to English.
In this work we intend to have successful result from applying example based

translation paradigm to closely related languages.
1.4. Thesis Outline

Our system is a hybrid EBMT system which learns translation templates from
examples with parallel aligned bilingual corpora between Turkish and Kazakh
languages and translates given text to target language by using previously
learned templates. In our hybrid translation system, statistical language models
(SLM) of those languages are created from monolingual corpora, and the SLM
of the target language is also used in the ordering of translation results in
addition to confidence factors of learned translation templates from bilingual
corpus. On the other words, we still use EBMT approach in translations but we
use both EBMT and SMT approaches in the ordering of translation results.
However, there is no language pair which has well-defined word to word
relationships among each other. For that reason there will be more than one
translation result for a given sentence. For a better result we developed hybrid
system which gives more accurate translation results by combining an example

based translation system with a statistical language model.

Each step of the system is explained in detailed form in next sections and
organization of this thesis is as following. In next chapter, the system
architecture is given for overall view and for better comprehension of next
chapters. In Chapter 3, Turkish and Kazakh morphology is explained. Chapter 4
gives, the details of the morphological disambiguation systems that are used in
our EBMT system. In Chapter 5, learning of translation of templates is explained
together with type associated template learning and confidence factor
calculation. In Chapter 6, the translation process is presented briefly. Statistical
ranking of translation results is defined in Chapter 7. In Chapter 8, test and

analysis are commented. In Chapter 9, conclusion and future works are given.
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2. ARCHITECTURE OF THE HYBRID EBMT SYSTEM
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Figure 4. Architecture of EBMT system supported by SLM

Our translation system is a hybrid EBMT system which learns translation
templates from translation examples with parallel aligned bilingual corpora
between Turkish and Kazakh languages and translates a given source
language text to target language using previously learned translation templates.
The system described in this thesis builds upon the recent papers of Cicekli and
Guvenir [60], [64]. In order to sort translation results, confidence factors of
learned translation templates that are used. For this reason in addition to
translation templates learned from bilingual corpora, SLMs of Turkish and
Kazakh languages are inferred from their monolingual corpora. The general
architecture of our hybrid EBMT system is given in Figure 1. In the system there

are mainly 3 parts such as integrated model namely morphology and syntax
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knowledge from the RBMT system which is morphological analyzer and
disambiguator, information model which is language model of SMT system and
core model which is EBMT system. Organization of this chapter is according to
the order given above. First, general overview of integrated model which is
morphological analyzer and disambiguator is given. After information model
which is a language model of SMT system is briefly explained. Then, core
model which is EBMT system is introduced. Thus, the general overview of the
architecture is described in this chapter and the details of its certain parts are

given in the rest of the thesis.
2.1. Morphological Analysis And Disambiguator

Turkish and Kazakh languages are both agglutinative languages and
morphology plays an important role in the structures of their words and their
sentences structures. Their morphological processors are used obtain the
lexical forms of the surface level words and the surface level forms of
translation results at lexical level. Translation templates are kept at lexical level
and they translate a given source language sentence at lexical level to a target
language sentence at lexical level. Our bilingual corpora hold translation
examples at surface level and their words are morphologically analyzed by
appropriate morphological analyzer before they are fed into the learning module
in Figure 1. Similarly the source language sentence at surface level is analyzed
by the source language morphological analyzer before it is sent into the
translation module. Since SLMs are also created depending on the lexical
features of words, surface level words in monolingual corpora are also
morphologically parsed before SLMs are created. Turkish texts area analyzed
using a morphological processor based on two level morphology description of
Turkish [42]. Kazakh morphological processor [65] is developed using Foma
environment [66] to be used in this translation system and explained in Chapter
3.

A word can have more than one morphological parse and the decreased
ambiguity of text before translation process is important. On the other case,
ambiguity of text is passed to the text step and it means having more unrelated
translation result to be dealt after translation process. In order to disambiguate

words morphologically, a Turkish morphological disambiguator [59] and a
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Kazakh morphological disambiguator are used. Kazakh morphological
disambiguator based on ideas on Turkish morphological disambiguator is
developed to be used in this research and its some details are given in Chapter
4.

2.2. Language Model Of SMT

First of all, in order to accomplish translation supported with SLM there are
background preparations such as defining parallel aligned bilingual corpora for
learning part and collecting monolingual corpora for SLM part. In order create
successful SLMs, it is important to have two large corpora that are analyzed
and disambiguated in both languages. In our system the size of monolingual
Turkish corpus is 300000 words and Kazakh corpus contains 100000 words.
Then, these two large corpora are morphologically analyzed and disambiguated
in order to prepare lexical level tokens for SLM part. In this portion, preparing a
text by defining sentence boundaries, organizing different kinds of language
models are performed. In order to create SLMs for different token types,
bigrams of difference token types of sentence words are calculated using
AntConc software [67]. After the creation of SLMs, the probability of a
translation result can be calculated with a smoothing technique using a created
SLM. The details of SLMs are described in Section 7.

2.3. EBMT As Core Model

Parallel bilingual text is morphologically analyzed and disambiguated with
analyzers and disambiguators of related languages. Then, these results are
prepared for learning process by creating tokens according to morphological
boundaries. After that, the system is trained to learn translation templates from
parallel aligned examples at lexical level. Also, morphological type lattices for
both languages are given as input to the system in order to learn translation
templates with morphologically typed variables in addition to translation
templates with variables without type information. Here the morphological type
lattice for Turkish morphemes was worked out earlier [63] and morphological
type lattice for Kazakh morphemes is worked out similarly from the Kazakh
morphological processor [65]. Then, the learning part infers translation

templates which are rules for translation process as a result. Translation
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templates are learned with confidence factors where a template confidence
factor indicates the accuracy of that translation template for the training set.
Using learned templates, bidirectional translations can be performed and
translation results at lexical level together with their confidence factors are
produced. As it can be seen in Figure 1, our hybrid EBMT system has mainly
two parts, namely an EBMT part which is similar to an earlier developed system
[63] [64] and a SLM part which is developed for this research. Translations can
be done at both directions meaning that from Turkish to Kazakh language and

from Kazakh language to Turkish.

A source language sentence is morphologically analyzed and disambiguated as
mention before in order to obtain a disambiguated sentence at lexical level.
Then the source language is translated to target language by the translation
module using learned translation templates and more than one translation result
can be produced. Although type associated rules [63] can produce better results
since they can eliminated some of unsuited results using type information, still
more than one result can be produced. In order to select more common or
reliable translation results, confidence factors of those results are also
calculated from confidence factors of templates used in translations [37]. Then,
translation results can be sorted according to confidence factors by the EBMT
part of the system. At this stage, a SLM of the target language is used to catch
some better uses of equivalent text. In Figure 1, a and B weights indicate the
effects of the EBMT part and the SLM part in the orderings of translation results.
At the last step, the morphological generator of the target language converts
result to the surface level. All these steps are shown in detailed form in Figure
1, and the usage of two arrow kinds in Figure 1 is for emphasizing bidirectional

property of the system.
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3. TURKISH AND KAZAKH LANGUAGE MORPHOLOGY

Turkish and Kazakh languages are Turkic languages which belong to Ural-
Altaic language family. Since they are agglutinative languages, their words are
formed from stems and recursive addition of proper suffixes to those stems. In
order to create an efficient EBMT system for agglutinative languages, the usage
of morphological processors for these languages is essential. The
morphological analysis of Turkish is performed by a Turkish morphological
processor developed earlier [68], [41] which uses morphology rules developed
by Oflazer [42], and a morphological processor for Kazakh language [65] is
developed using software Foma [66] to be used in our EBMT system. Affix
types and grammatical naming in Kazakh morphological processor are also
defined similarly to Turkish morphological processor [42], [41]. This chapter is
organized as follows: First, quick review of finite state transducers and two level
morphology is given. Then, similarities and differences of Kazakh and Turkish
languages are mentioned. After, introduction of Kazakh Language morphology
with details is given. Then, usage of morphological parses in our hybrid EBMT

system are defined. It is essential for almost all agglutinative languages.
3.1. Finite State Transducers And Two Level Morphology

Finite state techniques are successfully applied to various areas of natural
language processing such as the construction of lexical analyzers, parsing
context free grammars and the compilation of morphological and phonological
rules [69] [70].

Finite state transducers read their input symbol in defined state and give a
corresponding output, then move to a new state. This improves the processing
speed fundamentally. Practically, the processing speed is independent of the

size of the rules.

We are interested in a finite state process for morphological analysis. Each
word in a language is composed of a root and possible morphemes affixed to
that root. The finite state transducer takes a word in and checks all possible
roots and morphemes affixed to that root. Many previously determined rules
work in parallel and they check the possibilities at any state. It may produce

more than one output for each input string. It may also produce no output for a
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given input, in which case it is said the input is rejected by the rules. For more
compact information on finite state morphological analysis process, see [71],
[72],[73].

Two-level morphology is a way of handling morphological structures by
executing pseudo-parallel rules [72]. There are two levels of the system, surface
level and lexical level. Surface level representation is the direct representation
of input, as it is represented in the original language. Lexical level is the
decomposed form of the input and is the output of the system when the surface
representation is given as input. In a finite state transducer, normally the
surface and lexical levels are represented as two expressions separated by a
colon. For example, an expression like a:b is usually expected to mean “lexical

form a is derived from the surface form b”.

Rules that denote the morphological modifications and variations are all
executed in parallel and all the rules work on the same input. If all of the rules
accept the input, then the machine accepts the input. However, if the input is
rejected by any of the rules, then the machine rejects the input directly. There

are four different rule types in such a system:

a:b => LC _ RC : lexical a is always realized as surface b in left and right
context LC_RC

a:b => LC _ RC : lexical a is realized as surface b in only left and right context
LC_RC

a:b <=> LC _ RC : lexical a is always realized as surface b in this context and

nowhere else.
a:b/<=LC _RC : alexical a is never realized as surface b in the given context.

The morphotactic rules are compiled to a finite state transducer and are joined
with these rules. The system as a whole tries to locate the roots and possible
following suffixes for a given surface form input. If the system at any stage
cannot locate a valid suffix or it discovers a situation violating the
alternationrules, it returns with no answer. For a detailed explanation of two-
level morphology refer to [42]. In this work application of FST with two-level

morphology to Kazakh language morphology is defined in next section.
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3.2. Turkish Language Morphology

There are considerably many studies on Turkish language because it is
distinctive than other generally known languages such as English etc. In our
thesis we use the study which was worked out before for Turkish [59], therefore
we do not give all details of language here. Instead we make a comparison of
two languages and point out the similarities and differences of both. Then we
will give a detailed analysis of Kazakh language which is the main scope of this

chapter.
3.3. Similar and Distinctive Features of Turkish and Kazakh languages

Turkish and Kazakh are both member of same group of languages, which is the
Altaic branch of the Ural-Altaic language family. Thus, both are agglutinative
languages which generate words by joining morphemes together and each
morpheme represents one unit of lingiustic function with its meaning, such as
“plural”, "past tense”, etc. Thus, many meanings can be load to a single word
with this agglutinave feature. For example, ev-de-ki-ler-in—yi-ge-ri-nep-gin,

means “of those which are at home”

Basic word order of Turkish and Kazakh sentences is Subject-Object-Verb
(SOV). However, both languages’ grammar allow all combinations of
component orders. Shifting order of components does not change meaning of a
sentence but only changes the stress. However, there are some parts of
constituents which do not change freely such as noun phrases. For example,

while Sarr armut (yellow pear) is legal, armut sari (apple yellow) is not.

Turkish and Kazakh have no grammatical gender. Thus, nominal nouns do not
have a gender as in Russian or Arabic languages. For example, in Russian
every noun has its gender and all grammatical relations constructed according
to these differences. pom okHo cTpaHa (home, window, country); Mo JOM, Moe

OKHO, MOl cTpaHa (my home, my window, my country);

In Turkish and Kazakh, the vowels of suffixes should have a harmony with the
last vowel of that word. Vowel agreement in Turkish is more complicated than in

Kazakh. For example, In Turkish there exist vowel harmony rules such as:

1. if the vowel of last syllable is a or 1 then suffix will be added with vowel a or 1
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2. if the vowel of last syllable is o or u then suffix will be added with vowel u or

a
3. if the vowel of last syllable is e or i then suffix will be added with vowel e or i
4. if the vowel of last syllable is 6 or Ui then suffix will be added with vowel e or
u.
Here examples for each rule are as following:
1. bas-im, bas-lar; dig-im, dig-lar; (my head, heads; my exterior, exteriors)
2. toz-um, toz-lar; tur-um, tur-lar;(my dust, dusts;my tour, tours)
3. tez-im, tez-ler; diz-im, diz-ler; (my thesis, thesises; my knee, knees)
4. gb6z-um, goz-ler; yiz-Um yuz-ler;(my eye, eyes; my face, faces)

However in Kazakh, there are only two rules related to vowel harmony of suffix,

such as:

1. if the vowel of last syllable is a, bl, 0, y, ¥ then suffix will be added with

vowel a or bl

2. if the vowel of last syllable is o, e, i, u, e, y then suffix will be added with

vowel e or i.
Implementation examples for each rule are given as follows:

1. 6ac-bim 6ac-Tap; TbiC-bIM TbiC-Tap; OT-bIM OT-Tap; TY-biM Ty-nap; Ty3-biM
Ty3-aap;(my head, heads; my outer side, outer sides; my wood, woods;
my flag, flags; my salt, salts)

2. on-im an-gep; en-im en-gep; UT-iM UT-Tep; eT-iM eT-Tep; TyC-iM TyC-
Tep;(my power, powers; my people, peoples; my dog, dogs; my gall,

galls; my dream, dreams)

Differently in Kazakh there exist consonant harmony rules that are given in
Section 3.4.1.

Inflectional and derivational morphotactics are nearly same with some
implementation differences. Moreover, order of inflectional morphemes are also

same in both languages. Thus, a noun first takes singular or plural (A3sg, A3pl)
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suffixes, then possessive suffixes, after that case suffixes and at last derivation

suffixes if they exist.

Every nominal root at least has a lexical form of Noun+A3Sg+Pnon+Nom.
Therefore, a noun root kyHbafbic which means “sunflower” has a morphological
analysis as kyHbarbic+tNoun+A3Sg+Pnon+Nom. For comparison, an other
inflected form of word kyHBafbic which is kyHbafbiCc-Tap-bIM-ga means in my

sunflowers and its morphological analysis is illustrated in Table 1.

Table 1. Example for Morphological Analysis of Noun and Suffix Order

A word: kyHBafbIC A word: kyHbBafbIC-Tap-bIM-A4a
Tag Tag
~ i ~ ~ }\ ~
KyHOarbictNoun+ A3Sg +Pnon+Nom. |kyHb6arbic+Noun+ A3pl + P1sg + Loc.
j_/ —— j_/
Stem I Singular Case Stem Singular Case
Stem Type Possessive Stem Type Possessive

Derivational rules are similar in both languages such as every noun can be
derived to noun, adjective, adverb and verb. Moreover, every verb can be

derived to noun, adverb, adjective, verb etc. For example,
Ky3, "summer"—ky3ri, "of summer" (Derives from Noun to Adjective)
Xyp—xyp-reni, "since coming" (Derives from Verb to Adverb)

There are similar tenses of verbs in both languages, except some tenses which

exist in Kazakh but not in Turkish or vice a versa.

There are 9 tenses in Turkish with modals and 14 composed tenses which have
two tense suffixes, however in Kazakh there are 13 tenses with modals and 16
composed tenses which are constructed by compound verbs such as ekeH and
eApi, given in Table 2. Modals with asteriks (*) are not exact equivalent in

Kazakh language but their usage without losing semantic meaning.
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Table 2. Example for Morphological Analysis of Noun and Suffix Order

Tenses in Turkish Example Equivalent in Kazakh

1. Genis Zaman (Present | oku-r bormkamabl  Kenep Wak  (Future
simple tense) (he reads) Indefinite Tense)

2. Gelecek zaman (Future | oku-y-acak Aybicnanbl  Kenep  Wak  (Future
tense) (he will read) Transitional Tense)

3. Simdiki zaman (Present | oku-yor Hak Ocbl Lak (Auxilary Verbs) (Present
continuous tense) (he is reading) Definite Tense)

4. Bilinen geg¢mis zaman | oku-du Kepen ©OtkeH LUWak (Past Definite
(Definite past tense/Past | (he read) Tense)
tense)

5. Ogrenilen gegcmis zaman | oku-mus Anrakcbld bypbiHFbl ©OTkeH Llak (Past

(Indefinite/Inferential past

(Presumably  he

Narrative Indefinite Tense)

tense) read) AinrakTbl BypblHFbl ©TkeH Lak (Past
Narrative Definite) + exeH
1. Emir Kipi (Imperative | oku Byipblik Pan (Imperative Modal)
modal) (read)
2. Gereklilik Kipi | oku-mali -
(Necessitative modal) (he have to read)
3. Istek Kipi (Wish modal) oku-y-a Kanay Pan (Wish modal)

(he would read)

4. Dilek Kipi (Conditional | oku-sa LWapTttel Pan (Conditional modal)
modal) (if he reads)
Composed Tenses
a) Hikaye Kipi +di
6. Genis (Simple Past) oku-r-du Bomkamabl  Kenep  Wak  (Future
(he read) Indefinite Tense)+ eni
7. Gelecek (Future Past) okuyacak-ti Aybicnansl OTKeH LLak (Past

(he was going to
read )

Transitional Tense) + eqi

8. Gecmis (Pluperfect Past) | okumustu Anrakcbld bypbiHFbl ©OTkeH Llak (Past
(Presumably  he | Narrative Indefinite Tense)+ epi
had read) AnrakTbl BypbiHFbl ©TkeH Lak (Past
Narrative Definite Tense)+ ekeH
9. Gereklilik (Necessitative | okumaliydi -
Past) (he had to read)
10. Dilek (Conditional Past) okusaydi WapTTel Pan (Conditional modal) + eqi
(if he had read )
b) Rivayet Kipi +mis
11. Genis (Simple Inferential) | okurmus Bomkamabl  Kenep Wak  (Future
(It seems he | Indefinite Tense)+ exkeH
reads)
12. Gelecek (Future | okuyacakmig Aybicnansl OTKeH LLak (Past
Inferential) (It seems he shall | Transitional Tense)+ exeH
read)
13. Simdiki (Continuous | okuyormus Hak Ocbl LWak (Auxilary Verbs) (Present
Inferential) (It seems he is | Definite Tense) + ekeH
reading)
14. Dilek (Conditional | okusaymis Wapttel Pan (Conditional modal) +
Inferential) (it seems he | ekeH
should read)
c) SartKipi +sa
15. Simdiki (Conditional | okuyorsa Hak Ocbl LWak (Auxilary Verbs) (Present
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Continuous) (if he is reading) Definite Tense)+ca

16. Gelecek (Conditional | okuyacaksa Aybicnansi  ©mkeH  llak  (Past
Future) (if he shall read) Transitional Tense) +6orsica (*)

17. Genis (Conditional | okursa Gormxamdbl  Kenep  llak  (Future
Simple) (if he reads) Indefinite Tense)+6onca(*)

18. Gegmis Bilinen | okuduysa Alirakmbl bypbiHFel ©mkeH Lllak (Past
(Conditional Past) (if he read) Narrative Definite Tense)+6onca(*)

19. Gecgmis Ogrenilen | okumussa Alrakmbl BypbiHFsl ©mkeH Lllak (Past
(Conditional Inferential) (if it seems he | Narrative Definite Tense)+6orca(”)

read)

20. Gereklilik (Conditional | okumaliysa -

Necessitative) (if he has to read)

Differently in Kazakh there are auxilary or compound verbs which define
physical position of teller or contributors to a story. In Kazakh language, there
are 4 auxiliary verbs that are added to main verbs by indicating continuity and
the physical position of the doer. These auxiliary verbs are “1yp” (standing by),
“xyp” (walking), “otbIp” (sitting) and “xaTbIp” (lying down). Thus, every verb
in Kazakh language can be different in meaning depending on which auxiliary
verb added to that verb. They are legal only on Present Definite tense (Hak Ochbl
LWak) in Kazakh language. However after being added to the main verb, they

can also act as a main verb and take all suffixes of all tenses.
3.4. Introduction To Kazakh Language Morphology
3.4.1. Vowel and Consonant Harmony

Kazakh is officially written in the Cyrillic alphabet. In its history, it was
represented by Arabic, Latin and Cyrillic letters. Nowadays switching back to
Latin alphabets in 20 years is planned by Kazakh government. In this thesis, the
current Cyril version is used for convenience. Two main issues of language
such as morphotactics and alternations can be dealt with finite-state tools. In
our morphological analyzer, morphotactic rules are represented by encoding a
finite-state network and a finitestate transducer for alternations is constructed
using Foma finite-state tools. Then, the formed network and the transducer are
composed into a single final network which cover all morphological aspects of
the language such as morphemes, derivations, inflections, alternations and

geminations [40].

Vowel harmony of Kazakh language obeys one rule such that vowels in each

syllable should match according to being front or back vowel. It is called
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synharmonism and it is basic linguistic structure of nearly all Turkic languages
[74]. For example, the word kana-nap-gbiH (“of cities”) has the stem ka-na
(“city”) whose two syllables contain back vowels and all added suffixes should
contain back vowels according to the vowel harmony rule. Both of its suffixes —
nap and —gblH contain back vowels. Here, —nap is an affix of plural form and —
AblH is an affix of genitive case. However, as stated before, there are a lot of
loan words from Persian and generally they do not obey the vowel harmony
rule. For example, my- fa-nim means “teacher”, and its first two syllables have
back vowels and its last syllable has a front vowel. Since suffixes to be added
are defined according to the last syllable, the vowel of the last syllable should
match with all other remaining morphemes. For example, the word myranim-
aep-aiH (“of teachers”) whose last two syllables contain front vowels obeys the

vowel harmony rule.

On the other hand, there are morphemes with static front vowels which are
independently from the type of the last syllable can be added to all words such
as instrumental suffix —meH which contains a front vowel. In this case, all
suffixes that are added after that suffix should also contain front vowels. Words
in Kazakh language take suffixes with vowels a or bl if their last syllables
contain back vowels, and in other cases they take suffixes containing vowels e
or i. The developed morphological analyzer provides mappings between lexical
and surface level representations of Kazakh words. Although users only deal
with lexical and surface level representations of the words, the morphological

analyzer also uses intermediate representations of the words.

In order to construct a finite state transducer for alternation rules, some capital
letters such as A, J, H, B, P, C, D, Q, K are defined in intermediate level and
they are invisible by users. These representations are used for substitutions
such as Ais for a and e and J is for bl and i. So, if the suffix oA should be added
to a word according to morphotactic rules, it means that actual suffixes ga or ge
are considered according to alternation rules. There are groups of letters that
are defined according to their sounds and these groups are used in alternation

rules .

Consonant harmony rules are varied according to last letters of words in

morphotactic rules. As in Figure 5, different patterns are presented in order to
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visualize the relation between common valid rules and to generalize
morphotactic rules. Consonants in Figure 5 are separated into three groups
such as sonorous, voiced and unvoiced consonants. Sonorous and voiced
consonants are also grouped as Type 1 and Type 2. In Figure 5, Type 2
unvoiced consonants and unvoiced consonants have same pattern and this
means that similar suffixes are added after them. Thus, Figure 5 defines five
different patterns which affect suffix types to be added to words according to

morphotactic rules.

Name Type 1 Type 2
Sonorous Consonant | 1 py i M H H
Voiced Consonant 3 K OBIrF
Unvoiced Consonant | n ¢ K K T ¢ 11 11 X 11
Vowel aesliBleoOyYVH

Figure 5. Groups of Kazakh letters according to their

All rules for suffixes depend on last letters of morphemes in morphotactic rules.
Figure 6 and Figure 7 give some groupings that can be made in order to set
some generalized rules overall. Patterns of last letters of morphemes in Figure
6 and Figure 7 are matched with groups of letters presented in Figure 5. For
example, locative case affix is —pA, if the last letter is vowel, sonorous
consonant or voiced consonant of Type 1. It is —TA, if the last letter is unvoiced
consonant or voiced consonant of Type 2. It is —HOA, if the last letter is bl or i,
since a word is on third personal possessive state. Here A is for a or e
according to the last syllable of containing front or back vowel. So visually some
cases have similar patterns and some are exactly same [75]. Here boxes
presented by numbers such as 1, 2 and 3 are for personal possessive

agreements.
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GROUP 1
Ablative Case Locative case Dative Case
o I B M e
TAH TA TA
HAH [ 3 | anA 3 HA 3
A 1/2

Figure 6. First Group of Similar Alternation Rules according

GROUP 2
Genitive Case | Accusative case | Poss. Affix-2
aJH aJ JKL
TJH TJ TIKI
HJH | 3 | ul HiKi
H 3

Figure 7. Second Group of Similar Alternation Rules according

For example, word oke (“father”) in ablative case with none possessive
agreement will take suffix —geH, but in third person possessive agreement it
takes suffix —HeH. Thus eke+Noun+A3Sg+Pnon+Abl—ake—geH (“from father”)
and ake+Noun+A3Sg+P3Sg+Abl— ake—ci—HeH (“from his father”) mappings
occur. This is different from words which end with vowels. For example, a word
ciHni means ‘little sister’ and its ablative case is analyzed as

cini+Noun+A3Sg+Pnon+Abl—ciHnigeH.

According to those similarities there are generalized rules which are valid in
many cases in grammar including verbs and derivations. In Figure 6, locative
and dative suffix rules are nearly identical which can be observed visually. Also,
accusative and possessive pronouns of Type 2 are same. In dative case, if the
last letter is a vowel and the last syllable contains a back vowel then T is
replaced by f or r. Also, if the last letter is an unvoiced consonant and the last
syllable contains a front vowel then T is for k or k. Thus, the word 6ana (“child”)
becomes 6ana—fa (“to child”) and the word ake (“father”) will be ake—re (“to
father”) in ablative case. The reader can observe that the last letter is a vowel,
at the same time it is a front vowel in the last syllable and thus T—f mapping

occurs. Also, the last letter of the word kitan—-ka (“to book”) is an unvoiced
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consonant and its last syllable contains a back vowel, thus T—k mapping
occurs. The last letter of the word mektenke (“to school”) is an unvoiced
consonant and its last syllable contains a front vowel, thus T—k mapping
occurs. After detailed analysis of the language it can be seen that there are
mainly common rules of alternations valid over all grammar. There are about 57
main alternation rules defined for all system together with generalized rules and
13 exception rules for each case separately. All these rules are implemented
with Foma finite-state tools, and they are defined and composed in a Foma file
[66]. For instance, some of most common alternation rules are given below and
they are called by capital letters defined in intermediate level and they are not
available on surface level. As mentioned before they are invisible by users.
They are represented by surface level characters or they drop. In the following

rules, 0 stands for empty string.
Rule H & Rule B: H is realized as 0 or J, B is realized as 0 or A.
[H—0,B— 0]l [V owel]%+_[Cons]] [H->J, B-> A]

If the last letter of the morpheme is a vowel and the first letter of the suffix is a
consonant then H and B are realized as 0. Otherwise, they are realized as J
and B, respectively. Some examples of Rule H and Rule B are as follows, and

two of examples also uses Rule J and Rule A.

Rule H: aHa-HmM—aHa-m, “my mother”

Rule H & Rule J: iw-HM—iw-dM—iw-im, “my stomache”

Rule B: ere-Bp—ere-p, “will sharpen”

Rule B & Rule A: 6ap-Bp—6ap-Ap—6ap-ap, "will go”

Rule J & Rule A: Jis realized as bl or i and A is realized as 11, a or e.

[A— n || [Vowel]%+ ][A — a,J — bl || [BVowel](Cons)*x%+?+ J[A—e,J —i||
[FVowel](Cons)*%+7?x_]

If the last letter of morpheme is a vowel then A is realized as i, and if the last
syllable of a morpheme contains a back vowel then A and J are realized as a
and bl. Otherwise, if the last syllable of a morpheme contains a front vowel then
A and J are realized as e and i. Some examples of Rule R and Rule A are as

follows.
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bac-Huw—b6ac-Jm—b6ackim, “my head”

poc-TAp—paoc-tap, “friends”

pantep-nAp—ageantep-nep, “copybooks”
6apma-AmMbiIH—6apma-nmblH, “I will not go”

Rule T: T is realized as k, f, k or r depending on previous characters.
[T — k|| [BV owel](?)[UV Cons]%+_]

[T — k|| [FV owel](?)[UV Cons]%+_]

[T — £ || [BV owel](?)[0|SCons|V Cons1]%+_]

[T — r || [FV owel](?)[0|SCons|V Cons1]%+_]

This rule is illustrated partly in Table 2 for dative case. It is one of generalized
rules which are valid in many cases such as derivation of nouns, adjectives and

verbs. Some examples of Rule T are as follows.
b6ana-Ta—06ana-fa, "to child" (Noun in Dative)
Xas-Tbl—xa3s-fbl, "of summer" (Adjective)
Xyp-Teni—xyp-reni, "since coming" (Verb)
ecTi-T-Tiz—ecTi-T-Kki3, "make hear"(Causative Verb)
Orthographic rules are given in Appendix 1.

3.4.2. Nouns

Nouns in Kazakh language take singular or plural (A3sg, A3pl) suffixes,
possessive suffixes, case suffixes and derivation suffixes. In addition, nouns
can take personal agreement suffixes when they are derived into verbs. For
example, kiTan-Tap-ga-fbl-nap-gbiH, which means “of those which are in books”
has the following morphological analysis. «kitan+Noun+A3PI+Pnon+Loc
ADB+Noun+Zero+A3PI+Pnon+Gen. Every nominal root at least has a lexical
form of Noun+Sg+Pnon+Nom. Therefore, a noun root kitan which means “book”
has a morphological analysis as kiTan+Noun+A3Sg+Pnon+Nom. These
inflections of noun are given in FST diagram in Figure 8. Part of lexicon is given
in Appendix 2. It can be seen that a nominal root can be in singular form by

adding (+0) no suffix which is in fact third personal singular agreement (A3sg)
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and by adding suffix

Singular-A35g Possessive

.!\'Dun Smn.i]um]_ﬁjpl . Ailxes .Case Affi xes'

Figure 8. The FSA model of inflectional changes of a

(+PAr) in plural form which is in fact third personal plural agreement (A3pl).
Here P is an intermediate level representation letter for letters g, T or n in
surface level. After, possessive affixes (+Pnon:0, +P1sg:Hwm, +P2sg:HH,
+P2psg:HHJ3, +P3sg:cd, +P1pl:HmJ3, +P2pl:HH, +P2ppl:HHJ3, +P3pl:cd) and
case affixes (Nom, Dat, Abl, Loc, Acc, Gen, Ins) are added. Here H and J are
intermediate letters. All morphotactic rules together with adjective, pronoun,
adverb and numerals are given in Figure 9. It can be observed that every
adjective can be derived to noun and nouns with relative affix can be derived to
adjectives. There are other derivations which are produced by adding some
specific suffixes between verbs and nouns, adjectives and adverbs, adjectives
and nouns. In order to get rid of complex view those derivations are not
explicitly shown in Figure 9. In our morphological analysis system, root of word
is a starting point for morphemes defined in lexicon file, and other morphemes
are added according to morphotactic rules. All possible morphemes of Kazakh

language are defined in the lexicon of the morphological analyzer.

In order to give better comprehension of morphotactic rules illustrated in Figure
9, let us clarify Pronoun part. There are seven kinds of pronoun types in Kazakh
language[M. © Kapaes Kasak Tini] such as Personal, Reflexive, Indicative,

Interrogative, Definite and Indefinite pronouns.
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Figure 9. Morphotactic Rules for Nominal Roots

ciza(You polite), on(He\She), 6i3(We), cengep(You plural), cizgep(you polite
plural) and onap(They). Only theird person pronoun has its possessive
agreement. Thus, in Figure 9 Personal pronoun is indicated as FullCaseAgr

with Pnon except 3™ person pronoun.

All case agreements of personal pronoun are examplified in Table 3. Personal
Pronoun has full case agreement, but they do not have possessive agreement
except 3 person pronoun such as of- OHbl, OHbIH, OHbIHbI3, OHbICbl. On the
other hand, some of definite pronouns have case agreement and some are not.
Also, not all of definite pronouns have possessive agreements. For this reason,
it is indicated to have half case agreement and half possessive agreement as
HalfCaseAgrt/HalfPoss.
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Table 3. Personal Pronoun and its Case Agreement

Pers. Case Nom. Abl. Loc. Dat. Gen. Acc. Ins.
Pronoun

Me- (I) MeH MeHeH MeHae MaraH MEHiH, MeHi MeHiMeH
CeH(You) CeH CeHeH ceHae MaraH CEeHiH CeHi CeHimeH
Ciz(You p) Cis cisgeH cisge cisre ci3aiH cisai ci3beH
On(He\She) On opaH opa ofaH OHbIH, OHbl OHbIMEH
Bi3(We) bi3 6izgeH 6isge Gisre 6i3giH Gizgi 6i36eH
CeHpep(You pl) CeHpep ceHaepaeH ceHaepae ceHpepre ceHaepain ceHaepai ceHaepMmeH
Cizaep(You ppl) Cisgep cisgepaeH cisgepae cisgepre cisgepain cisgepai cisgepMeH
Onap(They) Onap onapaaH onapga onapfa onapabl onapgab! onapmeH

On tte other hand, Indicative pronouns usually encountered as an adjective
form in a sentence and can not have its plural form, case and possessive
agreements, if not used as object. Indefinite pronouns can not have possesive
agreements in its noun form in a sentence, if not used as an adjective.
Moreover some nominal roots convert to adverbial roots by adding proper
affixes such as —wA, -PAd, -DAGJH, -WAMA, —wAnJQ, -cJH. Here letters
defined in latin alphabet are intermediate letters which encountered for several
letters in cyrillic alphabet thus in Kazakh language. For example, ka3sak-wa(in
Kazakh), akwa-nan(in cash), 6ota-ganbiH(as brood of camel), coH-wwanbik(as so

much), ocbliH-Lama(as so many) and KeLwuki-CiH(in evening time).

For cases, there are three different groups of case agreements. Locative,
Instrumental and Ablative cases are in group of Case-1 and nouns in this group
can be ended with Personal agreement affixes. For example, xyper-im-meH-CiH
which means “you are with my heart”. Accusative and Locative form are in
Case-2 group and noun which is in this group can be turn to adjective by adding
proper suffix -RJ or can be derived back to noun. R is an intermediate letter
which is encountered for “” and “r’. For example, yn-ge-ri-nep-giH which
means “of those which are at home” has the following morphological analysis
yn+Noun+A3sg+Pnon+Loc*"DB+Noun+Zero+A3PI+Pnon+Gen. Here a suffix “-
ri” derives noun “yin” which is in locative case to noun that can have its plural
form, case and possessive agreements. Locative , Ablative and Dative are in
Case-3 group and nouns in this group can be treated as an adverbs in a

sentence.
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3.4.3. Verbs

Verbs are terms which define actions and states. Mainly three tenses exist such
as present, future and past as stated in Figure 11. Moreover, conditional,
optative and imperative moods are also defined. However in detailed form there
are thirteen tenses together with modals in Kazakh language. These tenses are
worked out from many resources where presentation and naming have variance
among each other according to their scholars [76], [77], [78]. For example,
according to Isaeva and Nurkina [78] Aybicnanbl Kenep LWak, “Future
Transitional Tense” denotes action in future and has same affix as Present
Tense. However, Mamanov [76] points out that Aybicnans! Kenep Lak, “Future
Transitional Tense” denotes present action. Our work is mainly based on
morphology of Kazakh language defined by Karaev in [79]. Tenses in Kazakh
language and their detailed properties are given in Appendices 6, 7, 8.
Additionally, there are large amount of auxiliary verbs which define tenses and
some modal verbs. However, in cases that auxiliary verbs are not used as
verbs, they become adverbial adverbs or participles which define verb or noun .

In Figure 12, morphotactic rules of verbs and modals are given.

Ilaw/Tense Hypuar'Suffix
bomsam s Kenep llak aplepp
Ex Future Indefinite Tense
E ..' -
& MaxkcarTa Kenep 1lak rﬁi::22:
& Future Goal Oriented Tense e
2 MAaK/MEK
,_:% Ayricnane! Kenep (Ocei)
]_Llag o aleli =
Future (Present) Transitional 2
Tense i
Maxcarma Ocri 1lak KaUTbl/FaThL 5
Present Goal Oriented Tense Keni/rem 2
Hax Ocw Ulak o s
Present Definite Tense N
Ian Ocw Hlak )
: na/ne
Present Progressive
Kenen Otren Hlak i {3 1
Puast Definite Tense TELTI
" Aybicnans: Otrex Hlak ATBIH/ETIH
2 Past Transitional Tense HTBIH/HTIH
< AjtrakTsl bypriHFe OTHEH ’
3 lax ItEIH.-I.r-EH
= Past Narrative Definite Tense i mia
Ajtrakcer bypriHFe BTreH
lak HIIin/m
Past Narrative Indefinite Tense

Figure 11. Tenses of Verbs in Kazakh Language
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Derivations of verbs to nouns and adverbs with specific suffixes are shown with
asterisk in Figure 12. Verbs can be in reflexive, passive, collective and
causative forms. For instance, verb Tapa-y which means "to comb" is
represented as Tapa-H-y in reflexive infinity form, Tapa-n-y in passive infinity
form, Tapa-c-y in collective infinity and Ttapa-TQJ3-y and Tapa-TtTJp-y in
causative infinity form. Here, Q, J and T are intermediate letters. However not
all verbs can have all of these forms at the same time. Verbs in infinity form are
generally formed with last letter y, and the verb keny which means “to come” is
an example for this case. The system is performing over generalization on
verbs which take auxiliary verbs on appropriate tenses. Those verbs are
analyzed as derived adverbs or incomplete verbs on that tense since every verb
of a sentence should have a personal agreement and the personal agreement
affix is added to the verb itself after the tense suffix or to the auxiliary verb.
Some of the tenses have different personal agreement endings and they are

presented in Table 4 and in Table 5.
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Figure 12. Morphotactic Rules of Verbs in Kazakh Language
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All agreement are added as suffix to related verb, thus their orthography are
differentiate according to the last characters of a verb. For this reason, all
agreements given in Table 4 and Table 5 are shown in intermediate level in
order to be varied dependent on last characters and their equivalent are given

in paranthesis.

Table 4. Types of Personal Agreements

Personal Pronoun Agrmt 1 Agrmt 2 Agrmt 3 Agrmt 4

MeH (1) P1Sg MJH MJH M NJH
(a,e)*

6i3 (we) P1PI MJ3 MJ3 Q nJQ

ceH (you) P2Sg CJH CJH H -

ceHgep (you *) P2PI Verb+ cJHOAD cJHOAp HOApD HOApD

ci3 (you*) P2PSg cJ3 cJ3 HJ3 HJ3
)+

cisgep (you™)  P2PPI cJ3pAp cJ3pAp HJ30Ap HJ30Ap

on (he,she) P3Sg - DJ - CJH

onap (they) P3PI

(M—m,n,6), (J—bl, i), (Q—K, K), (A—a,e), (D—a,T)

Table 5. Possessive Pronouns

Possessive Pronoun 1
MeHiH(My) M
6i3aiH(Our) MJ3
ceHiH(Your) H
ceHaepaiH(Your®) + GJ NnApJH Keny
cisgiH(Your) VERB HJ3 (to come)
cisgepgiH(Your**) + QJ nApJHJ3
oHbIH(his,her) cJ
onapAablH(their) nApJ
(Q—k, k), (A—a,e), (J—bl, i), (G—F, 1)

* 27 Person Plural
+ 2nd Person Polite
*+ 2nd Person Plural Polite
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In the constructed morphological analyzer, we make the analysis of every single
word and for that reason generalization of some rules are made by giving more
than one result. Thus compound verbs are examined separately. For example,
Ken-reni Typ-mblH which means “l am planning to come” is an example of this
usage. Here Typ is an auxiliary verb which actually defines the tense of the verb
and takes a personal agreement affix. Without an auxiliary verb, the word ken-
reni means “since coming” and it is derived as an adverb. Thus, in order to
choose a correct one we developed the disambiguation system which is

explained in next chapter.
3.5. Morphological parse of a word

A morphological parse of a word in Kazakh can contain derivational and
inflectional suffixes same as Turkish. For example, the morphological parse of

eTikwi (shoemaker) is:

eTik+Noun+A3sg+Pnon+Nom”DB+Noun+Agt+A3sg+Pnon+Nom

\ |

stem whole tag

Here eTik (shoe) is the stem and the rest of the morphological parse is the
whole tag of the word. In this parse, "DB shows a derivation boundary and Agt
is the name of the derivational suffix. In a derived word, the collection of final
morphemes after the last derivation ignoring the derivational suffix name is
called as final tag and in our example it is Noun+A3sg+Pnon+Nom where Agt is
eliminated. The final tag of an underived word is its whole tag. For example, the
morphological parse of the word eTIKTiH, (of boot) is
eTik+Noun+A3Sg+Pnon+Gen, and Noun+A3Sg+Pnon+Gen is both its final tag
and whole tag. Turkish words have similar morphological structures, and final
and whole tags of Turkish morphological parses are found similarly [59]. In
Chapter 7, we define statistical language model according to tags and stems of

words.
3.6. Evaluation

In this section evaluation for morphological processor is presented. As

mentioned before, the morphological processor is implemented using Foma
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finite state tools. Morphotactic rules and possible morphemes are defined in the
lexicon file. Alternation rules of Kazakh language are defined and the rules are
composed with the lexicon file in a Foma file. Some loan words, proper names
and technical terms are not included. The system is working in two directions as
at lexical and surface level. Due to the ambiguities in language there is no one-
to-one mapping between surface and lexical forms of words and the system can
produce more than one result. There are approximately 15000 words in our test
corpus which are selected from the web [80]. The percentage of correctly
analyzed words is approximately %99. In the lexicon of the morphological
analyzer, there are 3709 verbs, 13149 nouns, 3047 adjectives, 1218 adverbs,
794 conjunctions and 100 postpositions and numerals are included. The errors
of the morphological analyzer are mainly the errors that appear in the analysis
of technical, abbreviated and loan words which do not obey alternation rules of
Kazakh language. The system is tested with four files in our test corpus and
their results are given in Table 6. The files 1.txt and 2.txt have less such words
than the files 3.txt and 4.txt. For example, the word dakTinep which means
"facts" is not correctly analyzed and it is derived from a loan word. Since it is a

loan word, it doesn’t obey Kazakh language rules.

Table 6. Results of morphological analysis

Files Total Correct Uncorrect Average Precision
Words Parse Per
Word
1.txt 6462 6432 30 7.09 0.995
2.txt 3124 3093 31 6.91 0.990
3.txt 2836 2784 52 7.1 0.982
4 txt 2532 2493 39 6.65 0.985
Total 14954 14802 152 6.98 0.990
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4, MORPHOLOGICAL DISAMBIGUATION

Natural language is complex due to its being natural and having mental
influence of a speaker with effects of cultural, social, historical and geographical
background of his society. Independent from the context where it is used, a
word in a natural language can have more than one meaning. This case is
called the ambiguity of a word and it is a big issue to be considered for any
natural language processing task with even well-defined grammar rules.
Especially this ambiguity problem is more complex for agglutinative languages.
Kazakh language is an agglutinative language in which every affix converts a
given word to a different form. Thus, its morphological disambiguation process
is harder than others because it has more morphological parses for words.
Statistical methods [51] [52]create probabilistic models from morphologically
tagged texts and use these models to disambiguate words by selecting most
probable morphological parses. There is a statistical morphological analysis for
Turkish worked out using n-gram models for inflectional and final tags of words
[53]. Rule-based morphological disambiguators [54] [55] [56] use hand-crafted
rules to select correct parses of words or eliminate some of illegal parses of
words. Disambiguation rules can be also learned from tagged texts using
transformation-based learning approaches [57]. Hybrid systems [58] use both
statistical 2 knowledge and disambiguation rules in disambiguation process.
Turkish morphological disambiguator developed[59] by Kutlu and Cicekli uses
both transformation based approach and rule-based approach. The
morphological disambiguator for Kazakh language described in this thesis use

transformation-based approach and it is a variation of Brill tagger[57].
4.1. Brill Tagger

Part of Speech tagger suggested by Eric Brill in 1995 is error driven
transformation-based tagger. It is a supervised learning, which tends to
minimize error. Also, it is transformation-based since a set of learned rules
defines a tag to be assigned to each word and changes it. Thus, it first assigns
the most frequent tag to known words. If the word is unknown, it just assigns
the tag "noun” to it. However, it is obvious that everything which is unknown can
not be a “noun”. So, if it is an error it should be minimized. Then, successively

applying these rules by changing the incorrect tags to approach higher precision
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gives a quite high accuracy. Thus, Brill Tagger can be briefly summarized as an
error driven transformation-based tagger method which aims to minimize the
total error. Our disambiguation system which is a variation of Brill Tagger is
based on the idea of Kutlu and Cicekli [59], which was constructed for Turkish
language earlier. Our system consists of two main parts such as training and
disambiguation. First of all, we created a corpus for morphological
disambiguation and words of this corpus are analyzed using our morphological
analyzer [65]. The correct morphological parses of words are manually tagged.
As a result, we obtained a manually tagged corpus and it is used for training
and validation purpose. In Figure 13, general view of training and

diambuguating corpus is given.

Training Corpus

Construction of Tables | STBL

Hand WTBL
Crafted

Corpora v
Learning Rules

.

:

A 4
Disambiguating Corpus

Figure 13. General View of Training and Disambiguation Corpus

4.2. Training

The training corpus is used to construct tables such as Most Likely Tag of Word
Table (WTBL) and Most Likely Tag of Suffix Table (STBL). All morphological

parse frequencies of words are kept in the table (WTBL) and all morphological
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parse frequencies of suffixes are present in the table (STBL) in sorted order. It
means that the first tag for a word or a suffix has the biggest frequency and thus
is the most likely tag in each case. A part of WTBL is presented in Table 7,
where it can be observed that a word “Gyn” means this appears 224 times in all,

179 times as indicative pronoun and 44 times as noun and 1 times as

conjugate.

Table 7. A part of WTBL
oyn:224
Pron+IndcP+A3Sg+Pnon+Nom: 179
Noun+A3Sg+Pnon+Nom : 44
Conj: 1
Noun+A3Sg+Pnon+Nom”*DB+Verb+Zero+Pres+A3Sg: 0

Noun+A3Sg+Pnon+Nom*DB+Adj+Zero: 0

Table 8. A part of STBL

nbIK. 376

Verb+Pos*"DB+Adverb+AfterDoningSo: 45
Noun+A3Sg+Pnon+Nom”*DB+Adj+FitFor: 39
Noun+A3Sg+Pnon+Nom”*DB+Noun+Theme+A3Sg+Pnon+Nom: 27
Verb"DB+Verb+Pass1+Pos*DB+Adverb+AfterDoningSo: 18
Noun+A3Sg+Pnon+Nom”*DB+Noun+Theme+A3Sg+Pnon+Nom*DB+Adj+Zero: 5

Noun+A3Sg+Pnon+Nom”DB+Noun+Theme+A3Sg+Pnon+Nom”DB+Verb+Zero+Pres+A3Sg: 3

Also a part of STBL for suffix “neik” is visualized in Table 8. Here morphological
parse or tag of a word is taken as whole tag of a word. As mentioned before, if a
word doesn’t have any derivation boundary its whole tag is its final tag. At this
stage, disambiguation rules are induced by using table WTBL. In our

disambiguation system, the induced possible rules are in the following 3 forms.

« Type1: Select TAGa for WORDLy if the tag of WORDn-1is TAGs .

+ Type2: Select TAGa for WORDy if the tag of WORDnN-1 is TAGg and if the
tag of WORDN+1 is TAGc

* Type3: Select TAGA for WORDy if the tag of WORDn+1 is TAGc , where
TAGa, TAGg and TAGc are possible tags from WTBL.

Here "Select TAGa for WORDy if Condition" means that we select the
morphological parse with TAGa for WORD\ if "Condition" is satisfied and TAGa
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is the tag of at least one of the morphological parses of WORDN . If there is
more than one morphological parses with TAGa which belongs to that word,
select the one with the highest frequency. If WORDn does not have a
morphological parse with TAGa, the rule does not have any effect on WORDAN.
After all possible rules are found, each rule is tried in order to select the rule that
gives the best precision increase. Here the precision value is evaluated as

follows in 4.1:

.. Number of Correctly Tagged Words
Precision = : (4.20)

Number of Totall Words

where Number of Correctly Tagged Words is the number of correctly tagged
words in the data set (here the data set is the training set with most likely
morphological parses), and Number of Total Words is the number of the words
in the data set. After applying the selected rule, we repeat the process until
there is no progress or the improvement after the last found best precision. All

learned rules are kept in their learning order.
4.3. Disambiguating

All learned rules which are kept in their learning order are used in
disambiguating process. Also, WTBL and STBL are used for disambiguation of
a word. Thus the disambiguation system consists of five major procedures such

as:

e Assigning of the Most Likely Tag of Word

e Assigning of the Most Likely Tag of Suffix

e Assigning of Tag according to possible Suffix
e Assigning with Fall-Back Heuristics

e Application of the Learned Rules

The system looks for the correct morphological parses applying the above
procedures in the given order. The correct parse of a word can be selected after
ambiguous words can be clarified by eliminating some invalid parses. Certainly,
we can not have all words in our training corpus and words can be still

ambiguous after some steps have been applied.

Differently from the disambiguation system [11], if word is unknown we try to

find a word by chunking a word from the last letter to find valid previously
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learned suffixes. For example, assume a word “catein” which means "selling" is
ambiguous. We look for the last letter, which is "n” as suffix and the rest word,
which is "caTtbl” as a stem. If we have such predefined suffix in STBL, we will
take all most frequent parses. On other side, we look at a stem in WTBL. We
are continuing this process until a stem with one letter is left. In this case, the
fourth step which is "Selection with Fall-Back Heuristics" will force the system

definitely select a parse for each ambiguous word.

There is a possibility of being a word without any predefined suffix and then we
add this word as a noun, adjective derived from noun, verb derived from noun
and adverb derived from adjective. After the system forces a word to be defined
we will apply previously learned rules to choose the correct one. In Figure 11,

there is a flow chart of disambiguation process.

As mentioned before the order of learning rules specifies its’ application order.
Then, the system decide if a rule is applicable to a word or not on existent
conditions. Thus, if all of the following conditions are satisfied, then a rule is

accepted to be applicable to a target word. These conditions are:

- All aspects of a rule should be completely disambiguated and

satisfied.

- The target word satisfies its condition and to be disambiguated or

having at least one parse which accomplishes its condition.

- The target word contains at least one of the possible parses of the

correct tag given in the selection part of the rule.
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S2:< word1 wordz words ...wordg.1 wordq punct>>
> — Rules
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A
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YES Chunking by Letter Starting
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NewWordlength>1

Fall Back Heuristics

Figure 14. Flow Chart of Disambiguation Process

If the target word contains only one morphological parse satisfying the correct
tag it is disambiguated. If the target word can not be completely disambiguated
then at least some of its parses are selected as its possible parses for the next

step. For instance, the following rule is applicable with its given aspects:
if final TAG of wordi = Adjective and
whole TAG of wordi.1=Verb+Pos+Pres+A3sg
then select MP containing whole tag Adverb for word;

If the whole tag of the chosen MP of wordi.1 is Verb+Pos+Pres+A3sg, the final

tag of at least one of possible MPs for word; is Adjective and word; consists at
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least one possible MP having the whole tag Adverb, those MPs are assigned by

this rule for word,.
4.4. Evaluation

For the morphological disambiguator, a training corpus with 30171 words is
used and all words in this training corpus are manually tagged with their correct

morphological parses.

Table 9. Results of Morphological Disambiguation

Correctly Disambiguated

Files Total Words Before rules After Rules Precision
Applied Applied

1.txt 6462 4588 5621 0.870

2.txt 3124 2249 2749 0.880

3.txt 2836 1956 2412 0.851

4 txt 2532 1774 2177 0.860

Total 14954 10567 12959 0.867

From this training corpus, our morphological disambiguator learned 512
disambiguation rules which is partly given in Appendix 3. The corpus used for
the morphological analyzer is used a test corpus for our morphological
disambiguator. This test corpus contains four files and 14,954 words in total.
The results of disambiguated files are given in Table 9. 12,959 words of the test
corpus with 14,954 words are correctly disambiguated. Without using the
learned rules, 10,567 words are disambiguated just using most likely tags of
words. Thus, 2,392 words are corrected by learned rules. The precision value
for our morphological disambiguator is 0.87 percent. The accuracy can be

raised by adding hand crafted rules to the disambiguation system.
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5. LEARNING TRANSLATION TEMPLATES

As mentioned earlier, source level sentences in translation examples are
morphologically analyzed and disambiguated before translation template
learning process in order to obtain translation examples at lexical level. The
translation template learning module infers translation templates from these
examples at lexical level. The learned templates can be atomic templates
without any variable or general templates with variables. Meanwhile, the
system can also learn morphological types of variables in general templates
with the help of morphology type lattices which are fed into the system for both
languages. A morphology type lattice is a lattice for root words and morphemes
of a language. At the bottom of the Iattice, there are root words and
morphemes, and at the top of the lattice is the main type ANY [63]. All other
types in the lattice are subtypes of the main type. Also confidence factors of
learned translation template are also calculated in the learning process [37].
Appropriate learned translation templates are chosen according to a source

language sentence to be translated in order to translate that sentence.

Example based machine translation is a translation technique that can be
modeled as if a man given sample sentences in source language (L1) with their
correspondences in target language (L2), by memorizing these aligned pairs
and seeing patterns in these translation examples, he becomes able to translate
new sentences. Aligned bilingual translation pairs are given to our EBMT
system in order to learn translation templates. The induction of a translation
template is performed by replacing differing parts in given aligned examples by
variables. Replacing a difference part with variables is called as the

generalization of those differing parts.

In order to find differing parts for each pair of translation examples, a match
sequence is generated for them. A match sequence for a pair of translation
examples consists of two match sequences where one of them is a match
sequence for source language sentences in the pair and the other one is the
match sequence for target language sentences. A match sequence of two
sentences is a sequence of similarities representing similar parts of sentences
and differences representing differing parts. The structure of a match sequence

that is extracted from a translation example pair is as the following:
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S1oD1oS11 D1n-1S1n > SzoD20821 Dzm-182m where n,m>1

Here S stands for similarities and D stands for differences. The left side of the
arrow is the match sequence for source language sentences and the right is the

match sequence for target language sentences.

For example, assume that following two examples E1 and Ez are given.
E+: bICTbIK Waw iwemiH « sicak ¢ay icecegim (I will drink hot tea)

E2: bICTBIK Cy ileMiH <« sicak su igecedim (I will drink hot water)

As observed in these two pairs, both sides have two similar parts and one
differing part. Similar parts in Kazakh side are bicTbIK (hot) and iwemiH (I will
drink), and similar parts in Turkish side are sicak (hot) and igcecegim (I will
drink). The differing parts are (wawn, cy) in Kazakh side and (g¢ay, su) in Turkish
side, and they mean tea and water in English. The match sequence for these

examples is obtained as follows.
bICTbIK (LWaK, cy) iemiH < sicak (g¢ay, su) icecegim

Since there is only one difference on both sides, surely these differing parts
must be translations of each other. By generalizing this match sequence and by
replacing differing parts with variables, the following general translation
template and two atomic translation templates from the correspondences of

differing parts are inferred.

bIcTbIK X' iemiH < sicak Y icecedim if X' < Y’
Wwan < cay (tea)

cy < su (water)

In general translation templates, the variables that replace differences in
Kazakh language side are denoted by X, and Turkish part variables are denoted
by Y. The correspondence of two variables is indicated by same superscripted
numbers. Although this example is given in surface level, the actual templates

in the system are learned at lexical level.

In order to learn translation templates from a match sequence, it has to have

exactly n differing parts at both sides and the correspondences of n-1 differing
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parts must be determined from previously learned templates. For better
comprehension, a formal description of the Translation Template Learning

(TTL) algorithm is summarized in Figure 12 as given in [63].

procedure TTL(Ma,n)
begin
e Let the match sequence Map be:
StDy, ... ,DX_ Ste D2SZ, ... D2_,S2

if n=m=1 then

e return the following rules

St xt stes s2 x2 52
if X' X?
Dja> Dia
Doy DG,
else if 1<n=m and n-1 corresponding differences can be found in
Mab then

e Assume that the unchecked corresponding differences is
((Dkyyar Diy)s (Diar D))

e Let the list of corresponding differences be

(D, D7) ... (D&, D,) including unchecked ones.

e For each corresponding difference (Dy,, D) replace Dy, with X;
and Dii with X7 to get the new match sequence MasDV.

e return the following rules:
M,,DV

ifX! < X;and..and X! & X
Diya < Dia
Din,b « Dlzn,b
end

Figure 15. The TTL Algorithm

Let us look at the following examples at surface level:
E3: bICTbIK Wan iwemi3 <« sicak gay icecegiz (We will drink hot tea)
E4: Xbinbl cy iweMiH < 1k su icecegim (I will drink warm water)

Although these examples have similar structures, their similarity cannot be
observed at their surface level representations. Let us look at the following
examples at lexical level after they are morphologically analyzed and

disambiguated.
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Es: bicTbik+Ad]j wan+Noun+A3sg+Pnon+Nom iw+Verb+Pos+FutTr+A1pl
> sicak+Adj cay+Noun+A3sg+Pnon+Nom i¢+Verb+Pos+Fut+A1pl

E4: xbinbi+Adj cy+Noun+A3sg+Pnon+Nom iw+Verb+Pos+FutTr+A1sg
<> Ilik+Adj su+Noun+A3sg+Pnon+Nom i¢c+Verb+Pos+Fut+A1sg

The match sequence which is extracted from Ez and E4is as follows:

(blcTBIK KbINbI)+Adj(wan,cy)+Noun+A3sg+Pnon+Nom
iw+Verb+Pos+FutTr(+A1pl,+A1sg)

> (si1cak,ilik)+Adj (¢ay, su)+*Noun+A3sg+Pnon+Nom i¢g+Verb+Pos+Fut(+A1pl,
+A1sg)

In this match sequence, there are 3 differences in both sides. Assume that we

previously learned following templates.

Wwan < cay (tea)

cy < su (water)

+A1pl « +A1pl (first person plural agreement)
+A1sg < +A1sg (first person singular agreement)

These previously learned templates indicate that the correspondence between
the differences (wan, cy) and (¢ay, su), and the correspondence between the
differences (+A1pl,+A1sg) and (+A1pl,+A1sg) are known. The last differences
(b1cThIK, XbINbI) and (sicak, 1lik) must correspond to each other. In this case

the following three templates can be induced from this match sequence.
X'+Adj X2+Noun+A3sg+Pnon+Nom iw+Verb+Pos+FutTr X3

< Y'+Ad]j Y?+Noun+A3sg+Pnon+Nom i¢+Verb+Pos+Fut Y3 if X' < Y'and X?
« Y?and X3~ Y3

bICTbIK <> sicak (hot)
Xbinbl < 1k (warm)

The TTL algorithm described above in this section is applicable to the match
sequences, if the number of differences on both sides are equal. If a match
sequence will have different number of differences then before applying TTL

algorithm, the number of differences should be equated by separating
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differences. Assume that the match sequence has less number of differences in
its one side than the number of differences in the other side. Then, first of all,
constituents at the side with less differences are examined if they contain more
than one morpheme. If it is, then the number of differences should be increased
by dividing morphemes into smaller parts from morpheme boundaries. After
equating the numbers of differences in both sides the TTL algorithm is applied
to each pair of examples in the training set to infer translation templates. The
algorithm is applied in each stage or turn of learning phase until no new
translation template is learned. Thus, after one turn if the number of new
learned translation templates does not increase then the learning process
stops. If the number of examples is n, then the maximum number of turns of
the learning phase is theoretically n-1. However, in practic usually the number

of turns needed is much less.
5.1. Type Associated Translation Templates

Variables in general translation templates can be replaced with any string
during the translation process. Some of these replacements cannot be
appropriate in certain contexts because the variables in learned templates are
generalizations of the tokens (stem words or morphemes) in differences and
these variables should be replaced with the strings whose types are compatible
with the tokens in differences. For this reason, translation templates with typed
variables are also learned in our EBMT system same as EBMT system between

Turkish and English [63]. Let us consider the following translation examples,
Es: kengim < geldim (I came)

Ee: kKeTTiM < qittim (I went)

and their lexical level representations.

Es: ken+Verb+Pos+PastDF+A1sg <« gel+Verb+Pos+Past+A1sg

Ee: keT+Verb+Pos+PastDF+A1sg « git+Verb+Pos+Past+A1sg

From the match sequence of above examples, the following general translation
template is learned by replacing differences (ken, keT) and (gel, git) (come and

go in English) with appropriate variables.

X'+Verb+Pos+PastDF+A1sg « Y'+Verb+Pos+Past+A1sg if X'-Y!
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Now, let us assume that we have previously learned the following atomic

translation template
Ton « dugun (wedding)

where both Kazakh and Turkish words are nouns. When we fed our system with
the lexical form of the sentence Tonabim (I am full up) whose lexical form is
Ton+Verb+Pos+PastDF+A1sg in order to translate it to Turkish. Using the
above templates and replacing X' with Toin and Y' with diigin, the invalid
translation result dugilin +Verb+Pos+Past+A1sg is obtained since dligiin stem
is a Turkish noun not a verb. In order to not forget types of strings in differences
that are replaced with variables during learning, we also infer general translation
templates with typed variables. The type of a variable is obtained by finding the
youngest common ancestor of the tokens in the difference that is replaced by
the variable. The youngest common ancestor of two tokens is the first common

ancestor in the morphology type lattice of the language of those tokens.
5.2. Lattice

Lattice means an arrangement of particles in a regular periodic and cross-
cutting interlaced pattern. Here linguistic part-of-speech tag arrangement model
is defined as a lattice. It is required and suitable for hierarchical characteristic of
part-of-speech tags and there can be some cross-cutting types that belongs to
more than one category. A common category for two different types can be
found by constructing a lattice like structure which resembles an undirected
acyclic graph. There are two lattice structure are used for both languages.
Figure 6, shows the structure of the lattice that we have used in our system for
Kazakh language which was used earlier for Turkish language [63]. The main
lattice structures used for Kazakh and Turkish are given in Appendices 4 and 5
respectively. Both languages are agglutinative type and have similar lattice
structure with some difference according to categorizations which are taken

from the morphological analyzers.

The main categorization depends on the affixes. There are main categories
such as noun, verb etc. and they have supertype parent ANY. However, affixes
are grouped according to the categories that an affix can follow. In both

languages every noun can appear as adjective and every adjective as noun,
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NOUN-SUFFIX category is under ADJ-SUFFIX category also. An other
categorization principle for both languages is the categorization of the affixes
causing derivation. Derivative words are frequently seen type of words in
Turkish and in Kazakh. Derivation can be defined as creating new morphemes
from other morphemes by adding a derivational affix. So this kind of affixes are
grouped according to the main categories that they can follow and the category
of the word that they yield after the derivation process. For example the
morpheme “cbi3” derives a noun “yat” (shame) to an adjective “yatceis”
(barefaced) and its lexical equivalent is "DB+Adj+Without. So, the category
"DB+Adj+Without has parent NOUN-DB-ADJ.

Using a tree structure is not suitable for indicating multiple parents for some
constituents such as the case of “+A3sg” which can both appear as the singular
noun agreement and the third person singular verb agreement. Here the leafs
given in circle are the constituents whose type is the first parent indicated by

rectangle of that leaf.

If a morpheme is not a root then its type label would be its own name. On the
other case, its type label will be type of the root word. For example,
“‘book+Noun+A3sg+Pnon+Nom”, here “book+Noun” would have simply a type
label “Noun” and other two morphemes will have type labels as their names,

“A3sg” and “Nom” respectively.

A label to token pairs is assigned by finding the nearest common parent of the
two tokens. For example, the difference Di: (ken+Verb, ket+Verb) to be
replaced by a variable by learning algorithm. Since, there are single tokens in
the difference and their types match the variable with type label would be Xverb .
However it is the simplest case and in situations where pair tokens do not
match in terms of type, learning algorithm searches for nearest supertype of
pairs. Then, the concatenation of each such token pair in the difference
becomes the type label of a variable. As an example of a difference, assume

that D; is given and a part of it in Kazakh Lattice is illustrated in Figure 13:

Di: (Ton+Noun+A3sg, meH+Pron+A1sg)
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Figure 16. A Part of a Kazakh Lattice

Here, the first token pair is (Ton+Noun, meH+Pron) and their first common
parent type is “ANY”. Likewise, the type label of the second token pair (+A3sg,
+A1sg) will be VERB-AGREEMENT. So the difference Di would have label of
the variable as “ANY VERB-AGREEMENT” which is the concatenation of types

of each token pair.

Mentioning about our previous example, the general translation template above

can be learned as the following type associated translation template.
Xerb +Verb+Pos+PastDF+A1sg <Y 'ven+Verb+Pos+Past+A1sg
if X1Verb HY1Verb

The variable X'vers can only be replaceable with a Kazakh verb and the variable
Y'verr can only be replaceable with a Turkish verb. Since the variable X'
replaces the difference (ken, keT), and the youngest common ancestor of the
tokens of this difference is Verb node in the Kazakh type lattice. Similarly, the
tokens of the difference (gel,git) that is replaced by the variable Y' is Verb node

in the Turkish type lattice.
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5.3. Epsilon Insertion

Thus, the type of a variable is infered by pair-wise searching a type in the
lattice. It is not a troublesome to find a type label for a variable if pairs in
difference have same number of tokens. The problem is how to decide the pairs
when there are different number of constituents. Epsilon is inserted to the side
with fewer number of tokens. The insertion point of an epsilon can be
determined by calculating a generalization score for each of the possible
insertion points and then choosing the one with the least score. First, epsilon is
added to every possible point. Taking into account that the distance from
epsilon to any type is set to 2, the distances between tokens are calculated
using lattice structure. It is the length of the shortest path between types. Then,
the sum of these distances between the types of the corresponding tokens in
the constituents is called the generalization score of an epsilon insertion point
possibility. For example, given following match sequence and the learning

algorithm has to assign a type label to the variable:
E1:(kek+Adj, capbl+Adj) mawmHa+Noun +A3sg +Pnon +Nom
<> (bir+tNum+Card mavi+Adj, sari+Adj) araba+Noun +A3sg +Pnon +Nom

The difference given in E1 has single token on the left-hand side and there are 2
tokens in both of the constituents. Thus, epsilon insertion is unnecessary here.
However, in the difference on the right-hand side, there are 2 tokens in the first
constituent where there is a single token in the second one. In this case there

are two epsilon insertion possibilities.

For example,
(bir+Num+Card mavi+Adj, € sari+Ad))
(bir+Num+Card mavi+Adj, sari+Adj €)

In order to calculate best epsilon position the lattice given in Figure 14 is used.
For every possibility, we calculate the shortest distance of the types pairwise

and chose the possibility with the minimum value.

Thus, the generalization scores for the two epsilon position points are

calculated as:
genScore1 = minDist(bir+Num+Card, €) + minDist(mavi+Adj, sari+Adj)= 2+2=4
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genScore2 = minDist(bir+Num+Card, sari+Adj) + minDist(mavi+Adj, €)= 4+2=6

bir+Num
+Card

Figure 17. Part of a Turkish Lattice

taken as As it is seen, the most appropriate possibility is the first one since it
has the smallest generalization score. So the induced translation template for

the match sequence E+, will be shown as T1 and T»

E+:(kek+Adj, capbl+Adj) mawmHa+Noun +A3sg +Pnon +Nom

<> (bir+tNum+Card mavi+Adj, sari+Adj) araba+Noun +A3sg +Pnon +Nom
E1:X"aqj MawmHa+Noun +A3sg +Pnon +Nom «

Y Thullor(Numcard) Adj Kitap+Noun +A3sg +Pnon +Nom

T1. kek+Adj <> bir+Num+Card mavi+Adj

To:capbl+Adj < sari+Adj

Here, the nullor defines the token position as nullable, that is either epsilon or a
cardinal number can be substitude to the token position during the translation

phase.
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5.4. Learning From Learned Templates

In the previous sections, it is presented that effective learning is obtained by
extracting translation templates from translation example pairs. Size of learned
templates are usually limited because of scarceness of prealigned example
pairs. In order to increase the geenrality of learned templates and learning
effectiveness previously learned templates can be used for learning purpose.
Actually this is the generalization of two similar translation templates into one
template. Then two sentences which are generalized to form the last learned
and more general translation template will be able to be represented by their

general form.

For example, assume that we have translation examples given below. The first

thing to do is to extract a match sequence from these examples.
E1:6ana+Noun+A3pl+Pnon+Nom ken+Verb+Pos+PastDF+A3sg
—o0glan+Noun+A3pl+Pnon+Nom gel+Verb+Pos+Past+A3pl
E2:6ana+Noun+A3pl+Pnon+Nom keT+Verb+Neg+PastDF+A3sg
«—o0glan+Noun+A3pl+Pnon+Nom git+Verb+Neg+Past+A3pl

First of all from above examples we will have match sequence M1 and then

template as T1.

M1:6ana+Noun+A3pl+Pnon+Nom(ken+Verb+Pos,

keT+Verb+Neg)+PastDF+A3sg

—o0glan+Noun+A3pl+Pnon+Nom (gel+Verb+Pos, git+Verb+Neg)+Past+A3pl
T1: 6ana+Noun+A3pl+Pnon+Nom (X' ver vers-sense)+PastDF+A3sg
—0glan+Noun+A3pl+Pnon+Nom (Y' vern vere-sense)+Past+A3pl

Also, assume that we have other two examples such as Ez and Es and template

T2 extracted from these examples::
Es:kpI3+Noun+A3pl+Pnon+Nom ken+Verb+Pos+PastDF+A3sg
—kiz+Noun+A3pl+Pnon+Nom gel+Verb+Pos+Past+A3pl
E4:kp13+Noun+A3pl+Pnon+Nom keT+Verb+Neg+PastDF+A3sg

—kiz+Noun+A3pl+Pnon+Nom git+Verb+Neg+Past+A3pl
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T2: kbi3+Noun+A3pl+Pnon+Nom (X' vers vers-sense)+PastDF+A3sg
—kiz+Noun+A3pl+Pnon+Nom (Y ver, vers-sense)+Past+A3pl

As mentioning before, T1 and T2 are templates learned before and system will
learn again from these templates to improve learning ability. Thus, Tg is the

generalized learned template given in 5.40.
Ta: (X'Noun)+A3pl+Pnon+Nom (X? verb vers-sense)+PastDF+A3sg
<>(Y'Noun)+A3pl+Pnon+Nom (Y2 ver, vers-sense)+Past+A3pl (5.40)

Therefore, templates T1 and T2 are merged to form TG. After giving all details

of learning algorithm it can be summarized by flowchart given in Figure 15
5.5. Confidence Factors

A learned translation template may not produce a correct translation at all
cases. In some of its applicable cases, it may generate invalid results. We want
to know the confidence level of a translation template and its confidence level is
estimated using the statistical information available in translation examples in
the training set. The confidence levels of a template can be different in two
translation directions. For this reason, we associate each learned translation
template with two confidence factors (CF12,CF21) where CF12 is a confidence
factor to be used in translations from L1 to L2 and CF»21 is to be used in
translations from L2 to L1. We have implemented a type associated version of

calculating confidence factors as worked in an earlier system [37].

The confidence factors of templates are calculated using their matching
performances with translation examples in the training set. We say that the
language-1 side of a translation template matches with a translation example if
it matches with a substring of that example in the same language side. A side of
an atomic translation template matches with a translation example side if it is a
substring of that example side. On the other hand, a side of a general template
with typed variables can only match with a translation example side if it matches
with that example side bounding its variables to strings of that example and

those strings satisfy types of those variables.
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Example 2 |

Match Sequence Extraction

Match
Sequence

v Take Corresponding Differences from
Prelearned Templates

Prelearned

Correspondences
Templates

match?

Add Non-existent correspondent to

\/ Prelearned Templates
I

For every Difference

# of

Correspondences NO

Inequal?

\/ Calculate the generalization score

Choose ¢ inserted string with the
minimum generalization score

Lattice |

Get the type sequence of the difference

Set variables to differing parts and associate with

\/ the type sequence

Figure 18. Flowchart of Learning Algorithm
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Let us assume that we have a translation template which has “L1Side «

L2Side” form, its confidence factors (CF12,CF21) are computed as follows:
CF12=N12/ (N12 + N1)
CF21=N12/ (N12 + N2)

where N1z is the number of translation examples such that they match with both
sides of the translation template, N1 is the number of translation examples such
that they match with L1Side but they do not match with L2Side, and N2 is the
number of translation examples such that they match with L2Side but they do
not match with L1Side. For clarification, assume that confidence factor of
template such as :“maraH X'ver, <>bana Y'ver” is to be calculated from following

training examples.

E+: ofaH kapa+Verb+Pos+ImMD+A2Sg «—ona bak(look at him)
E2: on kapa+Adj 6ana <0 esmer ¢ocuk (he is brunette)

Es: ceH kapa+Verb+Pos+Past+A2Sg « sen baktin (you looked)

Es4: maraH kapa+Verb+Pos*"DB+Adj kici «—bana bakan kisi (person who looked

atme )

Thus, from above examples we have calculated confidence factor of type

associated templates as:

E+ matches translation template for both languages, so N1 is increased
by 1

E> doesn't match translation template
E3s matches translation template for both sides, so N1 is increased by 1
E4 doesn't match translation template

Thus, confidence factor from Kazakh to Turkish is calculated as:

confidence factor' = ZLJrO =1.0 and from Turkish to Kazakh

d. tor’ =———=1.0
confidence factor Py
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6. TRANSLATION WITH LEARNED TRANSLATION TEMPLATES

Learned translation templates are bi-directional and they can be used in
translations of new sentences in both directions. This means that a Kazakh
sentence can be translated into Turkish and a Turkish sentence can be
translated into Kazakh language using learned templates. Left sides of learned
templates define a grammar of Kazakh language and right sides define a
Turkish grammar. The translation process can be thought as a grammar
correctness check of a given source language sentence by the defined source
language grammar through learned templates and at the same time generating
its translation in target language. First, the given source language sentence is
morphologically analyzed and disambiguated, and the translation process is
performed by an Earley parser [81] which parses the source language
sentence at lexical level and generates its translation at lexical level in target
language. After translation results are sorted using confidence factors and a
SLM of the target language, the surface level of the top translation result at

lexical level is produced using the target language morphological generator.

If the given source language segment is translated using an atomic translation
template, its translation is the target language part of that template. In order to
translate a source language segment with a general translation template, the
given segment must match with the source language part of that general
template by binding source language variables to corresponding parts in the
given source language segment. Bound strings must satisfy type constraints of
those variables, and the matching process is unsuccessful if they do not.
Strings bound to source language variables are recursively translated, and their
results are bound to corresponding target language variables. In order to have a
successful translation process with this general template, sub-translation results
that are bound to target language variables must also satisfy type constraints of

those variables.

A confidence factor value for a translation result is calculated using the
confidence factors of the translation templates involved in that translation. As
mentioned before, each translation template is attached with to two confidence
factors (CF12,CF21) where CF+2is a confidence factor to be used in translations

from L1 to L2 and CF»2¢ is to be used in translations from L2 to L1. In the
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calculation of confidence factors of translation results, confidence factors of
templates in translation direction are used. If a translation result is directly
obtained with an atomic translation template, the confidence value of that result
is same as the confidence factor of that atomic template. If a translation result is
obtained using a general template, the confidence value of the translation result
is the multiplication of the confidence factor of that template together with
confidence values of sub-translation results which are obtained from translation

of strings bound to source language variables.
6.1. Matching Phase

The translation process is mainly a matching process which aims to find best
match in terms of parses at lexical level with type constraints and the available
example in the database. The basic idea is to construct bilingual aligned corpus
and using a suitable algorithm for matching process. In thesis, the translation
process is performed by an Earley parser [81] which parses the source
language sentence at lexical level and generates its translation at lexical level in

target language.
6.2. Earley Parser

The system, after being trained with parallel alighned corpora and learned
translation templates, it is able to match in order to find an appropriate
templates for a given sentence to be translated. This is performed by known
dynamic algorithm which is called Earley Parsing algorithm. As known, Earley
Parsing algorithm uses chart to eliminate backtracking and composed of three
main components such as: Predictor, Scanner and Completor. Also, parser
performs matching of a given sentence according to predefined grammar rules
with dot notation method. In our system rules are prelearned templates with
type information of variables and confidence factors. For example, lets look at

parsing example which is used in our system given in Table 10.

If we have sentence to parse “kbizgap kenegi —kizlar gelecekler” which means
girls will come in surface form. Giving lexical form such as: Kbi3+Noun +A3pl

+Pnon +Nom ken+Verb +Pos +FutTR +A3pl
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Table 10. lllustration of Parsing

Rule Template Types CF

S—S +A3pl +Pnon +Nom S +Pos [ S +A3pl +Pnon +Nom S +Fut (Noun ,Noun [1.0,1.0]
+FutTR +A3pl +A3pl ] )

(Verb ,Verb)
S —kpI3+Noun [ kiz+Noun ] [1.0,1.0]

S — ken+Verb [ gel+Verb ] [1.0,1.0]

Here every tag will be considered as seperate word while parsing and will have

8 charts as following:

Table 11. Earley Parser Example

Chart |Rule Dotted Rule Start-End Parents
# #
Chart |1 S—.S [0-0]
0
2 S — . kpI3+Noun [0-0]
Chart |3 S — kbI3+Noun . [0-1]
1
S— S .+A3pl +Pnon +Nom S +Pos +FutTR +A3pl [0-1] [3]
Chart |5 S — S +A3pl .+Pnon +Nom S +Pos +FutTR +A3pl [0-2] [3]
2
Chart |6 S — S +A3pl +Pnon .+Nom S +Pos +FutTR +A3pl [0-3] [3]
3
Chart |7 S — S +A3pl +Pnon +Nom .S +Pos +FutTR +A3pl [0-4] [3]
4
S — .ken+Verb [4-4]
S—>.S [4-4]
Chart |10 S — ken+Verb . [4-5]
5
11 S — S +A3pl +Pnon +Nom S .+Pos +FutTR +A3pl [0-5] [3,10]
12 S — S .+A3pl +Pnon +Nom S +Pos +FutTR +A3pl [4-5] [10]
Chart |13 S — S +A3pl +Pnon +Nom S +Pos .+FutTR +A3pl [0-6] [3,10]
6
Chart |14 S — S +A3pl +Pnon +Nom S +Pos +FutTR .+A3pl [0-7] [3,10]
7
Chart |15 S — S +A3pl +Pnon +Nom S +Pos +FutTR +A3pl . [0-8] [3,10]
8
16 S — S .+A3pl +Pnon +Nom S +Pos +FutTR +A3pl [0-8] [15]
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Result is as “1 Translation found from rule 15 : kiz+Noun +A3pl +Pnon +Nom

gel+Verb +Pos +Fut +A3pl”
Parse tree is obtained by parents of rule. Here from rule 15 they are 3 and 10.

S —S) +A3pl+Pnon+Nom (S ¥Pos +FutTR +A3pl .

|

—kbI3+Noun @—»KerﬁVerb
has template
Check for Required kiz+Noun gel+Verb

Types > l \

if types match the Result is: Kiz+Noun+A3pl+Pnon+Nom gel+Verb+Pos+Fut+A3pl

Figure 19. Parse tree of Earley Algorithm
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7. STATISTICAL LANGUAGE MODEL SUPPORTED
TRANSLATION ORDERING

Translations are performed using the translation templates which are learned
from translation examples in a training set. Although the size of training set can
be big enough to learn many useful translation templates so that these learned
templates can be capable to translate many new sentences, it cannot be big
enough to capture all variations in languages. In the EBMT part of our system,
translation results can be ordered according to their confidence values that are
computed using confidence factors of learned templates. Confidence factors are
calculated according to the statistical information available in bi-lingual
translation examples of the training set and they may not catch some usage of

text in target language because of its limited size.

In order to capture more statistical information about languages and use this
information in the orderings of translation results, we suggest the usage of
bigger monolingual corpus to collect this statistical knowledge as Statistical
Language Models (SLMs). The size of monolingual corpora is much bigger than
the size of bilingual corpus of translation examples. Translation results are
ordered using their confidence values and their target language usage
probabilities which are calculated using a SLM. Thus, the combination of the
available knowledge in both the bilingual corpus and the monolingual corpus of
the target language plays a role in the orderings of translation results in our
hybrid EBMT system.

Turkish and Kazakh languages are closely related languages, but in some case
they have considerably many semantical differences. For example, two of
possible Turkish translations of Kazakh verb To3abl are eskidi (worn out) and
yiprandi (exhausted), and one of them can be more appropriate translation
depending on the subject of the sentence. Since its most possible translation is
eskidi, translation templates doing this translation can have bigger confidence
factors than confidence factors of translation templates translating that verb as
yiprandi. Then, whenever we want to translate xxynkem To3abl (I had nervous
exhaustion) to Turkish language, it will be translated as “sinirim eskidi” with
higher confidence value and it is not a valid translation result in Turkish. Here,

the more correct Turkish translation is sinirim yiprandi which will have a less
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confidence value. According to the usage probabilities of these two translation
results which can be calculated using a target language (Turkish) SLM, the
probability of the translation result sinirim yiprandi can be higher. Thus, a
common usage of text can be caught by possessing a high sentence

probability.

SLMs can be constructed using surface level forms of words or their lexical
level forms. Since both of our languages are agglutinative languages with
complex morphology structures, SLMs depending on lexical level forms are
more appropriate. Since agglutinative languages are suffering from data
sparseness, it is stated that better performance is observed while a language
model is constructed according to morphological information than using in

surface form [53].
7.1. Language Models

We created three language models to be taken into account when calculating
probabilities of sentences. Language Model 1 (LM1) takes stems of words
together with their final tags as tokens in the model creation, Language Model 2
(LM2) takes stems of words together with their main part of speech and

Language Model 3 (LM3) takes word’s final tag without a stem.

For instance, let us consider Turkish sentence evim eskidi (my house became
old). All sentence words are morphologically analyzed and disambiguated to

obtain words at lexical level as follows:
ev +Noun+A3sg+P1sg+Nom eski +Verb+Pos+Past+A3sg

Then, each model creates own tokens from these lexical level representations

as follows:

LM1: <s> ev +Noun+A3sg+P1sg+Nom eski +Verb+Pos+Past+A3sg </s>
LM2: <s> ev +Noun eski +Verb </s>

LM3: <s> Noun+A3sg+P1sg+Nom Verb+Pos+Past+A3sg </s>

Here <s> and </s> are sentence boundaries to calculate the probability of a

sentence.
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7.2. Sentence Probability

From the monolingual corpus of each language, bigram and unigram
probabilities of all language models are calculated using AntConc software [67].
A SLM is a probability distribution P(s) over text that gives how frequently given
n-grams occur and we calculate bigram probabilities. We use standard bigram
formula in bigram calculations. Thus, we obtain three language models for each

language.

count (wl._ : ,wl.)

Pw.|w.
(W’lw’_l)F count(wl._l)

For example, let's illustrate bigram calculation of a sentence. Assume that a
sentence produced as a ftranslation result from a system is <s>meH yure
Kenaim</s> which means “/ came home”. If to calculate bigram probability of
the sentence according to language model of Type 2(LM2). In order to present
a calculation of bigram of the sentence, we use a chart. Due to its language
model type we have to take types of stem as their tag. It is <s>meH+Pron
yn+Noun ken+Verb</s>. Also, we have example text for calculating bigrams

such as:
<s>meH+Pron mekten+Noun ken+Verb</s>
<s>ceH+Pron yn+Noun ken+Verb</s>
<s>on+Pron 6akwa+Noun 6ap+Verb</s>
<s>MeH+Pron xymbic+Noun keT+Verb</s>

<s>meH+Pron yn+Noun keT+Verb</s> (7.20)

Table 12. Calculation of sentence probability

<s> mMeH+Pron yn+Noun ken+Verb </s>

\ }.

N o ’ N/

Bigrams 3 o 1e e e

Unigrams S5e 3 .. 2 .. 2 .. 5

Prob. Of @ ‘v 3/5 * AV 13 * ‘v 1/2 * ‘v 2/2
Sentence
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So, the probability of sentence is 0.09 calculated according to LM2 and

examples in 7.20 .

In translation process, we also calculate usage probabilities of translation
results using a selected language model of the target language. Whenever we
have more than one translation result, we look at their confidence values and
usage probabilities in order to decide the best one. Since training examples are
limited than any other collected monolingual data in both languages, we use
sentence probabilities obtained from their SLMs as a second reference. We
calculate a combined score for each translation result in order to sort translation
results with respect to their combined scores obtained from confidence values
and usage probabilities that are weighted with two coefficients a, B. Thus, a
combined score of a translation result with a confidence value CF and a usage

probability LM is equal to a*CF+B*LM, which will be explained in Chapter 8.
7.3. Smoothing

Language models assign a probability that a sentence is a legal string in a
language. Since sparseness of agglutinative language data is the main
problem which we are faced with, there can be combinations of words that
never occur in training. If a new combination occurs during translation, it is
given a probability of zero and the entire sequence gets a probability of zero.
Therefore some smoothing techniques should be used to prevent zero
probability. In this work we used “Add--1” or Laplace smoothing technique which
is the easiest one among other techniques. Thus, pretend that there is one
more word than it is in real and just add one to all the counts as can be seen
from formula given below:

Clwi—,wy) +1
C(Wi—l) +U

Prag-1(wilw;_1) =

For example, assume that there are words such as a, b, ¢ and d. Also, four

kinds of occurrences exist as following:
#(aa)=2 — Probability of Sentence= 2/6

#(ab)=1 — Probability of Sentence= 1/6
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#(ac)=0 — Probability of Sentence= 0/6
#(ad)=3 — Probability of Sentence= 3/6

In order to smooth or regularize probabilities of unseen word, we add 1 to the
nominator and add number of unique words to the denominator. Thus,

according to above example we will have:
(2+1)/(6+4)=3/10
(1+1)/(6+4)=2/10
(0+1)/(6+4)=1/10
(3+1)/(6+4)=4/10

Therefore, we have prevent zero probability, instead small amount of count was

added by proportionally changing other probabilities.
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8. EVALUATIONS AND ANALYSIS OF EVALUATION RESULTS
8.1. a and B Ranking

We calculate a combined score for each translation result in order to sort
translation results with respect to their combined scores obtained from
confidence values and usage probabilities that are weighted with two
coefficients a, B. Thus, a combined score of a translation result with a

confidence value CF and a usage probability LM is equal to a*CF+B*LM.

We want to find best matching coefficients a, B for each language model so that
we can get best performance from our hybrid EBMT system. If ais 1 and B is O,
the decision is only made by the EBMT part of the system. On the other hand,
the decision is only made by SLM if a is 0 and B is 1. Of course, the best
combination is the combination that produces best results. In order to choose
best coefficient combination for coefficients, we look at BLUE score [82] of the

system on a test set of bilingual translation examples.

Table 13. Example for Calculation Coefficients a and

Result Conf. Lang. Lang. Lang. BLEU
Factor Model 1 Model 2 Model 3

R4 0.08 0.05 0.05 0.06 1

R2 0.04 0.07 0.08 0.04 0.61

Rn 0.01 0.03 0.04 0.03 0.74

8.2. BLEU Method

BLEU score is a reference value (from 0 to 1) which identifies the closeness of
a result generated by machine translation to human translation independent
from language information, and it is a n-gram precision comparison method that
compares a translation result with human reference translations. If machine
translation is closer to human translation then score is higher. The quality of
translation is a number between 0 and 1, and this measurement is a statistical
closeness to a set of perfect translations. Computing the n-gram value (taking n
as 1) can give an absurd results if some modifications are not made. Thus, first

the maximum number of word which occurs in any single reference translation
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is counted. Then, for each candidate word the total count is clipped by its
maximum reference. At last, these clipped counts are added and divided by
total number of candidate words. In summary, BLEU score -calculations
performed by taking parameter n as 1,...,4 and using the geometric mean of

these precisions as following: [82].

p, = Yce{Candidates) Zn—gramec Countcip(n—gram)
n =
ZC’E{Candidates} Zn_gmmvechount(n—gram’)

Moreover according to [82], another penalty called Brevity Penalty has been
added for the longer candidate sentence than reference in BLEU score

calculations and we used it in our calculations too. This is calculated as:

1 ifc>r

9 ={oario i ez

Then, the BLEU score is calculated as shown in Equation 6.3, and the positive

weights of n-grams w, sums up to 1, if n=4 then w4=0,25.
BLEU = BP - exp(XN_, wy, logp,,) (6.3)

For example, assume that our system has translated a sentence “kyxatka kon
kon” which means sign a document as “belgeye el at” . Then, for a given
reference which is “belgeye imza at” precisions for n=1,2,3,4 are calculated as
stated in formula given in 6.1. The BLEU score is calculated in lexical level.
Thus, candidate sentence is “belge+Noun +A3sg +Pnon +Dat el+Noun +A3sg
+Pnon +Nom at+Verb +Pos +Imp +A2sg”, here every token treated separately,

except type tokens of a word.

The reference sentence is “belge+Noun +A3sg +Pnon +Dat imza+Noun +A3sg
+Pnon +Nom at+Verb +Pos +Imp +A2sg”. According to BLEU calculation

process,

P1=10/12
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P2=7\11
P3=4\10
P4=1\9

Since candidate sentence has same length with reference sentence Brevity

Penalty is 1.
Then, weighted precision is equal to 0,39

In order to determine the best coefficient combination for each language model,
two test sets are used. Different combinations of coefficients are tried to find the
best combination that produces the best BLUE score for that test set. Results of
this evaluation are given in Section 8.4. For each language model, we also give
MRR (Mean Reciprocal Rank) values [83] for translation results produced by

type associated translation templates.
8.3. Mean Reciprocal Rank

An evaluation of any process that produces a list of possible responses to a
sample of queries is performed by statistic measure which is called mean
reciprocal rank ordered by probability of correctness. The multiplicative
inverse of the rank of the first correct answer is calculated and it is the
reciprocal rank of a query response. Then, the average of the reciprocal ranks
of results for a sample of queries Q is the mean reciprocal rank, which is

illustrated below:

Q|
MRR = ! Z !
QI 4 1Tanki
1=

where rank; refers to the rank position of the first relevant result. For example,
assume that our system found 4 translation results for one sentence, such as
‘kyxaTka kon kon” given in Table 14. Also, rank query of results are taken
according to BLEU score calculated before. Thus, results are sorted according

to their BLEU score and given rank query number due to their positions.
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Table 14. Calculation of MRR

Translation results BLEU Query MRR
1 belgeye el at 0.73 2 1/2

2 Dbelgeye imza at 1.0 1 1

3 Dbelgeye el koy 0.39 3 1/3
4 belgeye imza koy 0.73 2 1/2

MRR values reflect the rankings of translation results with highest BLEU scores
and a translation result with highest BLEU score is accepted as a true

translation result.
8.4. Evaluation

In order to test the performance of our hybrid EBMT system, different training
and test sets are composed. A training set that consists of 1000 bilingual
aligned translation example pairs is created in order to infer translation
templates and their confidence factors from that training set. Another 200
aligned translation example pairs which do not exist in training pairs are used
for testing the system by calculating the average BLEU score for the test set.
This test contains 100 pairs that are context related with SLM of target language
and another 100 pairs that are not context related. The Turkish monolingual
corpus contains 300000 words at surface level, and the Kazakh monolingual
corpus contains 100000 words. There are 48028 unique tokens in Turkish LM1,
26937 unique tokens in Turkish LM2 and 660 unique tokens in Turkish LM3.
There are 20468 unique tokens in Kazakh LM1, 12152 unique tokens in Kazakh
LM2 and 361 unique tokens in Kazakh LM3.

We designed two evaluation schemas with our test set in order to observe the
results of our hybrid EBMT system. The first evaluation is done with 100
context unrelated translation examples and the second evaluation is done with
another 100 context related translation examples. The results of these two
evaluations are given in Table 15 and Table 16 for translations from Kazakh
language to Turkish. Our MT system works bidirectional and same evaluations
are performed for translations from Turkish to Kazakh language. Since they
have similar results with the results in Table 15 and Table 16, we do not place

them here.
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In Table 15 and Table 16, the results are given for each language model for

different coefficient constants. For each language model, BLEU scores of the

system are
Table 15. Result of context unrelated test set.
™ TL ™ TL ™ TL
a B Bleu '\//_I\I\?R Bleu Bleu '\//_I\I\?R Bleu Bleu '\//SR Bleu
Avg 9 Avg Avg 9 Avg Avg 9 Avg
0 1 0.7 0.68 0.64 0.71 0.67 0.64 0.72 0.71 0.69

0.1 0.9 0.7 0.68 066 0.71 066 064 072 0.71 0.69
0.2 0.8 0.7 068 066 0.7 068 065 072 0.71 0.69
0.3 0.7 0.7 069 066 072 0.71 065 072 0.7 0.67
0.4 0.6 072 072 066 072 071 065 072 0.7 0.67
0.5 0.5 072 072 066 072 071 065 073 074 0.67
0.6 0.4 072 072 066 073 074 065 074 077 0.67
0.7 0.3 073 075 066 074 077 065 074 077 0.67
0.8 0.2 074 077 066 074 077 065 076 079 0.67
0.9 0.1 0.76 0.8 065 077 0.8 065 076 079 0.67
1 0 0.76 0.8 066 076 079 066 076 0.79 0.66

given for when translation templates with typed variables are used in
translations (TM columns) and when translation templates are used in
translations without enforcing any type information imposed by their type
variables (TL columns). The reason that we give results in TM and TL columns
is to demonstrate that type associated translation templates produce better
results than translation templates without type information. This fact can be
observed from TM and TL columns of each language model since results in TM

columns are consistently higher than results in TL columns.

Table 16. Result of context related test set

™ TL ™ TL ™ TL
a B Bleu '\AI\?R Bleu Bleu '\AI\?R Bleu Bleu '\AI\TR Bleu
Avg 9 Avg Avg 9 Avg Avg 9 Avg

0 1 0.71 0.67 0.63 0.72 0.73 0.61 0.73 0.74 0.67

0.1 0.9 0.72 0.73 0.64 0.72 0.73 0.61 0.74 0.76 0.64
0.2 0.8 0.72 0.73 0.64 0.72 0.73 0.61 0.74 0.76 0.64
0.3 0.7 0.72 0.73 0.64 0.74 0.76 0.62 0.74 0.76 0.64
0.4 0.6 0.74 0.76 0.64 0.74 0.76 0.62 0.74 0.76 0.64
0.5 0.5 0.74 0.76 0.64 0.74 0.76 0.62 0.75 0.8 0.64
0.6 0.4 0.74 0.76 0.64 0.74 0.76 0.62 0.75 0.8 0.64
0.7 0.3 0.75 0.8 0.64 0.75 0.8 0.62 0.75 0.8 0.64
0.8 0.2 0.75 0.8 0.64 0.76 0.81 0.62 0.75 0.8 0.64
0.9 0.1 0.75 0.8 0.64 0.76 0.81 0.62 0.75 0.8 0.64
1 0 0.75 0.8 0.62 0.75 0.8 0.62 0.75 0.8 0.62
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For each language model, we also give MRR (Mean Reciprocal Rank) values
[83] for translation results produced by type associated translation templates.
MRR values reflect the rankings of translation results with highest BLEU scores
and a translation result with highest BLEU score is accepted as a true

translation result.

Table 17. Enhanced results according to slms of Turkish.

Source Sentence:kyxat+Noun+A3sg+Pnon+Dat
kon+Noun+A3sg+Pnon+Nom
#  kon+Verb+Pos+ImpMD+A2sg CF LM1 LM2 LM3 BLEU

(kykaTka Kkon kKomr-sign a document)
Reference Sentence: belgeye imza at

R1  belge+Noun+A3sg+Pnon+Dat
el+Noun+A3sg+Pnon+Nom
at+Verb+Pos+Imp+A2sg 0.04 056 0.69 0.76 0.73
(belgeye el at-start working on a document)

R2  belge+Noun+A3sg+Pnon+Dat
imza+Noun+A3sg+Pnon+Nom
at+Verb+Pos+Imp+A2sg 0.04 061 0.78 0.76 1.0
(belgeye imza at-sign a document)

R3  belge+Noun+A3sg+Pnon+Dat
el+Noun+A3sg+Pnon+Nom
koy+Verb+Pos+Imp+A2sg 031 056 066 0.76 0.39
(belgeye el koy-seize a document)

R4  belge+Noun+A3sg+Pnon+Dat
imza+Noun+A3sg+Pnon+Nom
koy+Verb+Pos+Imp+A2sg
(belgeye imza koy-invalid)

0.31 061 071 076 0.73

As we can see from the test results in Table 15 and Table 16, statistical
language model is valuable and it can be used with an example based
translation system. According to the results in Table 1, LM2 performs better for
coefficients a=0.9$ and B=0.1$. Similar results can be observed in Table 16 for
two coefficient pairs. This means that our statistical language model LM2 and
our example-based translation part cooperate and they give the best result. In
overall results, LM2 shows better performance than others. LM3 does not give
too much information since there are much more equivalent tags of words in
LM3. Also, LM1 is limited, since a word with its final tag can be encountered
rarely in corpora. As we mentioned before LM1 is a SLM with words with their
final tags, LM2 is a SLM with words with their root types, and LM3 is a SLM with

final tags of words without their roots. Table 17 gives four possible Turkish
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translations of a Kazakh sentence. For each translation result, its confidence
factor, its language model probabilities for three language models (LM1, LM2
and LM3) and its BLEU score are given. Since the BLEU score of R2 is 1, it is
the correct translation. According to their CFs, R3 and R4 have best scores,
and one of them will be selected if the only EBMT part of our hybrid system is
used. Since R2 which is the correct translation has highest score in LM2, LM2

can pick the correct answer.

Table 18. Enhanced results according to slms of Kazakh

Source Sentence: oglan+Noun+A3pl+Pnon+Nom
git+Verb+Neg+Prog1+A3pl

(oglanlar gitmiyorlar-boys aren't going)

Reference Sentence: 6ananap 6apa >xaTkaH 0K

CF LM1 LM2 LM3 BLEU

R 6ana+Noun+A3pl+Pnon+Nom
6ap+Verb+Pos"DB+Adverb+ByDoningSo
xat+Verb+Pos*DB+Noun+PastPart+A3sg+Pnon+Nom
xok+Noun+A3sg+Pnon+Nom”DB+Verb+Zero+Pres+A
3sg

(6ananap 6apa xaTkaH oK -boys aren't going)

-

0.09 028 034 043 1.0

6ana+Noun+A3pl+Pnon+Nom
bap+Verb+Pos"DB+Adverb+AfterDoningSo
xat+Verb+Pos*DB+Noun+PastPart+A3sg+Pnon+Nom
xok+Noun+A3sg+Pnon+Nom”DB+Verb+Zero+Pres+A
3sg

(6ananap 6apbIn xaTkaH oK -boys aren't arriving)

N 0

0.33 0.18 0.23 043 0.86

6ana+Noun+A3pl+Pnon+Nom
keT+Verb+Pos*"DB+Adverb+ByDoningSo
xat+Verb+Pos*DB+Noun+PastPart+A3sg+Pnon+Nom
xok+Noun+A3sg+Pnon+Nom”DB+Verb+Zero+Pres+A
3sg

(6ananap keTe xaTkaH Xok -invalid)

« 0

0.2 0.08 014 0.43 0.86

R 6ana+Noun+A3pl+Pnon+Nom

4  ger+Verb+Pos"DB+Adverb+AfterDoningSo
xat+Verb+Pos*DB+Noun+PastPart+A3sg+Pnon+Nom
xok+Noun+A3sg+Pnon+Nom”DB+Verb+Zero+Pres+A
3sg
(6ananap keTin xaTtkaH xok -boys aren't leaving) not
common

0.27 0.08 0.14 043 0.76

R2 and R4 have highest score in LM1 and it cannot pinpoint the correct answer
directly. Since LM3 produces same score for all translation results, it cannot

make any judgment among results. We can say that LM2 performs better for
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this example. Although Turkish and Kazakh are closely related languages, there
are considerably many differences between them. For example, four different
Kazakh sentences “6apa xaTkaH XoK”, “Oapman XxaTbIp”, “keTnen xaTtbip”
and “keTin xaTKaH oK’ mean “gitmiyorlar” (they are not going) in Turkish
with some semantic differences. They differ according to continuity and physical
position of the doer while performing that process. In Kazakh language, there
are 4 auxiliary verbs that are added to main verbs by indicating continuity and
the physical position of the doer. These auxiliary verbs are “1yp” (standing by),
“xyp” (walking), “otbIp” (sitting) and “xaTbIp” (lying down). Thus, every verb
in Kazakh language can be different in meaning depending on which auxiliary
verb added to that verb. Therefore, for every Turkish verb in progressive tense,
there are at least four kinds of its usage in Kazakh language. In order to find the
valid one, confidence factors of learned translation templates may not be
satisfactory, and we may also need information in a SLM. In our system, we
have such kind of valuable ranking mechanism according to probabilities of
translation results. In Table 18, Kazakh translation results of a Turkish sentence
in progressive tense are given. The correct translation result is R1 and it can be
captured by LM1 and LM2 since they have higher scores for R1. According to
CFs, R1 has the lowest value and R2 has the highest value. LM3 again does

not produce satisfactory results.
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9. CONCLUSION AND FUTURE WORK

Nowadays there are significant research efforts on machine translation field with
increased number of developing technologies. We aimed to make a contribution
to this topic by trying to enhance translation results. For this reason, hybrid
methodology is used and focused on combining the best properties of more
than one MT approaches to provide better translation quality. So, we have
worked out a hybrid system which is constituent of EBMT as core model and

RBMT, SMT as information part of the system.

We examined all properties of MT approaches and their underlying problems,
then decided that EBMT is best suited to language pair involved in the system.
Furthermore, with these language pair we can get corpora which meet
sublanguage criterion. Thus, in our hybrid system, translations are performed by
the EBMT part of the system which is a core of the model. Since previously
compiled and rule structured database are used and as far as it is linguistic part
of the system, we can say that RBMT is used on information base to feed our

system with structured and disambiguated data.

A valueable work which is studying Kazakh language entirely from computer
linguistic view is performed for developing some stand-alone systems which are
not worked out earlier such as a morphological processor and a morphological
disambiguator of Kazakh language. As mentioned before, the languages
involved in the system are agglutinative languages and morphology plays an
important role in the structures of their words and their sentences structures.
Thus, the morphological processors are used obtain the lexical forms of the
surface level words and the surface level forms of translation results at lexical
level. Also, translation templates are kept at lexical level and they translate a
given source language sentence at lexical level to a target language sentence

at lexical level.

Moreover, lessening ambiguity of a text before translation process is vital to
increase the quality of translation results. Thus, to disambiguate words
morphologically, a Turkish morphological disambiguator and a Kazakh

morphological disambiguator are used.
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However, as for future work, in order to get more accurate results, first of all
disambiguation of Kazakh side should be worked out to better performance. In
our system, it produces 89% accuracy and it should be enhanced up to 98% by
adding some hand crafted rules. The improvement in disambiguation process

will definitely have a positive effect in our translation system.

As the main part of our work, translation process had been performed bi-
directionally and can translate new sentences in both directions. This means
that a Kazakh sentence can be translated into Turkish and a Turkish sentence
can be translated into Kazakh language using learned templates. Left sides of
learned templates define a grammar of Kazakh language and right sides define
a Turkish grammar. The translation process can be thought as a grammar
correctness check of a given source language sentence by the defined source
language grammar through learned templates and at the same time generating

its translation in target language.

After results obtained from translation process, valid results are chosen
according to confidence factors of translation results and SLMs of the target
language. We have bilingual corpora of examples and confidence factor is

calculated to choose valid results according to given database.

Although Turkish and Kazakh languages are closely related they have distinct
features to be dealed in their domain. In other words, to get the valid result in
target language, confidence factors of learned translation templates may not be
satisfactory, and we may also need information in a statistical language model.
Thus, combining example-based translation system with monolingual statistical
language model produces some valuable results according to our experiments.
In our system, we have such kind of valuable ranking mechanism according to
probabilities of translation results. Our experiments show that we can rely on
the combination of EBMT and SMT approaches, because it produces best

results.

Although our language resources have reasonable sizes, they are not big as
language resources used in other translation systems. We believe that the
performance of our system will be enhanced if language resources are

increased. Moreover, in order to catch common usage of results in target
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language the corpora of SLM should be considerably large and should be
increased up to millions level. These adjustments will make our system to

produce more valuable and precise translation results.
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APPENDIX 1: ORTHOGRAPHIC RULES OF KAZAKH
LANGUAGE

define FrontVowel [i |y |e |a | e | n ]| E];

define BackVowel [bl | y|o|a|a]|O];
defineVowel[a|a|o|e|y|yIlbl|ile|un|wo]|al;
defineCons[6 |B|r|=[a|x|3]A|k[x|[alm|[ulualn|plc|T|d|x|hlu|y|w]|w];
define ConsWOPL[6 |s|r| = |a|x|3|k|x|Im|u|n]|c|T[d|x|h|ulylw]|w];
define VCons1[x | 3];

defineVCons2[6 |8 |r| x| 4];

defineVCons[x |3 |6 |B|r |z |Aal;

define SonConsl [n | p |y | ¥W];

define SonCons2 [m | H | H] ;

define SonConsw [n | p | |[m|H|H];

defineSonCons[m |H |y |n|p|¥]|y];

define ConsWI[K |c|T| 6| w];

define ConsWOI [k | x];
defineUnVCons [K | x |n|c|T|lw|w|d|x|h|y]|ul;
define Partl [Vowel|SonCons1|VConsl] ;

define Part2 [Vowel |SonCons|VCons] ;

define Part3 [SonCons1|VConsl] ;

define Part4 [SonCons|VConsl] ;

read lexc all.lexc

define Lexicon

define OERule01  w->E || ?* (3)[m]"S";

define OERule02 wu->E || ?*_[8|9]"S";

define OERule0  wn->E || ?*_[ConsWI]"S";

define OERulel  n->0 || [BackVowel]?*_?*"S";

define OERule2  un->E || [FrontVowel]?* ?*"S";

define OERule3  wn->{En} || .#.[ConsWI]_, .#H._;

define OERule4  w->{0On} || .#.[ConsWOI]_, .#._,?* [a]"S";
define AYURulel 1o ->{iy} || .#.[Vowel]_;

define URule y -> {y#} | | .#.(Cons)*_(Cons)*"S",.#.?*[BackVowel](Cons)* _"S";
define HRulel H->0 || [Vowel|J|A]"$"[1]2]0]_Cons;

define HRule2 H->J;

define BRulel B->0 || [Vowel|J|A]"$"[1]2]0]_[Cons];
define BRule2 B->A;

define WRule Vowel ->0 || _"S"[W]; #XAw ekew

define ARule A->e,)->i|| ["&"]"s$"?*_,, "&"->0;

define VHRule A->i || [Vowel |A|)]"S"_;

define VARule A->a,J)->bl ||[BackVowel|"#"](y)(Cons)*"$"?* ,[Cons]y[Cons]*"S"?* ;
define Cleanupl "#"->0;

define VERule A->e,]->i||[FrontVowel](y)(Cons)*"$"?* ;
define PossRulel  c¢->0 || [K|Cons|y]"$"[3]_;

define BtoWRule  6->y || [Vowel] "$"[1|2|3]|"@"|0][bi]i][n];
define LocRule C->{na} | |"S"[B]1?*[ & | i]1"$"_[5];

define AblRulel ~ C->H || [SonCons2]"S" [4],"S"[3]?*[b1]i]"S"_[4];
define AblRule2  C->pa || [Part2]"$"_[5],[Part1]"S" [4];
define DatRulel  C->H || "S"[31?*[ b1 | i]"$"_[6];

define DatRule2  C->0 || "S"[1]|2]?*_[6];

define DatRule3 ~ C->T || [Part2] "S$"_[6],[UnVCons|K]"S" _[6];
define AccRulel  C->H || [Vowel]"$" _[8];

define AccRule2  bI->0,i->0 || "$"[3]?*[8]_;

define GenRulel C->H || [Vowel|SonCons2]"S" [7];

90



define PossAffRulel C->H || [Vowel] "$" _{88};
define PossAffRule2 C->p || [Part4] "$" _{88},[Part4] "$"_[8],[Part3]"S" [7];

define RelRulel
define RelRule2
define InsRulel
define InsRule2
define InsRule3
define Cleanup3
define PluRule0
define PluRulel
define PluRule2
define PluRule3
define YARulel
define YARule2
define YIRulel
define YURulel
define YURule2
define JRulel
define JRule2
define QRulel
define QRule2
define KRulel
define KRule2
define SoftRule
define Cleanup2
define TRulel
define TRule2
define TRule3

define TRule3
define TRule4

define DRulel
define DRule2

define NegRulel
define NegRule2
define NegRule3

R-> ¢ || [BackVowel]"$"_;
R->r || [FrontVowel]"$"_;
C->6 || [VCons1] "$"[1]0]_[9];
C->n || [K|UnVCons]"S"[1|0]_[9];
C->m || [Vowel|SonCons]"$"[1]0]_[91,"$"[3][I | i]_[9];
4->0,5->0,6->0,7->0,8->0,9->0;
P->0[] [3][al"s$"_;
P->pa || [SonCons2]| n |[VCons1] "$"_;
P->n || [Vowellit|p]y]"s"_;
P->T,C->7 || [K|VCons2|UnVCons]"$"_;
a->a || [O|E[A]"S"_?*;
w->0[] _"s"[a]?*;
bl->U, i->U || [Cons]_"S$"[y]?* ;
y->10 || [O[E]i]er|A]["S"[0]_(?)* ;
m->0,i->0,b1->0 || _[i|bl]0]["S"|O][t0](?)*;
bi->u,i->n || _"$"[1]0][1]?*;
“->0[] []"S"[1]0]_?*;
Q->r || [Vowel|SonCons]"$"_;
Q->K || (UnVCons)"S"_;
K->x || [BackVowel]?*"$"(?*)[BackVowel |1]_;
K->k || FrontVowel]?*"S"(?*)[FrontVowel|1]_;
K->r,x->%,n->6 || [Vowel] "S$"[1]|2|3]|"@"|0][Vowel]y];
"S> 0 || _[y]"S";
T->x || [BackVowel |y](?*)[UnVCons]"S" [BackVowel] ;
T->kK || [FrontVowel](?*)[UnVCons]"$"_[FrontVowel] ;
T-> = || [BackVowel](?*)(Cons)[0|SonCons|VCons1|t0]"$S"_,

#.[Cons](y)*"S"_;

T-> = || [BackVowel](?*)(Cons)[0|SonConsw |VCons1|0]"S"_,

#.[Cons](y)*"S"_;
T->r || [FrontVowel](?)(?)(?)(Cons)[0|SonConsw |VCons1]"S" _,"$" [FrontVowel];

D ->a || [SonCons|VCons|Vowel]("$")"$"[3|0]_;
D->1 || [UnVCons] "$"[3]0]_;

M ->6 || [VConsl|SonCons2]"$"_;

M->n || [UnVCons]"$"_;

M ->m || [Vowel|SonCons1]"S"_;

define CleanOERule O ->u, {Eit}-> n, {Oi}->u, E->n;

define OneSyll
define Caus

p -> {pZ} | | .#.(Cons)[Vowel] "S";

T->0 || [ConsWOPL | Z]"$"[V]_;
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APPENDIX 2: PART OF LEXICON FOR KAZAKH LANGUAGE

LEXICON Root

PRONOUN;

NOUN;

POSTPOSITION;

CONJUNCTION;

NUMERAL;

ADJECTIVE;

ADVERB;

VERB;

PUNCTUATION;

LEXICON PRONOUN

PERSON-PRON;

INDICATIVE-PRON;

INTERROGATIVE-PRON;

DEFINITE-PRON;

INDEFINITE-PRON;

NEGATIVE-PRON;

REFLEXIVE-PRON;

LEXICON PERSON-PRON

meH+Pron+PersP+Alsg:meH PERS-POSS1;
ceH+Pron+PersP+A2sg:ceH PERS-POSS1;
ci3+Pron+PersP+A2psg:ci3 PERS-POSS2;
on+Pron+PersP+A3sg+Pnon:oH PERS-STATE2;
6i3+Pron+PersP+Alpl:6i3 PERS-POSS2;
ceHpep+Pron+PersP+A2pl:ceHpep PERS-POSS2;
cispep+Pron+PersP+A2ppl:cisaep PERS-POSS2;
meH+Pron+PersP+Alsg+Pnon+Nom:meH DERIV;
ceH+Pron+PersP+A2sg+Pnon+Nom:ceH DERIV;
ci3+Pron+PersP+A2psg+Pnon+Nom:ci3 DERIV;
on+Pron+PersP+A3sg+Pnon:oH DERIV;
6i3+Pron+PersP+Alpl+Pnon+Nom:6i3 DERIV;
ceHgep+Pron+PersP+A2pl+Pnon+Nom:ceHaep DERIV;
cispep+Pron+PersP+A2ppl+Pnon+Nom:cisgep DERIV;
onap+Pron+PersP+A3pl:onap PERS-POSS2;
meH+Pron+PersP+Alsg:mafaH PERS-POSS3;
ceH+Pron+PersP+A2sg:cafaH PERS-POSS3;
on+Pron+PersP+A3sg:ofaH PERS-POSS3;
LEXICON PERS-POSS1

+Pnon:0 PERS-CASE1;
LEXICON PERS-POSS2

+Pnon:0 CASE-ALL;
LEXICON PERS-POSS3

+Pnon:0 PERS-CASE2;
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LEXICON PERS-CASE1

+Nom:0 FINAL;
+Nom:0 DERIVO;
+Loc:SC5A STATE];
+Gen:SJH, STATEGEN;
+Ins:SImeH FINAL;

PERS-STATE2;

LEXICON PERS-CASE2

+Dat:0 FINAL;
LEXICON PERS-STATE2

+Acc:S) FINAL;
ADB+Pron+Poss+Rel:Siki& FINAL;
ADB+Pron+Poss+Rel*DB+Noun+Zero:Siki& NOUN-SUFF;
LEXICON REFLEXIVE-PRON

63+Pron+RefP:63 REF-POSS;
LEXICON REF-POSS

+Alsg+Pnon+Nom:0 FINAL;
+Alsg+P1sg:S1HMm CASE-ALL;
+A2sg+P2sg:S2HH CASE-ALL;
+A2psg+P2psg:SHHJ3 CASE-ALL;
+A3sg+P3sg:$3H CASE-ALL;
+Alpl+P1pl:SHmMI3 CASE-ALL;
+A2pl+P2pl:SPAPS2JH CASE-ALL;
+A2ppl+P2ppl:SPAPSIHI3 CASE-ALL;
+A3pl+P3pl:SPApS3) CASE-ALL;
LEXICON INDICATIVE-PRON

6yn+Pron+IndcP+A3sg+Pnon+Nom:6yn FINAL;
ocbl+Pron+indcP+A3sg+Pnon+Nom:ocbl FINAL;
con+Pron+indcP+A3sg+Pnon+Nom:con FINAL;
on+Pron+PersP+A3sg+Pnon+Nom:on FINAL;
MblHay+Pron+IndcP+A3sg+Pnon+Nom:mbiHay FINAL;
ocbl+Pron+indcP+A3sg+Pnon+Nom:ocbiHay FINAL;
MblHay+Pron+IndcP+A3sg+Pnon+Nom:mbliHa FINAL;
aHay+Pron+IndcP+A3sg+Pnon+Nom:aHay FINAL;
aHay+Pron+IndcP+A3sg+Pnon+Nom:aHa FINAL;
MblHay+Pron+IndcP+A3sg+Pnon+Nom:my DERIVPR1;
6yn+Pron+IndcP+A3sg+Pnon+Nom:6y DERIVPR1,;
ocbl+Pron+IndcP+A3sg+Pnon+Nom:ocbl DERIVPR1;
ocbl+Pron+IndcP+A3sg+Pnon+Nom:o DERIVPR1;
con+Pron+indcP+A3sg+Pnon+Nom:co DERIVPR1;
MblHay+Pron+IndcP+A3sg+Pnon+Nom:mbliHa DERIVPR2;
aHay+Pron+IndcP+A3sg+Pnon+Nom:aHa DERIVPR2;
6yn+Pron+IndcP+A3sg+Pnon+Nom:6y FINAL;
ocbl+Pron+IndcP+A3sg+Pnon+Nom:o FINAL;

6yn+Pron+IndcP:6y

NOUN-AGR-SUFF-PRN1;

MbIHay+Pron+IndcP:my

NOUN-AGR-SUFF-PRN1;

ocbl+Pron+indcP:ocbi

NOUN-AGR-SUFF-PRN2;

ocbl+Pron+indcP:o

NOUN-AGR-SUFF-PRN1;

con+Pron+IndcP:co

NOUN-AGR-SUFF-PRN1;

on+Pron+PersP:o

NOUN-AGR-SUFF-PRN1;

MblHay+Pron+IndcP:mbiHa

NOUN-AGR-SUFF-PRN3;
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aHay+Pron+IndcP:aHa

NOUN-AGR-SUFF-PRN3;

LEXICON NOUN-AGR-SUFF-PRN1

+A3sg:0

POSS-AFFX3-PRN1;

+A3pl:SPAp

POSS-AFFX1;

LEXICON NOUN-AGR-SUFF-PRN2

+A3sg:0

POSS-AFFX3-PRN2;

+A3pl:SPAp

POSS-AFFX1;

LEXICON NOUN-AGR-SUFF-PRN3

+A3sg:0

POSS-AFFX3-PRN3;

+A3pl:SPAp

POSS-AFFX1;

LEXICON POSS-AFFX3-PRN1

+Pnon:0

INDC-PRN-CASE1,;

+P1sg:S1HIm CASE-ALL;
+P2sg:52HIH CASE-ALL;
+P2psg:S@HIHI3 CASE-ALL;
+P3sg:$3c) CASE-ALL;
+P1pl:S@HImI3 CASE-ALL;
+P2pl:SPAPS2JH CASE-ALL;
+P2ppl:SPAPS@JHJ3 CASE-ALL;
+P3pl:SPApS3) CASE-ALL;

LEXICON POSS-AFFX3-PRN2

+Pnon:0

INDC-PRN-CASE2;

+P1sg:S1HMm CASE-ALL;
+P2sg:52HH CASE-ALL;
+P2psg:S@HH/J3 CASE-ALL;
+P3sg:$3c) CASE-ALL;
+P1pl:S@HMI3 CASE-ALL;
+P2pl:SPAPS2IH CASE-ALL;
+P2ppl:SPAPS@JHJ3 CASE-ALL;
+P3pl:SPApS3) CASE-ALL;

LEXICON POSS-AFFX3-PRN3

+Pnon:0

INDC-PRN-CASES3;

+P1sg:S1ylm CASE-ALL;
+P2sg:52yJH CASE-ALL;
+P2psg:S@yJHJ3 CASE-ALL;
+P3sg:$3y) CASE-ALL;
+P1pl:S@ymi3 CASE-ALL;
+P2pl:SPAPS2JH CASE-ALL;
+P2ppl:SPAPS@JHJ3 CASE-ALL;
+P3pl:SPApS3) CASE-ALL;
LEXICON INDC-PRN-CASE1

+Dat:faH FINAL;
+Abl:SAAH FINAL;
+Gen:SHJH FINAL;
+Acc:SH) FINAL;
+Loc:SHaa FINAL;
+Ins:SHImeH FINAL;
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LEXICON  DERIVPR1

ADB+Adj+INDPRN:SHaA ADJ-SUFF;
ADB+Adv+INDPRN:SnA ADV-SUFF;
ADB+Noun+INDPRN:SHAAF) NOUN-SUFF;
LEXICON  DERIVPR2

ADB+Adj+INDPRN:SHAA ADJ-SUFF;
ADB+Adj+INDPRN:SaA ADJ-SUFF;
ADB+Noun+INDPRN:SaAF) NOUN-SUFF;
ADB+Adv+INDPRN:SnA ADV-SUFF;
LEXICON INDC-PRN-CASE2

+Dat:FaH FINAL;
+Abl:SAAH FINAL;
+Gen:SHJH FINAL;
+Acc:SHJ FINAL;
+Loc:SHaa FINAL;
+Ins:SmeH FINAL;
LEXICON INDC-PRN-CASE3

+Dat:FaH FINAL;
+Abl:SAAH FINAL;
+Gen:SHJH FINAL;
+Acc:SHJ FINAL;
+Loc:Spa FINAL;
+Ins:SmeH FINAL;

LEXICON INTERROGATIVE-PRON

KiM+Pron+Intrg:kim

NOUN-AGR-SUFF-ALL;

He+Pron+intrg:He

NOUN-AGR-SUFF-ALL;

KaHpal+Pron+Intrg:kaHaai

NOUN-AGR-SUFF-ALL;

KaHwa+Pron+Intrg:KaHwa

NOUN-AGR-SUFF-ALL;

Kalcbl+Pron+Intrg:Kalicol

NOUN-AGR-SUFF-ALL;

Hewe+Pron+Intrg:Hewe

NOUN-AGR-SUFF-ALL;

Kal+Pron+Intrg:Kai FINAL;
Kahga+Pron+Intrg:Kaiiaa NOUN-AGR-SUFF-ALL;
KawaH+Pron+Intrg:KawaH FINAL;
KalgaH+Pron+intrg:KaiiaaH FINAL;
Kanan+Pron+intrg:Kanamn FINAL;

LEXICON INDEFINITE-PRON

6ipey+Pron+indef:6ipey

NOUN-AGR-SUFF-ALL;

6ipaeme+Pron+indef:6ipaeme

NOUN-AGR-SUFF-ALL;

anpekaHaan+Pron+indef:anaekaHpai

NOUN-AGR-SUFF-ALL;

6ipas+Pron+indef:6ipas

NOUN-AGR-SUFF-ALL;

Kenbip+Pron+indef:kenbip

NOUN-AGR-SUFF-ALL;

Kenbip+Pron+indef:keinbipey

NOUN-AGR-SUFF-ALL;

6ipHewe+Pron+indef:6ipHewe

NOUN-AGR-SUFF-ALL;

6ipkaTtap+Pron+Indef:6ipkatap

NOUN-AGR-SUFF-ALL;

onpekanpa+Pron+indef:ongekaiiaa

NOUN-AGR-SUFF-ALL;

angekawan+Pron+indef:angeKkawaH

NOUN-AGR-SUFF-ALL;

anpaekangaH+Pron+indef:anpeKkangaH

FINAL;

Ken+Pron+Indef:kei

FINAL;

LEXICON NEGATIVE-PRON
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ewTteme+Pron+Negat:ewwteme

NOUN-AGR-SUFF-ALL;

ewTeHe+Pron+Negat:ewTeHe

NOUN-AGR-SUFF-ALL;

ewHapce+Pron+Negat:ewHapce

NOUN-AGR-SUFF-ALL;

ewkim+Pron+Negat:ewkim

NOUN-AGR-SUFF-ALL;

ewkKaHpan+Pron+Negat:ewKaHaamn

NOUN-AGR-SUFF-ALL;

ewkKanga+Pron+Negat:ewkKanga FINAL;
ewkKawaH+Pron+Negat:ewkKawaH FINAL;
ewkKana+Pron+Negat:ewkanamn FINAL;

ewkKancoi+Pron+Negat:ewKamcol

DEF-AGRMENT-POSS3;

ewbip+Pron+Negat:ewbip

DEF-AGRMENT-POSS1;

LEXICON DEFINITE-PRON

69pi+Pron+Def:60p

DEF-AGRMENT-POSS1;

6apnbik+Pron+Def:6apnbiK

DEF-AGRMENT-POSS2;

apKalicbl+Pron+Def:apKaiichbl

DEF-AGRMENT-POSS3;

9pbip+Pron+Def:opbip

DEF-AGRMENT-POSS2;

9pKim+Pron+Def:apKim

DEF-AGRMENT-POSS2;

6ykin+Pron+Def:6ykin

DEF-AGRMENT-POSS2;

6apwa+Pron+Def:6apwa

DEF-AGRMENT-POSS2;

9pKalwaH+Pron+Def:apKawwaH

FINAL;

dpKanaii+Pron+Def:apKanai FINAL;
apaaribim+Pron+Def:apaalibim FINAL;
9pKanga+Pron+Def:apKkainga FINAL;
ap+Pron+Def:ap FINAL;
LEXICON DEF-AGRMENT-POSS1

+A3sg+P3sg:$3H CASE-ALL;
+Alpl+P1pl:SHmI3 CASE-ALL;
+A2pl+P2pl:SHPApPS2JH CASE-ALL;
+A2ppl+P2ppl:SHPAPSIHI3 CASE-ALL;
+A3pl+P3pl:SHPApPS3) CASE-ALL;
LEXICON DEF-AGRMENT-POSS2

+A3sg+Pnon:0 CASE-ALL;
+A3sg+P3sg:$3H CASE-ALL;
+Alpl+P1pl:SHmMI3 CASE-ALL;
+A2pl+P2pl:SPAPS2JH CASE-ALL;
+A2ppl+P2ppl:SPAPSIHJ3 CASE-ALL;
+A3pl+P3pl:SPApPS3) CASE-ALL;
LEXICON DEF-AGRMENT-POSS3

+A3sg+Pnon:0 CASE-ALL;
+A3sg+P3sg:$3c) CASE-ALL;
+Alpl+P1pl:SHmI3 CASE-ALL;
+A2pl+P2pl:SPAPS2JH CASE-ALL;
+A2ppl+P2ppl:SPAPSIHI3 CASE-ALL;
+A3pl+P3pl:SPApPS3) CASE-ALL;
LEXICON NOUN

abaKrbl N;
abeppaymsa N;
abcontot N;
abbipon N;
LEXICON N
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+Noun:0

NOUN-SUFF;

LEXICON NOUN-SUFF

NOUN-AGR-SUFF-ALL;

LEXICON NOUN-AGR-SUFF-ALL

+A3sg:0 POSS-AFFX2;
+A3pl:SPAp POSS-AFFX1;
LEXICON POSS-AFFX1
+Pnon:0 CASE-ALL;
+P1sg:S1HMm CASE-ALL;
+P2sg:$2Hy CASE-ALL;
+P2psg:SHuJ3 CASE-ALL;
+P3sg:$3c) CASE-ALL;
+P1pl:SHmI3 CASE-ALL;
+P2pl:$2HH CASE-ALL;
+P2ppl:SHuJ3 CASE-ALL;
+P3pl:$3c) CASE-ALL;
LEXICON POSS-AFFX2
+Pnon:0 CASE-ALL;
+P1sg:S1HMm CASE-ALL;
+P2sg:52HH CASE-ALL;
+P2psg:SHHJ3 CASE-ALL;
+P3sg:$3c) CASE-ALL;
+P1pl:SHmI3 CASE-ALL;
+P2pl:SPAPS2HH CASE-ALL;
+P2ppl:SPApSHHJ3 CASE-ALL;
+P3pl:SPApS3) CASE-ALL;
LEXICON CASE-ALL
+Nom:0 STATENOM;
+Ins:SC9erH& STATEINS;
+Gen:SC7JH STATEGEN;
+Dat:SC6A STATEO;
+Abl:SC4AH STATEO;
+Loc:SC5A STATE];

STATEZ2;
LEXICON STATENOM

FINAL;

DERIV;

DERIVO;

DERIV1;
LEXICON STATEINS

FINAL;

DERIV;
LEXICON STATEGEN

FINAL;

DERIV;
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LEXICON STATEO

FINAL;
ADB+Adverb+Zero:0 FINAL;
LEXICON STATE1

DERIVO;

FINAL;
ADB+Adj+Rel:SRJ FINAL;
ADB+Noun+Rel:SRJ NOUN-SUFF;
LEXICON STATE2
+Acc:$C8I FINAL;
+Acc:SC8I DERIV;
ADB+Pron+Poss+Rel:SC88iki& FINAL;
ADB+Pron+Poss+Rel*DB+Noun+Zero:5C88iki& NOUN-SUFF;
LEXICON DERIVO
ADB+Verb+Zero+Pres:0 AGREEMENTO;
ADB+Verb+Zero+Pres:SPAp AGREEMENTOPL;
LEXICON DERIV1
ADB+Adj+Zero:0 FINAL;
LEXICON DERIV
ADB+Noun+Agt1:Sw) NOUN-SUFF;
ADB+Noun+Small1:SwA NOUN-SUFF;
ADB+Noun+Small2:SwJK NOUN-SUFF;
ADB+Noun+Agt2:5Qep NOUN-SUFF;
ADB+Noun+Theme:$PJK NOUN-SUFF;
ADB+Noun+Group:SPAc NOUN-SUFF;
ADB+Noun+Rel1:Stai NOUN-SUFF;
ADB+Noun+Rel2:5i1 NOUN-SUFF;
ADB+Adj+FitFor:SPJK FINAL;
ADB+Noun+Place:SxaHa NOUN-SUFF;
ADB+Adj+Group:SPAc ADJ-SUFF;
ADB+Adj+Between:SapanbiK ADJ-SUFF;
ADB+Adj+Agt2:5Qep ADJ-SUFF;
ADB+Adj+Agt1:Sw) ADJ-SUFF;
ADB+Adj+With:$SP) ADJ-SUFF;
ADB+Adj+Without:$cl3 ADJ-SUFF;
ADB+Adj+qor:SKkop FINAL;
ADB+Adj+qoy:SKoit FINAL;
ADB+Adj+Time:$T) ADJ-SUFF;
ADB+Adj+Issue:Su FINAL;
ADB+Adj+SeemAS:Swin FINAL;
ADB+Adj+As:SDA# ADJ-SUFF;
ADB+Verb+Do:SPA VERB-SUFF;
ADB+Verb+Perform:SPAc VERB-SUFF;
ADB+Verb+SeemAs:Sc) VERB-SUFF;
ADB+Adverb+AccordingTol:SHWA ADV-SUFF;
ADB+Adverb+AccordingTo2:SwA ADV-SUFF;
ADB+Adverb+As1:SPA ADV-SUFF;
ADB+Adverb+As2:SDAIJH ADV-SUFF;
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APPENDIX 3: RULES LEARNED FOR DISAMBIGUATION

2 : Adverb+AdjMdfy : fors : Noun+A3sg+Pnon+Loc : correct = Adj

1: Verb+Pos"DB+Adj+FutPart : fors : Punc : correct = Verb+Pos+Fut+A3sg

1 : Noun+A3pl+P3sg+Nom : pre : Verb+Pos*"DB+Noun+Inf3+A3sg+Pnon+Nom Punc : correct =
Noun+A3pl+P3pl+Nom

2 : Verb+Pos+Fut+A3sg : fors : Noun+A3sg+Pnon+Nom : correct = Adj

1: Verb+Pos+Fut+A3sg : fors : Verb+Pos"DB+Adj+PresPart : correct = Verb+Pos"DB+Adj+FutPart
2 : Noun+A3sg+Pnon+Nom : fors : Pron+Alpl+Pnon+Dat Punc : correct = Verb+Pos+Aor+A3sg
1: Verb”DB+Verb+Pass+Pos*DB+Adj+FutPart : fors : Punc : correct =
Verb”DB+Verb+Pass+Pos+Fut+A3sg

2 : Adverb+Ques : fors : Noun+A3sg+Pnon+Nom : correct = Adj+Ques

2 : Adverb+AdjMdfy : fors : Noun+A3sg+Pnon+Nom Noun+A3sg+Pnon+Nom : correct = Adj

2 : Noun+A3sg+Pnon+Acc : fors : Postp : correct = Noun+A3sg+P3sg+Nom

2 : Adverb : fors : Noun+A3pl+P3sg+Loc : correct = Noun+A3sg+Pnon+Nom

1 : Noun+A3sg+Pnon+Nom”DB+Adj+FitFor : fors : Noun+A3sg+Pnon+Nom Noun+A3sg+P3sg+Dat :
correct = Noun+A3sg+Pnon+Nom”DB+Noun+Ness+A3sg+Pnon+Nom

2 : Interj : fors : Noun+Prop+A3sg+P3sg+Loc Num+Card : correct = Noun+Prop+A3sg+Pnon+Nom
2 : Verb+Pos+Fut+A3sg : fors : Noun+A3pl+Pnon+Loc Punc : correct = Adj

1: Verb+Pos"DB+Adj+PresPart : pre : Noun+Prop+A3sg+Pnon+Loc : correct =
Verb”DB+Verb+Pass+Pos*DB+Adj+PresPart

2 : Noun+A3sg+Pnon+Dat : pre : Noun+A3sg+Pnon+Nom Noun+A3pl+P3sg+Gen : correct =
Noun+A3sg+P3sg+Dat

1: Noun+A3sg+Pnon+Nom : pre : Noun+Prop+A3sg+Pnon+Nom Noun+A3sg+Pnon+Nom”DB+Adj+Agt :
correct = Noun+Prop+A3sg+Pnon+Nom

2 : Adj : pre : Punc Num+Percent : correct = Noun+A3sg+Pnon+Nom

2 : Adj : fors : Punc Noun+A3sg+Pnon+Abl : correct = Pron+A3sg+Pnon+Nom

2 : Adj : fors : Postp Noun+A3sg+Pnon+Nom : correct = Noun+A3sg+Pnon+Dat

1: Adj: fors : Verb”DB+Verb+Pass+Pos+Past+A3sg Punc : correct = Adverb

1: Adj: fors : Verb"DB+Verb+Pass"DB+Verb+Able+Pos+Aor+A3sg Punc : correct =
Pron+A3sg+Pnon+Nom

: Adverb+AdjMdfy : fors : Noun+A3sg+Pnon+Nom Verb+Pos+Aor+A3sg : correct = Adj

: Adverb+AdjMdfy : fors : Noun+A3sg+Pnon+Abl : correct = Adj

: Adverb+AdjMdfy : fors : Noun+A3sg+Pnon+Acc : correct = Adj

: Noun+A3sg+Pnon+Acc : pre : Noun+A3sg+Pnon+Nom Conj : correct = Noun+A3sg+P3sg+Nom
: Noun+A3sg+Pnon+Acc : fors : Noun+A3sg+P3sg+Loc : correct = Noun+A3sg+P3sg+Nom

: Adverb : fors : Noun+A3sg+P3sg+Nom : correct = Noun+A3sg+Pnon+Nom

: Postp : pre : Adverb+AdjMdfy Noun+Prop+A3sg+Pnon+Nom : correct = Adverb

: Postp : fors : Noun+A3sg+Pnon+Acc Noun+A3sg+P3sg+Nom : correct = Conj

: Postp : fors : Adj Noun+Prop+A3sg+Pnon+Gen : correct = Conj

: Postp : fors : Pron+Reflex+A3sg+P3sg+Nom Noun+A3sg+P3sg+Loc : correct = Conj

: Postp : pre : Noun+A3sg+Pnon+Nom”DB+Noun+Ness+A3pl+P3sg+Nom : correct = Conj

: Verb+Neg”DB+Adj+PastPart"DB+Noun+Zero+A3sg+P3sg+Nom : fors : Noun+A3sg+Pnon+Gen Adj :
correct = Verb+Neg”DB+Adj+PastPart*"DB+Noun+Zero+A3sg+Pnon+Acc

1 : Adj*DB+Noun+Zero+A3sg+Pnon+Nom”DB+Noun+Ness+A3pl+P3sg+Gen : fors :
Noun+Prop+A3sg+Pnon+Gen Num+Ord : correct =
Adj*"DB+Noun+Zero+A3sg+Pnon+Nom”DB+Noun+Ness+A3pl+P3pl+Gen

1 : Verb+Pos?"DB+Noun+Inf2+A3pl+P3sg+Nom : fors : Punc Adverb : correct =
Verb+Pos"DB+Noun+Inf2+A3pl+P3pl+Nom

1 : Verb+Pos"DB+Noun+Inf2+A3sg+P3pl+Nom : fors : Adj*DB+Noun+Zero+A3sg+P3sg+Loc Punc :
correct = Verb+Pos*"DB+Noun+Inf2+A3pl+P3sg+Nom

1: Verb+Neg”DB+Adj+PastPart*"DB+Noun+Zero+A3sg+Pnon+Acc : pre : Noun+A3sg+P3sg+Acc
Verb+Pos"DB+Adj+PresPart*"DB+Noun+Zero+A3pl+Pnon+Gen : correct =
Verb+Neg”DB+Adj+PastPart*"DB+Noun+Zero+A3sg+P3sg+Nom
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1: Verb+Pos"DB+Noun+Inf2+A3sg+Pnon+Nom : fors : Noun+A3sg+Pnon+Nom Punc : correct =
Verb+Neg+imp+A2sg

2 : Verb+Pres+Alsg : pre : Adj Adj : correct = Noun+A3sg+P1sg+Nom

2 : Verb+Pos+Narr+A3sg : pre : Noun+A3sg+P3sg+Dat Noun+Prop+A3sg+Pnon+Nom : correct = Adj

2 : Noun+Ness+A3sg+P2sg+Gen : pre : Noun+A3sg+Pnon+Nom Adj : correct =
Noun+Ness+A3sg+P3sg+Gen

1 : Noun+A3pl+P3pl+Loc : fors : Adj*DB+Noun+Zero+A3sg+Pnon+Dat Adj : correct =
Noun+A3sg+P3pl+Loc

1: Noun+A3sg+P3pl+Gen : fors : Noun+A3sg+P3sg+Gen Num+Card : correct = Noun+A3pl+P3sg+Gen
1 : Verb+Pos?"DB+Adj+FutPart"DB+Noun+Zero+A3pl+P3pl+Acc : fors :
Verb~DB+Verb+Caus+Pos*DB+Adverb+ByDoingSo Punc : correct =
Verb+Pos"DB+Adj+FutPart*DB+Noun+Zero+A3pl+P3sg+Acc

1: Verb+Pos"DB+Adj+Agt*"DB+Noun+Zero+A3pl+P3pl+Nom : fors : Noun+A3sg+P3sg+Loc
Noun+A3sg+Pnon+Nom : correct = Verb+Pos*"DB+Adj+Agt*DB+Noun+Zero+A3pl+P3sg+Nom

1 : Adj*DB+Noun+Zero+A3sg+Pnon+Nom”DB+Verb+Become+Pos+Fut+A3sg : fors :
Noun+Prop+A3sg+Pnon+Gen Noun+A3sg+P3sg+Acc : correct =
Adj*"DB+Noun+Zero+A3sg+Pnon+Nom”DB+Verb+Become+Pos*DB+Adj+FutPart

1: Verb+Pos"DB+Adj+PastPart*"DB+Noun+Zero+A3pl+P3pl+Acc : fors : Conj Verb+Pos*DB+Adj+PresPart
: correct = Verb+Pos*"DB+Adj+PastPart*DB+Noun+Zero+A3pl+P3sg+Acc

2 : Noun+A3sg+P3pl+Nom : fors : Noun+A3sg+Pnon+ins Adj : correct = Noun+A3pl+P3sg+Nom

1 : Verb+Pos"DB+Adj+FutPart"DB+Noun+Zero+A3pl+P3pl+Nom : fors : Noun+A3sg+Pnon+Dat Conj :
correct = Verb+Pos"DB+Adj+FutPart"DB+Noun+Zero+A3sg+P3pl+Nom

1: Noun+A3sg+Pnon+Ins : fors : Noun+A3sg+Pnon+Gen Verb+Pos*DB+Noun+Inf3+A3sg+Pnon+Nom :
correct = Noun+A3sg+Pnon+Nom”DB+Noun+Ness+A3sg+Pnon+Ins

1: Verb+Pos"DB+Noun+Inf2+A3sg+P3sg+Nom : fors : Noun+A3pl+Pnon*DB+Adverb+Ly Punc : correct =
Noun+A3sg+P3sg+Nom

2 : Verb+Pos+Imp+A2sg : pre : Punc Num+Range : correct = Noun+A3sg+Pnon+Nom

2 : Noun+A3pl+P3pl+Dat : fors : Postp Adverb+AdjMdfy : correct = Noun+A3pl+P3sg+Dat

2 : Noun+A3pl+P3pl+Dat : fors : Noun+A3sg+P3sg+Nom Verb+Pos+Past+A3sg : correct =
Noun+A3pl+P3sg+Dat

2 : Noun+A3pl+P3sg+Ins : pre : Noun+Prop+A3sg+Pnon+Nom Noun+Prop+A3sg+Pnon+Nom : correct =
Noun+A3pl+P3pl+ins

2 : Noun+A3sg+P3sg+Acc : fors : Noun+A3sg+Pnon+Loc Num+Range : correct = Noun+A3sg+P2sg+Acc
2 : Noun+Prop+A3sg+P3sg+Loc : fors : Pron+Reflex+Alsg+P1sg+Acc Verb+Pos+Progl+Cond+Alsg :
correct = Noun+Prop+A3sg+Pnon+Loc

2 : Noun+A3pl+P3sg+Loc : pre : Noun+Prop+A3sg+P3sg+Loc Noun+Prop+A3sg+Pnon+Nom : correct =
Noun+A3pl+P3pl+Loc

2 : Noun+A3pl+P3sg+Loc : fors : Conj Num+Card : correct = Noun+A3pl+P3pl+Loc

1: Noun+A3pl+P3sg+Loc : fors : Adj Noun+A3sg+Pnon+Acc : correct = Noun+A3pl+P3pl+Loc

1 : Noun+A3pl+P3sg+Loc : fors : Noun+A3sg+Pnon+Loc Verb"DB+Verb+AbleNeg+Neg”DB+Adj+PresPart
: correct = Noun+A3pl+P3pl+Loc

1 : Noun+A3pl+P3sg+Loc : fors : Noun+A3sg+Pnon+Nom Noun+A3sg+Pnon+Nom : correct =
Noun+A3pl+P3pl+Loc

1: Noun+A3pl+P3sg+Loc : pre : Noun+Prop+A3sg+Pnon+Nom Noun+A3sg+P3sg+Loc : correct =
Noun+A3sg+P3pl+Loc

1 : Noun+A3sg+Pnon+Nom”DB+Noun+Ness+A3sg+P3sg+Nom : fors : Noun+A3sg+P3sg+Abl
Verb”DB+Verb+Pass+Pos*DB+Adj+PastPart"DB+Noun+Zero+A3sg+P3sg+Acc : correct =
Noun+A3sg+P3sg+Nom

1: Noun+A3sg+Pnon+Nom”DB+Noun+Ness+A3sg+P3sg+Nom : fors : Punc
Noun+A3sg+Pnon+Nom”DB+Noun+Ness+A3sg+Pnon+Nom : correct = Noun+A3sg+Pnon+Nom

1 : Noun+A3sg+Pnon+Nom”DB+Adj+FitFor : fors :
Verb”DB+Verb+Caus"DB+Verb+Pass+Pos+Aor+A3sg"DB+Adverb+While Punc : correct =
Noun+A3sg+Pnon+Nom”DB+Noun+Ness+A3sg+Pnon+Nom

1: Verb+Pos"DB+Adj+PresPart : pre : Adj*DB+Noun+Zero+A3sg+P3sg+Loc Noun+Prop+A3pl+P3sg+Gen
: correct = Verb”DB+Verb+Pass+Pos*DB+Adj+PresPart

2 : Noun+A3sg+P3pl+Acc : pre : Noun+A3sg+P3sg+Acc Noun+A3sg+P3sg+Loc : correct =
Noun+A3pl+P3sg+Acc
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2 : Noun+A3sg+P3pl+Acc : pre : Noun+A3sg+P3sg+Loc Postp : correct = Noun+A3pl+P3sg+Acc

1: Verb”DB+Verb+Pass+Pos*DB+Adj+PastPart"DB+Noun+Zero+A3sg+Pnon+Acc : fors :
Noun+A3sg+Pnon+Nom Conj : correct =
Verb”DB+Verb+Pass+Pos*DB+Adj+PastPart"DB+Noun+Zero+A3sg+P3sg+Nom

1: Verb”DB+Verb+Pass+Pos*DB+Adj+PastPart"DB+Noun+Zero+A3sg+Pnon+Acc : fors : Conj
Noun+Prop+A3sg+Pnon+Nom : correct =
Verb~DB+Verb+Pass+Pos*DB+Adj+PastPart"DB+Noun+Zero+A3sg+P3sg+Nom

1 : Noun+A3sg+Pnon+Nom”DB+Adj+Rel : fors : Conj Verb+Pos*DB+Noun+Inf3+A3sg+Pnon+Nom :
correct = Postp”DB+Adj+Rel

1: Noun+A3sg+Pnon+Nom”DB+Adj+Rel : fors : Noun+A3sg+Pnon+Nom
Verb”DB+Verb+Pass+Pos*DB+Adj+PresPart : correct = Postp*DB+Adj+Rel

1 : Noun+A3sg+Pnon+Nom”DB+Adj+Rel : fors : Noun+A3sg+Pnon+Nom Noun+Prop+A3sg+Pnon+Loc :
correct = Postp”DB+Adj+Rel

2 : Noun+A3pl+P3sg+Gen : pre : Noun+A3pl+P3sg+Gen Noun+A3sg+Pnon+Nom : correct =
Noun+A3sg+P3pl+Gen

2 : Noun+A3pl+P3pl+Gen : pre : Noun+A3sg+Pnon+Nom Conj : correct = Noun+A3pl+P3sg+Gen

2 : Noun+A3pl+P3pl+Gen : pre : Noun+A3sg+Pnon+Nom Noun+A3sg+P3sg+Nom : correct =
Noun+A3pl+P3sg+Gen

2 : Noun+A3pl+P3pl+Gen : pre : Noun+A3sg+Pnon+Gen Num+Card : correct = Noun+A3pl+P3sg+Gen
2 : Noun+A3pl+P3pl+Acc : pre : Noun+Prop+A3sg+Pnon+Nom Punc : correct = Noun+A3pl+P3sg+Acc
2 : Pron+Alsg+Pnon+Nom : pre : Noun+Prop+A3sg+Pnon+Nom Noun+A3sg+P3sg+Nom : correct =
Noun+Prop+A3sg+Pnon+Nom

1: Verb+Pos"DB+Adj+FutPart"DB+Noun+Zero+A3sg+P3sg+Nom : fors : Noun+A3sg+Pnon+Nom
Noun+A3sg+P3sg+Nom : correct =
Verb”DB+Verb+Pass+Pos*DB+Adj+FutPart"DB+Noun+Zero+A3sg+Pnon+Acc

1 : Adj*"DB+Noun+Zero+A3sg+Pnon+Nom”DB+Noun+Ness+A3sg+Pnon+Nom : fors :
Noun+A3sg+Pnon+Nom Ques+Pres+A3sg : correct =
Adj*DB+Noun+Zero+A3sg+Pnon+Nom”DB+Adj+FitFor

1 : Adj"DB+Noun+Zero+A3sg+Pnon+Nom”DB+Noun+Ness+A3sg+Pnon+Nom : fors :
Verb+Pos"DB+Noun+Inf2+A3sg+P3sg+Nom Conj : correct =
Adj*DB+Noun+Zero+A3sg+Pnon+Nom”DB+Adj+FitFor

1: Verb”DB+Verb+Pass+Pos*DB+Adj+FutPart : pre : Noun+Prop+A3sg+P3sg+Loc
Noun+A3sg+Pnon+Nom : correct = Verb”"DB+Verb+Pass+Pos+Fut+A3sg

1 : Adj*DB+Noun+Zero+A3sg+Pnon+Nom”DB+Noun+Ness+A3sg+P3sg+Nom : fors :
Noun+Prop+A3sg+Pnon+Nom Noun+A3sg+P3sg+Abl : correct =
Num+Card~DB+Noun+Zero+A3sg+Pnon+Nom”DB+Noun+Ness+A3sg+P3sg+Nom

1 : Adj*DB+Noun+Zero+A3sg+Pnon+Nom”DB+Noun+Ness+A3sg+P3sg+Nom : pre : Adj Punc : correct =
Adj*"DB+Noun+Zero+A3sg+Pnon+Nom”DB+Noun+Ness+A3sg+Pnon+Acc

1 : Adj*"DB+Noun+Zero+A3sg+Pnon+Nom”DB+Noun+Ness+A3sg+P3sg+Nom : fors : Verb+Pos+Past+A3sg
Punc : correct = Noun+A3sg+P3sg+Nom

2 :Interj : pre : Punc Adverb : correct = Noun+A3sg+Pnon+Nom

2 : Interj : fors : Noun+A3sg+P3sg+Nom Noun+A3sg+Pnon+Nom : correct =
Noun+Prop+A3sg+Pnon+Nom

1: Verb+Pos"DB+Adj+PastPart*"DB+Noun+Zero+A3sg+P3sg+Nom : fors : Punc
Noun+Prop+A3sg+Pnon+Nom : correct = Verb+Pos"DB+Adj+PastPart"DB+Noun+Zero+A3sg+Pnon+Acc
1 : Verb+Pos?DB+Adj+PastPart"DB+Noun+Zero+A3sg+P3sg+Nom : fors : Noun+A3sg+Pnon+Nom
Verb+Pos"DB+Noun+Inf2+A3sg+P3sg+Loc : correct =
Verb+Pos"DB+Adj+PastPart"DB+Noun+Zero+A3sg+Pnon+Acc

1 : Verb+Pos?DB+Adj+PastPart"DB+Noun+Zero+A3sg+P3sg+Nom : fors : Noun+A3sg+Pnon+Nom
Verb"DB+Verb+Pass+Pos*DB+Noun+Inf3+A3pl+P3pl+Dat : correct =
Verb”DB+Verb+Pass+Pos*DB+Adj+PastPart*"DB+Noun+Zero+A3sg+P3sg+Nom

1: Verb+Pos"DB+Adj+PastPart*"DB+Noun+Zero+A3sg+P3sg+Nom : fors : Punc Noun+A3sg+Pnon+Nom :
correct = Verb+Pos"DB+Adj+PastPart*"DB+Noun+Zero+A3sg+Pnon+Acc

1: Verb+Pos"DB+Adj+PastPart*"DB+Noun+Zero+A3sg+P3sg+Nom : fors : Punc Noun+A3sg+P3sg+ins :
correct = Verb+Pos"DB+Adj+PastPart*"DB+Noun+Zero+A3sg+Pnon+Acc
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1 : Verb+Pos?"DB+Adj+PastPart"DB+Noun+Zero+A3sg+P3sg+Nom : fors : Noun+A3sg+Pnon+Nom
Adj*"DB+Noun+Zero+A3sg+Pnon+Nom”DB+Noun+Ness+A3sg+P3sg+Gen : correct =
Verb+Pos"DB+Adj+PastPart"DB+Noun+Zero+A3sg+Pnon+Acc

1 : Verb+Pos?"DB+Adj+PastPart*DB+Noun+Zero+A3sg+P3sg+Nom : pre :
Verb”ADB+Verb+Caus+Pos*"DB+Adverb+ByDoingSo Noun+A3pl+Pnon+Dat : correct =
Verb+Pos"DB+Adj+PastPart"DB+Noun+Zero+A3sg+Pnon+Acc

1: Verb+Pos"DB+Adj+PastPart"DB+Noun+Zero+A3sg+P3sg+Nom : pre : Noun+A3sg+P3sg+Dat
Noun+Prop+A3sg+Pnon+Nom : correct = Verb+Pos"DB+Adj+PastPart"DB+Noun+Zero+A3sg+Pnon+Acc
1 : Verb+Pos"DB+Adj+PastPart*"DB+Noun+Zero+A3sg+P3sg+Nom : pre : Noun+A3sg+P3sg+Gen
Verb+Pos"DB+Noun+Inf2+A3sg+Pnon+Nom : correct =
Verb”DB+Verb+Pass+Pos*DB+Adj+PastPart"DB+Noun+Zero+A3sg+P3sg+Nom

1: Noun+A3sg+Pnon+Nom”DB+Adj+Agt : fors : Verb+Pos"DB+Adverb+AfterDoingSo
Verb+Pos"DB+Adj+PastPart"DB+Noun+Zero+A3sg+P1pl+Nom : correct =
Noun+A3sg+Pnon+Nom”DB+Noun+Agt+A3sg+Pnon+Nom

1: Noun+A3sg+Pnon+Nom”DB+Adj+Agt : fors : Verb+Pos"DB+Adverb+When Noun+A3sg+Pnon+Nom :
correct = Noun+A3sg+Pnon+Nom”DB+Noun+Agt+A3sg+Pnon+Nom

1 : Noun+A3sg+Pnon+Nom”DB+Adj+Agt : fors : Punc Noun+A3sg+Pnon+Nom : correct =
Noun+A3sg+Pnon+Nom”DB+Noun+Agt+A3sg+Pnon+Nom

1 : Verb+Pos"DB+Adj+PastPart*"DB+Noun+Zero+A3pl+P3pl+Nom : fors : Noun+A3sg+Pnon+Loc Adj :
correct = Verb+Pos"DB+Adj+PastPart*"DB+Noun+Zero+A3pl+P3sg+Nom

1 : Verb+Pos?"DB+Adj+PastPart*DB+Noun+Zero+A3pl+P3pl+Nom : fors :
Verb+Pos"DB+Noun+Inf2+A3sg+Pnon+Loc Punc : correct =
Verb+Pos"DB+Adj+PastPart"DB+Noun+Zero+A3pl+Pnon+Acc

1 : Verb+Pos?DB+Adj+PastPart"DB+Noun+Zero+A3pl+P3pl+Nom : pre :
Noun+A3sg+Pnon+Nom”DB+Adj+Without Conj : correct =
Verb+Pos"DB+Adj+PastPart"DB+Noun+Zero+A3sg+P3pl+Nom

2 : Noun+A3pl+P3sg+Abl : pre : Adj Noun+A3sg+Pnon+Gen : correct = Noun+A3pl+P3pl+Abl

2 : Conj : pre : Punc Noun+A3sg+Pnon+Acc : correct = Adverb

2 : Conj : pre : Punc Verb+Pos+Narr+A3sg : correct = Adverb

2 : Conj : pre : Punc Noun+A3sg+P1pl+Acc : correct = Adverb

1: Conj : fors : Noun+A3sg+Pnon+Nom”DB+Noun+Agt+A3pl+Pnon+Dat Noun+A3sg+Pnon+Nom :
correct = Adverb

1: Conj : fors : Noun+A3sg+Pnon+Abl Adj : correct = Adverb

2 : Noun+A3pl+P3sg+Nom : pre : Noun+A3pl+P3sg+Gen Noun+Prop+A3sg+Pnon+Nom : correct =
Noun+A3pl+P3pl+Nom

: Noun+A3pl+P3sg+Nom : fors : Adverb Noun+A3sg+Pnon+Loc : correct = Noun+A3pl+Pnon+Acc

: Noun+A3pl+P3sg+Nom : fors : Adj Noun+Prop+A3sg+Pnon+Nom : correct = Noun+A3pl+Pnon+Acc
: Noun+A3pl+P3sg+Nom : fors : Noun+A3sg+Pnon+Dat Postp : correct = Noun+A3pl+P3pl+Nom

: Noun+A3pl+P3sg+Nom : fors : Postp Adj : correct = Noun+A3pl+P3pl+Nom

: VerbADB+Verb+Pass+Pos+Progl+A3sg : pre : Conj Noun+A3pl+P3sg+Nom : correct =
Verb+Pos+Progl+A3sg

1: Verb”DB+Verb+Pass+Pos+Progl+A3sg : pre : Verb+Pos"DB+Adj+Zero Noun+A3sg+Pnon+Dat :
correct = Verb+Pos+Progl+A3sg

: Verb+Past+A3sg : pre : Noun+A3sg+P3sg+Dat Punc : correct = Verb+Pos+Past+A3sg

: Verb+Pos+Fut+A3sg : fors : Noun+A3sg+Pnon+Gen Noun+A3sg+P3sg+Gen : correct = Adj

: Verb+Pos+Fut+A3sg : fors : Adj Noun+A3sg+Pnon+Nom : correct = Adj

: Verb+Pos+Fut+A3sg : fors : Noun+A3pl+Pnon+Nom Verb+Pos+Aor+A3sg : correct = Adj

: Verb+Pos+Fut+A3sg : fors : Noun+Prop+A3sg+Pnon+Nom Punc : correct = Verb+Pos*DB+Adj+FutPart
: Adj*DB+Noun+Zero+A3sg+P3pl+Loc*DB+Adj+Rel : fors : Noun+Prop+A3sg+Pnon+Nom
Noun+A3sg+P3sg+Nom : correct = Adj*DB+Noun+Zero+A3pl+P3sg+Loc*DB+Adj+Rel

1 : Adj*DB+Noun+Zero+A3pl+P3pl+Loc : fors : Punc Noun+Prop+A3sg+Pnon+Nom : correct =
Adj*"DB+Noun+Zero+A3sg+P3pl+Loc

1 : Adj*"DB+Noun+Zero+A3pl+P3pl+Loc : fors : Noun+A3sg+Pnon+Nom Punc : correct =
Adj*"DB+Noun+Zero+A3sg+P3pl+Loc

1: Verb+Pos+Past+A3sg : pre : Noun+A3sg+P3sg+Nom Verb”DB+Verb+Pass+Pos*DB+Adj+Zero : correct
= Verb~DB+Verb+Pass+Pos+Past+A3sg
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1: Verb+Pos+Past+A3sg : pre : Noun+A3pl+P3pl+Nom VerbADB+Verb+Pass+Pos"DB+Adj+Zero : correct
= Verb~DB+Verb+Pass+Pos+Past+A3sg

1 : Verb+Pos?"DB+Adj+PastPart*DB+Noun+Zero+A3sg+Pnon+Acc : fors :
Verb"DB+Verb+Caus"DB+Verb+Pass+Pos+Progl+A3sg Punc : correct =
Verb+Pos"DB+Adj+PastPart*"DB+Noun+Zero+A3sg+P3sg+Nom

1 : Verb+Pos"DB+Adj+PastPart*"DB+Noun+Zero+A3sg+Pnon+Acc : pre : Noun+A3sg+P3pl+Gen
Noun+A3pl+P3sg+Gen : correct = Verb+Pos?DB+Adj+PastPart"DB+Noun+Zero+A3sg+P3sg+Nom

: Noun+A3sg+P3pl+Gen : pre : Punc Noun+A3sg+P3sg+Nom : correct = Noun+A3pl+P3sg+Gen

: Adverb+AdjMdfy : pre : Noun+A3pl+P3sg+Gen Noun+A3sg+Pnon+Nom : correct = Adj

: Adverb+AdjMdfy : pre : Adverb Noun+A3sg+P1pl+Nom : correct = Adj

: Adverb+AdjMdfy : pre : Pron+Alsg+Pnon+Abl Noun+A3sg+Pnon+Nom : correct = Adj

: Adverb+AdjMdfy : fors : Noun+A3sg+Pnon+Nom Conj : correct = Adj

: Adverb+AdjMdfy : fors : Noun+A3sg+Pnon+Gen Noun+A3pl+P3sg+Gen : correct = Adj

: Adverb+AdjMdfy : fors : Noun+A3sg+Pnon+Dat Conj : correct = Adj

: Adverb+AdjMdfy : fors : Noun+A3sg+Pnon+Nom Verb+Pos*DB+Adj+PresPart : correct = Adj

: Noun+A3sg+Pnon+Nom”DB+Noun+Ness+A3sg+Pnon+Nom : fors : Noun+A3sg+P3sg+Nom Conj :
correct = Noun+A3sg+Pnon+Nom”DB+Adj+FitFor

1: Noun+A3sg+Pnon+Nom”DB+Noun+Ness+A3sg+Pnon+Nom : fors : Noun+A3sg+P3sg+Nom
Noun+A3pl+P3sg+Gen : correct = Noun+A3sg+Pnon+Nom”DB+Adj+FitFor

1 : Noun+A3sg+Pnon+Nom”DB+Noun+Ness+A3sg+Pnon+Nom : fors : Noun+A3sg+P3sg+Nom
Noun+A3sg+Pnon+Nom : correct = Noun+A3sg+Pnon+Nom”DB+Adj+FitFor

1 : Noun+A3sg+Pnon+Nom”DB+Noun+Ness+A3sg+Pnon+Nom : fors : Noun+A3sg+P3sg+Acc
Verb”DB+Verb+Caus+Pos*DB+Adj+PastPart*"DB+Noun+Zero+A3sg+Pnon+Abl : correct =
Noun+A3sg+Pnon+Nom”DB+Adj+FitFor

1 : Noun+A3sg+Pnon+Nom”DB+Noun+Ness+A3sg+Pnon+Nom : fors : Noun+A3sg+P3sg+Loc
Verb+Pos"DB+Noun+Infl+A3sg+Pnon+Nom : correct = Noun+A3sg+Pnon+Nom”DB+Adj+FitFor

1 : Noun+A3sg+Pnon+Nom”DB+Noun+Ness+A3sg+Pnon+Nom : fors : Noun+A3pl+P3sg+Nom
Noun+A3sg+Pnon+Dat : correct = Noun+A3sg+Pnon+Nom”DB+Adj+FitFor

1 : Noun+A3sg+Pnon+Nom”DB+Noun+Ness+A3sg+Pnon+Nom : fors : Noun+A3pl+P3sg+Nom Punc :
correct = Noun+A3sg+Pnon+Nom”DB+Adj+FitFor

1 : Noun+A3sg+Pnon+Nom”DB+Noun+Ness+A3sg+Pnon+Nom : fors : Noun+A3pl+P3pl+Nom Postp :
correct = Noun+A3sg+Pnon+Nom”DB+Adj+WithADB+Noun+Zero+A3sg+Pnon+Nom”DB+Adj+FitFor
1: Verb+Pos"DB+Adj+Agt : fors : Noun+A3sg+P3sg+Gen Punc : correct = Noun+A3sg+Pnon+Nom
2 : Noun+A3sg+Pnon+Dat : pre : Noun+A3sg+Pnon+Nom Noun+A3pl+Pnon+Acc : correct =
Noun+A3sg+Pnon+Nom

2 : Noun+A3sg+Pnon+Dat : pre : Noun+A3sg+Pnon+Nom Verb+Neg+Progl+Cond+A3sg : correct =
Noun+A3sg+P3sg+Dat

2 : Noun+A3sg+Pnon+Dat : pre : Noun+A3sg+Pnon+Nom Adverb : correct = Noun+A3sg+P3sg+Dat
2 : Noun+A3sg+Pnon+Dat : fors : Conj Noun+A3sg+P3sg+Acc : correct = Noun+A3sg+P3sg+Dat

1 : Noun+A3sg+Pnon+Dat : fors : Noun+A3sg+P3sg+Loc Punc : correct = Noun+A3sg+Pnon+Nom

2 : Noun+A3pl+P3pl+Nom : fors : Noun+A3sg+P3sg+Acc Verb+Pos+Past+A3sg : correct =
Noun+A3pl+Pnon+Acc

1 : Noun+A3pl+P3pl+Nom : fors : Noun+A3sg+P3sg+Loc
Verb”DB+Verb+Pass+Pos*DB+Noun+Inf2+A3sg+P3sg+Nom : correct = Noun+A3pl+P3sg+Nom

: Noun+A3sg+P3sg+Loc : fors : Verb+Pos*DB+Adverb+AfterDoingSo Adj : correct = Adverb

: Adverb : pre : Noun+A3pl+P3pl+ins Punc : correct = Postp

: Adverb : pre : Punc Noun+A3sg+Pnon+Dat : correct = Noun+A3sg+Pnon+Nom

: Adverb : pre : Noun+A3pl+P3pl+Acc Postp : correct = Noun+A3sg+Pnon+Nom

: Adverb : pre : Noun+A3pl+Pnon+Acc Conj : correct = Adj

: Adverb : pre : Adj Noun+A3sg+P3sg+Gen : correct = Noun+A3sg+Pnon+Nom

: Adverb : pre : Noun+A3sg+Pnon+Ins Noun+A3sg+P3sg+Nom : correct = Postp

: Adverb : pre : Noun+Prop+A3sg+Pnon+ins Noun+Prop+A3sg+Pnon+Nom : correct = Postp

: Adverb : pre : Noun+A3sg+P3sg+Ins Adj : correct = Postp

: Adverb : pre : Noun+A3pl+Pnon+ins Noun+A3pl+Pnon+Gen : correct = Postp

: Adverb : pre : Verb+Neg+Desr+A3sg Postp : correct = Conj

: Adverb : fors : Noun+Prop+A3sg+Pnon+Gen Noun+A3pl+P3sg+Acc : correct = Postp

: Adverb : fors : Noun+Prop+A3sg+Pnon+Nom Conj : correct = Postp
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2 : Adverb : fors : Noun+A3sg+Pnon+Abl Noun+A3sg+P1pl+Dat : correct = Noun+A3sg+P3pl+Nom
2 : Adverb : fors : Noun+A3pl+Pnon+Nom Noun+Prop+A3sg+Pnon+Loc : correct = Conj

1 : Adverb : fors : Adj Noun+A3pl+Pnon+Acc : correct =
Noun+A3sg+Pnon+Nom”DB+Noun+Ness+A3sg+Pnon+ins

1: Adverb : pre : Noun+A3sg+Pn
correct = Postp

on+Nom”DB+Noun+Agt+A3sg+Pnon+ins Noun+A3sg+Pnon+Nom :

1: Adverb : pre : Verb+Pos"DB+Noun+Inf2+A3sg+P3sg+ins Noun+A3pl+P3sg+Gen : correct = Postp
1 : Noun+A3sg+Pnon+NomADB+Adj+With : fors :

Noun+A3sg+Pnon+Nom”DB+Noun+Ness+A3sg+Pnon+Nom Noun+A3pl+P3sg+Nom : correct = Adverb

1 : Noun+A3sg+Pnon+Nom”DB+Adj+With : fors : Verb+Pos"DB+Adj+PresPart
Noun+Prop+A3sg+Pnon+Gen : correct = Noun+A3sg+Pnon+Nom

2 : Noun+A3sg+Pnon+Acc :
Noun+A3sg+P3sg+Nom

2 : Noun+A3sg+Pnon+Acc :
Noun+A3sg+P3sg+Nom

: Noun+A3sg+Pnon+Acc :
: Noun+A3sg+Pnon+Acc :
: Noun+A3sg+Pnon+Acc :
: Noun+A3sg+Pnon+Acc :
: Noun+A3sg+Pnon+Acc :
: Noun+A3sg+Pnon+Acc :
: Noun+A3sg+Pnon+Acc :
: Noun+A3sg+Pnon+Acc :
Noun+A3sg+P3sg+Nom

2 : Noun+A3sg+Pnon+Acc :
1: Noun+A3sg+Pnon+Acc :

pre :

pre :

pre
pre :
fors :
fors :
fors :
fors :
fors :
fors :
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fors :
fors :

Noun+A3sg+Pnon+Nom Noun+A3pl+Pnon+Acc : correct =

Noun+Prop+A3sg+Pnon+Gen Noun+A3sg+P3sg+Nom : correct =

: Adj Noun+A3sg+Pnon+Gen : correct = Noun+A3sg+P3sg+Nom

Postp Noun+A3pl+P3pl+Dat : correct = Noun+A3sg+P3sg+Nom
Adverb Noun+A3sg+Pnon+Loc : correct = Noun+A3sg+P3sg+Nom

Verb+Pos+Narr+Past+A3sg Punc : correct = Noun+A3sg+P3sg+Nom

Verb+Pos+Fut+A3sg Punc : correct = Noun+A3sg+P3sg+Nom
Noun+A3sg+P3sg+Nom Adj : correct = Noun+A3sg+P3sg+Nom
Adj Adj : correct = Noun+A3sg+P3sg+Nom
Noun+A3sg+Pnon+Nom Noun+A3sg+P3sg+Ins : correct =

Conj Adj : correct = Noun+A3sg+P3sg+Nom
Noun+A3pl+Pnon+Nom

Noun+A3sg+Pnon+Nom”DB+Noun+Ness+A3sg+Pnon+Ins : correct =
Adj*DB+Noun+Zero+A3sg+Pnon+Nom”ADB+Adj+Agt

1: Noun+A3sg+Pnon+Acc : fors :
Noun+A3sg+P3sg+Nom
1 : Noun+A3sg+Pnon+Acc : fors :
Noun+A3sg+P3sg+Nom
2 : Noun+A3sg+Pnon+Nom : pre

2 : Noun+A3sg+Pnon+Nom : pre :

Noun+Prop+A3sg+Pnon+Nom

2 : Noun+A3sg+Pnon+Nom : pre :

Noun+Prop+A3sg+Pnon+Nom

2 : Noun+A3sg+Pnon+Nom : pre :
2 : Noun+A3sg+Pnon+Nom : pre :

Verb+Pos+Imp+A2sg

2 : Noun+A3sg+Pnon+Nom : fors :

Noun+Prop+A3sg+Pnon+Nom

2 : Noun+A3sg+Pnon+Nom : fors :

Noun+Prop+A3sg+Pnon+Nom

2 : Noun+A3sg+Pnon+Nom : fors :

Noun+Prop+A3sg+Pnon+Nom

2 : Noun+A3sg+Pnon+Nom : fors :

Noun+A3sg+Pnon+Dat

2 : Noun+A3sg+Pnon+Nom : fors :

Noun+Prop+A3sg+Pnon+Nom

2 : Noun+A3sg+Pnon+Nom : fors :

2 : Noun+A3sg+Pnon+Nom : fors
Noun+Prop+A3sg+Pnon+Nom
2 : Noun+A3sg+Pnon+Nom : fors
2 : Noun+A3sg+Pnon+Nom : fors
Noun+Prop+A3sg+Pnon+Nom

Verb+Pos+Aor+A3sg"DB+Adverb+While Punc : correct =
Noun+A3sg+P3sg+Nom Noun+A3sg+Pnon+Nom : correct =

: Verb+Pos+Aor+A3sg Noun+A3sg+Pnon+ins : correct = Adj
Verb+Neg+Past+A2pl Adverb+Ques : correct =

Adverb Noun+A3sg+P3sg+Acc : correct =

Adverb+AdjMdfy Noun+Prop+A3sg+Pnon+Gen : correct = Adj
Noun+A3sg+P2pl+Nom Pron+A2pl+Pnon+Gen : correct =

Noun+Prop+A3sg+Pnon+Nom Interj : correct =
Noun+Prop+A3sg+Pnon+Dat Punc : correct =

Postp Noun+A3sg+Pnon+Gen : correct =
Noun+Prop+A3sg+Pnon+Dat Verb+Pos+Past+A3sg : correct =
Noun+Prop+A3sg+Pnon+Loc Verb+Pos+Progl+A3sg : correct =

Noun+A3pl+Pnon+Loc Noun+A3sg+Pnon+Gen : correct = Adj
: Noun+A3pl+P3sg+Acc Verb+Pos+Narr+Past+A3sg : correct =

: Noun+A3sg+Pnon+Loc Num+Card : correct = Conj
: Noun+Prop+A3sg+Pnon+Ins Verb+Pos+Past+A3sg : correct =
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2 : Noun+A3sg+Pnon+Nom : fors : Noun+A3pl+Pnon+Acc Adverb : correct =
Noun+Prop+A3sg+Pnon+Nom

2 : Noun+A3sg+Pnon+Nom : fors : Noun+A3sg+Pnon+Acc Verb+Pos+Narr+A3sg : correct =
Noun+Prop+A3sg+Pnon+Nom

2 : Noun+A3sg+Pnon+Nom : fors : Postp Verb+Pos+Past+Alsg : correct = Noun+Prop+A3sg+Pnon+Nom
2 : Noun+A3sg+Pnon+Nom : pre : Noun+Prop+A3sg+P2sg+Loc : correct = Noun+Prop+A3sg+Pnon+Nom
1: Noun+A3sg+Pnon+Nom : fors : Noun+A3sg+Pnon+Nom”DB+Noun+Ness+A3sg+Pnon+Nom
Noun+A3sg+P3sg+Nom : correct = Noun+Prop+A3sg+Pnon+Nom

1: Noun+A3sg+Pnon+Nom : fors : Noun+A3sg+Pnon+Dat VerbADB+Verb+Pass+Pos+Neces+Cop+A3sg :
correct = Noun+A3sg+P2sg+Nom”DB+Adj+With

1 : Noun+A3sg+Pnon+Nom : fors : Noun+A3sg+P3sg+Nom Noun+A3pl+P3sg+Abl : correct =
Num+Card*DB+Noun+Zero+A3sg+Pnon+Nom”DB+Noun+Ness+A3sg+Pnon+Nom

1: Noun+A3sg+Pnon+Nom : fors : Noun+A3sg+P3sg+Nom Adverb : correct =
Noun+Prop+A3sg+Pnon+Nom

1: Noun+A3sg+Pnon+Nom : fors : Noun+A3sg+Pnon+Nom Verb+Pos+Progl+A3sg : correct =
Noun+A3sg+Pnon+Nom”DB+Adj+Agt

1: Noun+A3sg+Pnon+Nom : fors : Noun+A3pl+P3sg+Nom Verb”DB+Verb+Pass+Pos"DB+Adj+PresPart :
correct = Noun+Prop+A3sg+Pnon+Nom

1 : Noun+A3sg+Pnon+Nom : fors : Noun+Prop+A3sg+P3sg+Gen
Verb+Pos"DB+Noun+Inf2+A3sg+Pnon+Nom : correct = Noun+Prop+A3sg+Pnon+Nom

1: Noun+A3sg+Pnon+Nom : fors : Noun+A3sg+P3sg+Nom Verb”~DB+Verb+Pass+Pos*DB+Adj+FutPart :
correct = Noun+Prop+A3sg+Pnon+Nom

1 : Noun+A3sg+Pnon+Nom : fors : Punc Verb+Pos*DB+Adj+Agt"DB+Noun+Zero+A3sg+Pnon+Abl :
correct = Noun+Prop+A3sg+Pnon+Nom

1 : Noun+A3sg+Pnon+Nom : fors : Noun+A3sg+Pnon+Dat
Verb”ADB+Verb+Caus?DB+Verb+Pass+Pos+Aor+A3sg”DB+Adverb+While : correct =
Noun+Prop+A3sg+Pnon+Nom

1 : Noun+A3sg+Pnon+Nom : fors : Noun+A3pl+Pnon+Nom Verb”DB+Verb+Pass+Pos+Fut+A3sg : correct
= Noun+A3sg+Pnon+Nom”DB+Adj+With

1 : Noun+A3sg+Pnon+Nom : fors : Noun+A3pl+Pnon+Acc Noun+A3sg+P3sg+Nom : correct = Adj

1: Noun+A3sg+Pnon+Nom : fors : Noun+A3pl+Pnon+Loc”"DB+Adj+Rel Noun+A3pl+Pnon+Nom : correct
= Adj

1: Noun+A3sg+Pnon+Nom : fors : Noun+A3sg+P3sg+Nom Num+Real*DB+Noun+Zero+A3sg+Pnon+Loc :
correct = Noun+Prop+A3sg+Pnon+Nom

1: Noun+A3sg+Pnon+Nom : pre : Postp Noun+A3sg+Pnon+Nom”DB+Noun+Ness+A3sg+Pnon+Nom :
correct = Conj

1: Noun+A3sg+Pnon+Nom : pre : VerbADB+Verb+Caus+Pos"DB+Adj+PresPart Adj : correct =
Noun+Prop+A3sg+Pnon+Nom

1 : Noun+A3sg+Pnon+Nom : pre : Punc Verb+Pos*DB+Noun+Inf2+A3sg+Pnon+Nom : correct =
Noun+A3sg+Pnon+Nom”DB+Adj+Agt

1: Noun+A3sg+Pnon+Nom : pre : Noun+Prop+A3sg+Pnon+Nom Noun+A3pl+Pnon+Gen : correct =
Noun+Prop+A3sg+Pnon+Nom

1: Noun+A3sg+Pnon+Nom : pre : Verb+Pos*"DB+Noun+Inf1+A3sg+Pnon+Nom Noun+A3sg+P3sg+Acc :
correct = Adverb

1: Noun+A3sg+Pnon+Nom : pre : Punc
Noun+A3sg+Pnon+Nom”DB+Adj+WithADB+Noun+Zero+A3pl+Pnon+Nom : correct =
Noun+Prop+A3sg+Pnon+Nom

1: Noun+A3sg+Pnon+Nom : pre : Verb+Pos*"DB+Noun+Inf2+A3sg+Pnon+Dat Punc : correct =
Verb+Pos+Aor+A3sg

2 : Adverb+Ques : pre : Noun+A3sg+Pnon+Nom Verb+Pres+Cop+A3sg : correct = Adj+Ques

2 : Adverb+Ques : pre : Noun+A3sg+P3sg+Ins Noun+A3sg+Pnon+Nom : correct =
Pron+Ques+A3sg+Pnon+Nom

2 : Adverb+Ques : pre : Postp Noun+A3sg+P3sg+Nom : correct = Conj

2 : Adverb+Ques : pre : Verb+Pos+Past+A3sg Noun+Prop+A3sg+Pnon+Loc : correct = Conj

2 : Adverb+Ques : pre : Noun+A3sg+Pnon+Nom Noun+A3sg+Pnon+Nom : correct =
Pron+Ques+A3sg+Pnon+Nom

2 : Adverb+Ques : pre : Punc Postp : correct = Adj+Ques
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2 : Adverb+Ques : pre : Noun+A3sg+Pnon+Gen Adj : correct = Adj+Ques
2 : Adverb+Ques : pre : Noun+A3pl+P3sg+Loc Noun+A3sg+Pnon+Nom : correct = Adj+Ques
2 : Adverb+Ques : pre : Noun+A3sg+Pnon+Loc Noun+A3sg+Pnon+Nom : correct =

Pron+Ques+A3sg+Pnon+Nom

2 : Adverb+Ques : pre : Noun+A3sg+P3sg+Loc Noun+A3pl+Pnon+Nom : correct =

Pron+Ques+A3sg+Pnon+Nom

2 : Adverb+Ques : pre : Noun+Prop+A3sg+Pnon+Loc : correct = Adj+Ques
2 : Noun+A3pl+Pnon+Acc : pre : Noun+A3sg+Pnon+Gen Adj : correct = Noun+A3pl+P3sg+Nom
2 : Noun+A3pl+Pnon+Acc : pre : Noun+A3sg+Pnon+Nom Noun+A3sg+Pnon+Dat : correct =

Noun+A3pl+P3sg+Nom

2 : Noun+A3pl+Pnon+Acc : pre : Adj Pron+A3sg+Pnon+Gen : correct = Noun+A3pl+P3sg+Nom

2 : Noun+A3pl+Pnon+Acc : pre : Conj Noun+A3pl+Pnon+Nom : correct = Noun+A3pl+P3sg+Nom

2 : Noun+A3pl+Pnon+Acc : pre : Noun+Prop+A3sg+Pnon+Nom Punc : correct = Noun+A3pl+P3sg+Nom
2 : Noun+A3pl+Pnon+Acc : fors : Noun+A3pl+Pnon+Gen Noun+A3sg+P3sg+Nom : correct =

Noun+A3pl+P3sg+Nom

2 : Noun+A3pl+Pnon+Acc : fors : Punc Noun+A3sg+P3sg+Nom : correct = Noun+A3pl+P3sg+Nom

2 : Noun+Prop+A3sg+Pnon+Nom
Noun+A3sg+Pnon+Nom

2 : Noun+Prop+A3sg+Pnon+Nom
2 : Noun+Prop+A3sg+Pnon+Nom
Noun+A3sg+P3sg+Nom

2 : Noun+Prop+A3sg+Pnon+Nom
Noun+A3sg+Pnon+Nom

2 : Noun+Prop+A3sg+Pnon+Nom
2 : Noun+Prop+A3sg+Pnon+Nom
Noun+A3sg+Pnon+Nom

2 : Noun+Prop+A3sg+Pnon+Nom
correct = Noun+A3sg+Pnon+Nom
2 : Noun+Prop+A3sg+Pnon+Nom
1: Noun+Prop+A3sg+Pnon+Nom
1: Noun+Prop+A3sg+Pnon+Nom
correct = Noun+A3sg+P3sg+Nom
1: Noun+Prop+A3sg+Pnon+Nom
= Noun+A3sg+Pnon+Nom

1: Noun+Prop+A3sg+Pnon+Nom

: pre

:pre:
:pre:

:pre:

:fors :
:fors :

:fors :
:fors :
:fors :

:fors :

:fors :

: pre

Noun+A3sg+Pnon+Nom”DB+Adj+With

1: Noun+Prop+A3sg+Pnon+Nom

: pre

: correct = Verb+Pos*"DB+Adj+PresPart
1: Noun+Prop+A3sg+Pnon+Nom : pre : Postp
Verb”DB+Verb+Pass+Pos*DB+Noun+Inf2+A3sg+P3sg+Nom : correct = Noun+A3sg+Pnon+Nom

N NNNNNNNNNNNNNNNNNDN

: Noun+A3pl+Pnon+Acc Noun+A3sg+Pnon+Gen : correct =

Noun+A3sg+Pnon+Abl Adj : correct = Adj
Noun+A3sg+Pnon+Nom Noun+A3sg+P3sg+Gen : correct =

Noun+A3sg+Pnon+Abl Verb+Pos+Desr+Alpl : correct =

Postp Noun+A3sg+P3sg+Ins : correct = Noun+A3sg+Pnon+Nom
Noun+A3sg+P3sg+Ins Noun+Prop+A3sg+Pnon+Dat : correct =

Noun+Prop+A3sg+P3sg+Dat Noun+Prop+A3sg+Pnon+Nom :
Noun+A3pl+P3pl+Loc Conj : correct = Noun+A3sg+Pnon+Nom
Noun+A3sg+P3sg+Ins Adj : correct = Noun+A3sg+Pnon+Nom
Verb”DB+Verb+Pass+Pos"DB+Noun+Inf3+A3sg+P3sg+Abl Adj :
Postp Adj*DB+Noun+Zero+A3sg+Pnon”"DB+Adverb+Ly : correct

: Adverb+AdjMdfy Adverb+AdjMdfy : correct =

: Conj VerbADB+Verb+Recip+Pos*DB+Noun+Inf2+A3sg+Pnon+Loc

: Adj : pre : Num+Card Noun+A3sg+P3sg+Loc : correct = Noun+A3sg+Pnon+Nom

: Adj : pre : Verb+Pos+Aor+A3sg Noun+A3sg+P3sg+Dat : correct = Pron+A3sg+Pnon+Nom

: Adj : pre : Pron+A3pl+Pnon+ins Noun+Prop+A3sg+Pnon+Nom : correct = Adverb

: Adj : pre : Verb+Pos+Desr+A2sg Noun+A3pl+Pnon+Nom : correct = Adverb

: Adj : pre : Noun+A3pl+Pnon+Gen Noun+A3sg+P3sg+Loc : correct = Noun+A3sg+Pnon+Nom
: Adj : pre : Noun+Prop+A3sg+Pnon+Loc Conj : correct = Noun+A3sg+Pnon+Nom

: Adj : pre : Postp Noun+A3sg+P1sg+Nom : correct = Adverb

: Adj : pre : Conj Noun+A3pl+Pnon+Dat : correct = Noun+A3sg+Pnon+Nom

: Adj : pre : Noun+A3sg+P1sg+Nom Noun+A3sg+P1sg+ins : correct = Adverb

: Adj : pre : Noun+A3sg+P3sg+ins Noun+A3pl+Pnon+Gen : correct = Noun+A3sg+Pnon+Nom
: Adj : pre : Adj Noun+A3sg+P1pl+Nom : correct = Noun+A3sg+Pnon+Nom

: Adj : pre : Pron+A3sg+Pnon+Gen Noun+A3sg+P3sg+Nom : correct = Noun+Prop+A3sg+Pnon+Nom
: Adj : pre : Noun+A3pl+Pnon+Dat Postp : correct = Noun+A3sg+Pnon+Nom

: Adj : pre : Pron+Abl Noun+A3sg+P2pl+Nom : correct = Adverb

: Adj : pre : Noun+A3sg+P3sg+ins Noun+A3pl+P3pl+Acc : correct = Noun+A3sg+Pnon+Nom

: Adj : pre : Adverb+AdjMdfy Noun+A3sg+P3sg+Acc : correct = Adverb

: Adj : fors : Punc Noun+A3sg+P3sg+Loc : correct = Noun+A3sg+Pnon+Nom
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: Adj : fors : Noun+A3sg+P3sg+Acc Verb+Pos+Past+A3pl : correct = Noun+A3sg+Pnon+Nom

: Adj : fors : Adverb Verb+Pos+Past+A3sg : correct = Pron+A3sg+Pnon+Nom

: Adj : fors : Verb+Pres+Cop+A3sg Conj : correct = Pron+A3sg+Pnon+Nom

: Adj : fors : Noun+A3pl+P1pl+Nom Noun+A3sg+Pnon+Nom : correct = Noun+A3sg+Pnon+Nom
: Adj : fors : Conj Noun+A3sg+Pnon+Dat : correct = Pron+A3sg+Pnon+Nom

: Adj : fors : Postp Noun+A3pl+P3pl+Acc : correct = Noun+A3sg+Pnon+Nom

: Adj : fors : Noun+A3sg+P3sg+Acc Verb+Pos+Progl+A3sg : correct = Noun+A3sg+Pnon+Nom

: Adj : fors : Verb+Pos+Past+A3sg Num+Range : correct = Noun+A3sg+Pnon+Nom

: Adj : fors : Conj Pron+A3pl+Pnon+Abl : correct = Pron+A3sg+Pnon+Nom

: Adj : fors : Conj Adverb : correct = Pron+A3sg+Pnon+Nom

: Adj : fors : Verb+Pos+Progl+Alsg Punc : correct = Adverb

: Adj : fors : Verb+Neg+Past+Alsg Punc : correct = Adverb+AdjMdfy

: Adj : fors : Noun+A3sg+Pnon+Nom Noun+Prop+A3sg+P3sg+Acc : correct = Noun+A3sg+Pnon+Nom
: Adj : fors : Verb+Pos+Prog1+A2pl Conj : correct = Adverb

: Adj : fors : Verb”DB+Verb+Caus+Pos*DB+Adj+PastPart*DB+Noun+Zero+A3sg+P3sg+Nom Punc :
correct = Noun+A3sg+Pnon+Nom

1: Adj: fors : Verb+Pos"DB+Adverb+ByDoingSo Noun+A3sg+Pnon+Nom : correct = Adverb

1: Adj : fors : Punc Noun+A3sg+Pnon+Nom : correct = Noun+A3sg+Pnon+Nom

1: Adj: fors : Verb"DB+Verb+Pass+Pos+Aor+A3sg"DB+Adverb+While Adj : correct =
Pron+A3sg+Pnon+Nom

1: Adj : fors : Num+Card Noun+Prop+A3sg+Pnon+Nom : correct = Noun+A3sg+P3sg+Nom

1: Adj: fors : Verb+Pos"DB+Adj+PastPart"DB+Noun+Zero+A3sg+P3sg+Nom
Verb”DB+Verb+Pass+Pos+Past+A3sg : correct = Noun+A3sg+Pnon+Nom

1 : Verb+Pos?"DB+Adj+PastPart*DB+Noun+Zero+A3sg+P3sg+Nom : pre : Noun+A3sg+Pnon+Nom
Noun+A3sg+P3sg+Gen : correct = Verb+Pos*DB+Adj+PastPart*"DB+Noun+Zero+A3sg+Pnon+Acc
1: Adj: fors : Verb"DB+Verb+Pass+Pos*DB+Adj+PastPart"DB+Noun+Zero+A3sg+P3sg+Acc
Verb+Pos+Past+A3sg : correct = Noun+A3sg+Pnon+Nom

1: Adj: fors : VerbADB+Verb+Pass+Pos"DB+Adj+FutPart*DB+Noun+Zero+A3sg+P3sg+Nom
Verb”DB+Verb+Pass+Pos*DB+Adj+PresPart : correct = Noun+A3sg+Pnon+Nom

1: Adj : fors : Punc Noun+Prop+A3sg+Pnon+Nom : correct = Noun+A3sg+Pnon+Nom

1: Adj: fors : Verb+Pos"DB+Adj+PastPart"DB+Noun+Zero+A3sg+P3sg+Acc Verb+Pos"DB+Adj+PresPart
: correct = Adverb

1: Adj: fors : VerbADB+Verb+Pass+Neg"DB+Noun+Inf2+A3sg+P3sg+Nom
Verb+Pos"DB+Adj+PastPart*"DB+Noun+Zero+A3sg+P3sg+Acc : correct = Adverb+AdjMdfy

1: Adj: fors : Noun+A3sg+Pnon+Nom
Noun+A3sg+Pnon+Nom”DB+Noun+Prop+Ness+A3sg+P3sg+Loc*DB+Adj+Rel : correct =
Noun+A3sg+Pnon+Nom

1: Adj : fors : Punc Noun+A3sg+Pnon+Nom”DB+Noun+Ness+A3sg+Pnon+Nom : correct =
Pron+A3sg+Pnon+Nom

1: Adj: pre : Adverb+AdjMdfy Adverb+AdjMdfy : correct = Adverb

1: Adj: pre : Adverb Noun+A3sg+Pnon+Loc : correct = Adverb

1: Adj: pre : Adj*DB+Noun+Zero+A3sg+Pnon+Acc Verb”DB+Verb+Pass+Pos"DB+Adj+PresPart : correct
= Adverb

1: Adj: pre : Noun+A3sg+P3sg+Nom Noun+A3sg+Pnon+Gen : correct = Pron+A3sg+Pnon+Nom
1: Adj: pre : Adverb+AdjMdfy Noun+A3sg+Pnon+Nom”DB+Noun+Ness+A3sg+Pnon+Nom : correct =
Noun+A3sg+Pnon+Nom

: Adj : pre : Noun+A3sg+Pnon+Abl Adverb : correct = Postp

: Postp : pre : Noun+Prop+A3sg+Pnon+Nom Conj : correct = Conj

: Postp : pre : Noun+A3sg+Pnon+Nom Adj+Ques : correct = Noun+A3sg+Pnon+Nom

: Postp : pre : Num+Card Noun+A3pl+P3sg+Loc : correct = Adverb+AdjMdfy

: Postp : pre : Num+Card Noun+A3pl+Pnon+Loc : correct = Adverb+AdjMdfy

: Postp : pre : Noun+A3sg+P3sg+Acc Noun+A3pl+P3pl+Abl : correct = Noun+A3sg+Pnon+Nom

: Postp : pre : Num+Card Num+Card : correct = Adverb+AdjMdfy

: Postp : pre : Num+Card Noun+A3sg+Pnon+Nom : correct = Conj

: Postp : pre : Noun+Prop+A3sg+Pnon+Nom Noun+A3sg+P3sg+Nom : correct = Conj

: Postp : fors : Verb+Pos”"DB+Noun+Inf2+A3sg+Pnon+Nom : correct = Adverb

: Postp : pre : Num+Ratio Noun+Prop+A3sg+Pnon+Loc : correct = Conj

P NNNNMNNNNNNNNNNDN
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107



: Postp :
: Postp :
: Postp :
: Postp :
: Postp :
: Postp :
: Postp :
: Postp :
: Postp :
: Postp :
: Postp :
: Postp :
: Postp :
: Postp :
: Postp :
: Postp :

pre:

R RPN NNNNNNNNNNNDNNNDN

fors :
fors :
fors :
fors :
fors :
fors :
fors :
fors :
fors :
fors :
fors :
fors :
fors :
fors :
fors :

Noun+Prop+A3sg+Pnon+Nom Noun+A3pl+P3sg+Nom : correct = Conj
Verb+Pos+Past+A3sg Noun+A3sg+P1sg+Nom : correct = Adverb
Noun+Prop+A3sg+Pnon+Nom Adj : correct = Conj

Noun+A3sg+Pnon+Loc Noun+A3pl+P3sg+Nom : correct = Conj
Noun+Prop+A3sg+Pnon+Nom Noun+Prop+A3sg+P3sg+Abl : correct = Conj
Noun+A3pl+P3sg+Loc Adverb+AdjMdfy : correct = Conj

Noun+A3sg+P3sg+Nom Noun+A3sg+Pnon+Gen : correct = Conj
Noun+A3sg+Pnon+Dat Adverb : correct = Conj

Noun+Prop+A3sg+Pnon+Loc Adj : correct = Conj

Noun+A3pl+Pnon+Acc Noun+A3sg+Pnon+Loc : correct = Conj
Noun+Prop+A3sg+Pnon+Loc Noun+A3pl+P3pl+Nom : correct = Conj
Pron+A3pl+Pnon+Gen Noun+A3pl+P3pl+Nom : correct = Conj
Noun+A3sg+Pnon+Dat Verb+Pos+Progl+A3sg : correct = Adverb
Noun+A3sg+Pnon+Nom Punc : correct = Conj

Noun+A3sg+Pnon+Nom Noun+A3sg+Pnon+Nom”DB+Adj+FitFor : correct = Conj
Noun+A3sg+Pnon+Nom”DB+Verb+Become+Pos*DB+Noun+Inf2+A3sg+Pnon+Nom

Verb+Pos"DB+Adj+PresPart : correct = Conj

1: Postp : fors:
1: Postp : fors :
1: Postp : fors:
1: Postp : fors:

correct = Conj

1: Postp : fors :
1: Postp : fors:
1: Postp : fors:

Noun+A3sg+Pnon+Nom Noun+Prop+A3sg+Pnon+Nom : correct = Adverb
Noun+A3sg+P3sg+Acc Verb+Pos"DB+Adj+PresPart : correct = Adverb
Adj*DB+Noun+Zero+A3sg+P3pl+Loc Noun+A3sg+Pnon+Nom : correct = Adverb
Noun+A3sg+Pnon+NomADB+Adj+With Verb+Pos*DB+Noun+Inf2+A3pl+Pnon+Gen :

Noun+A3pl+Pnon+Dat Noun+A3sg+Pnon+Nom : correct = Conj
Noun+A3sg+Pnon+Nom Noun+A3sg+P3sg+Loc : correct = Conj
Verb+Pos"DB+Adj+PastPart"DB+Noun+Zero+A3sg+P3sg+Nom

Adj*DB+Noun+Zero+A3sg+Pnon+NomADB+Verb+Become+Pos*DB+Noun+Inf2+A3sg+Pnon+Nom :

correct = Conj

1: Postp : fors
1: Postp : fors
1: Postp : fors
1: Postp : fors
: correct = Conj
1: Postp : fors

Noun+A3sg+Pnon+Nom”DB+Verb+Become+Pos*DB+Noun+Inf2+A3sg+Pnon+Nom : correct = Adverb

1: Postp : fors

: Noun+Prop+A3sg+Pnon+Loc*DB+Adj+Rel Noun+A3sg+Pnon+Nom : correct = Conj
: Conj Noun+A3sg+P3sg+Loc"DB+Adj+Rel : correct = Adverb
: Noun+A3sg+Pnon+Ins Noun+A3sg+Pnon+Acc : correct = Adverb

: Verb+Pos*DB+Noun+Inf3+A3sg+Pnon+Nom Verb+Pos*DB+Noun+Inf3+A3sg+Pnon+Nom

: Noun+Prop+A3sg+Pnon+Nom

: Verb+Pos"DB+Noun+Inf2+A3sg+P3sg+Nom Noun+A3sg+Pnon+Nom : correct =

Noun+A3sg+Pnon+Nom

1: Postp : fors : Noun+Prop+A3sg+Pnon+Nom Noun+Prop+A3sg+Pnon+Gen : correct = Adverb

1: Postp : fors : Noun+Prop+A3sg+Pnon+Gen Noun+A3sg+P3sg+Nom : correct = Adverb

1: Postp : fors : Noun+Prop+A3sg+Pnon+Nom”DB+Adj+With Noun+Prop+A3sg+Pnon+Nom : correct =
Conj

1: Postp : fors : Verb+Pos+Past+A3sg Noun+A3pl+Pnon+Nom : correct = Adverb

1: Postp : pre : Adverb+AdjMdfy Postp : correct = Adverb

1: Postp : pre : Noun+A3sg+Pnon+Nom Verb”DB+Verb+Caus"DB+Verb+Pass+Pos*DB+Adverb+When :
correct = Conj

1: Postp: pre : Noun+Prop+A3sg+Pnon+Nom

Adj*"DB+Noun+Zero+A3sg+Pnon+Nom”DB+Noun+Ness+A3sg+P3sg+Loc : correct = Conj

1:Postp:pre:

2 : Noun+A3sg+P3sg+Nom :

: correct = Adverb
pre : Noun+A3sg+P1pl+Nom Noun+Prop+A3sg+Pnon+Dat : correct =

Punc Postp

Noun+A3sg+Pnon+Acc

2 : Noun+A3sg+P3sg+Nom :
2 : Noun+A3sg+P3sg+Nom :

pre :

pre : Noun+A3pl+Pnon+ins Verb+Pres+Alsg : correct =

Noun+A3sg+Pnon+Acc

2 : Noun+A3sg+P3sg+Nom :
2 : Noun+A3sg+P3sg+Nom :

pre :
pre :

Adj Noun+A3sg+P3sg+ins : correct = Noun+A3sg+Pnon+Acc
Noun+A3pl+Pnon+Loc Noun+A3sg+P3sg+Nom : correct =

Noun+A3sg+Pnon+Acc

2 : Noun+A3sg+P3sg+Nom :
2 : Noun+A3sg+P3sg+Nom

pre :

: fors : Conj Verb+Pos+Past+Alsg : correct = Noun+A3sg+Pnon+Acc
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2 : Noun+A3sg+P3sg+Nom
2 : Noun+A3sg+P3sg+Nom
Noun+A3sg+Pnon+Acc

: Noun+A3sg+P3sg+Nom
: Noun+A3sg+P3sg+Nom
: Noun+A3sg+P3sg+Nom
: Noun+A3sg+P3sg+Nom
: Noun+A3sg+P3sg+Nom
: Noun+A3sg+P3sg+Nom

P NN NNDN

:fors :
:fors :

:fors :
:fors :
:fors :
:fors :
:fors :
:fors :

correct = Noun+A3sg+Pnon+Acc

1: Noun+A3sg+P3sg+Nom

: fors

Conj Noun+A3sg+Pnon+Acc : correct = Noun+A3sg+Pnon+Acc
Verb+Pos+Fut+A3sg Ques+Pres+Alpl : correct =

Adverb Verb+Pos+Past+A3pl : correct = Noun+A3sg+Pnon+Acc
Num-+Range Adj : correct = Noun+A3sg+Pnon+Acc
Verb+Pos+Fut+Alpl Punc : correct = Noun+A3sg+Pnon+Acc

Conj Adverb : correct = Noun+A3sg+Pnon+Acc
Pron+Alsg+Pnon+Acc Adj : correct = Noun+Prop+A3sg+Pnon+Nom
Verb+Pos"DB+Adj+PastPart"DB+Noun+Zero+A3sg+Pnon+Abl Postp :

: Verb"DB+Verb+Pass+Pos*DB+Noun+Inf2+A3sg+P3sg+Gen

Noun+A3sg+P3sg+Abl : correct = Noun+A3sg+Pnon+Acc
1: Noun+A3sg+P3sg+Nom : fors : Verb+Pos+Past+A3sg Noun+Prop+A3sg+Pnon+Nom : correct =

Noun+A3sg+Pnon+Acc

1: Noun+A3sg+P3sg+Nom : fors : Verb”DB+Verb+Caus+Pos*"DB+Adverb+AfterDoingSo
Noun+Prop+A3sg+Pnon+Acc : correct = Noun+A3sg+Pnon+Acc
1 : Noun+A3sg+P3sg+Nom : fors : Noun+A3sg+Pnon+Nom Verb+Pos?"DB+Adj+Agt : correct =

Noun+A3sg+Pnon+Acc

1: Noun+A3sg+P3sg+Nom : fors : Postp Verb+Pos"DB+Adj+FutPart"DB+Noun+Zero+A3sg+P3sg+Nom :
correct = Noun+A3sg+Pnon+Acc
1 : Noun+A3sg+P3sg+Nom : fors : Noun+A3sg+Pnon+Loc
Verb+Pos"DB+Adj+PastPart"DB+Noun+Zero+A3sg+P3sg+Dat : correct = Noun+A3sg+Pnon+Acc
1: Noun+A3sg+P3sg+Nom : fors : Verb+PosA"DB+Noun+Inf2+A3pl+P3pl+Nom Postp : correct =

Noun+A3sg+Pnon+Acc

1: Noun+A3sg+P3sg+Nom : pre : Verb+Pos*DB+Noun+Inf2+A3sg+Pnon+Nom”DB+Adj+With Conj :
correct = Noun+A3sg+Pnon+Acc
1: Noun+A3sg+P3sg+Nom : pre : Noun+A3sg+P3sg+Loc Noun+Prop+A3sg+Pnon+Nom : correct =

Noun+A3sg+Pnon+Acc

1 : Noun+A3sg+P3sg+Nom : pre : Conj Verb+Pos+Past+A3sg : correct = Noun+A3sg+Pnon+Acc
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APPENDIX 4: LATTICE OF TURKISH

ANY

AdjMdfy ANY

Pron ANY

Noun ANY

Prop Noun

ADJ-SUF ANY

PRON-SUF ANY

Reflex PRON-SUF
ADVERB-SUF ANY

VERB-SUF ANY

VERB-TENSE VERB-SUF
NOUN-SUF ADJ-SUF ANY
NOUN-AGREEMENT NOUN-SUF
VERB-AGREEMENT VERB-SUF
A3pl NOUN-AGREEMENT VERB-AGREEMENT
A3sg NOUN-AGREEMENT VERB-AGREEMENT
NOUN-POSSESIVE NOUN-SUF
Pnon NOUN-POSSESIVE
Plsg NOUN-POSSESIVE
P2sg NOUN-POSSESIVE
P3sg NOUN-POSSESIVE
Plpl NOUN-POSSESIVE
P2pl NOUN-POSSESIVE
P3pl NOUN-POSSESIVE
NOUN-CASE NOUN-SUF

Acc NOUN-CASE

Dat NOUN-CASE

Loc NOUN-CASE

Abl NOUN-CASE

Gen NOUN-CASE

Ins NOUN-CASE

Nom NOUN-CASE

Adj ANY

Conj ANY

Verb ANY

Pres VERB-TENSE

Past VERB-TENSE

Aor VERB-TENSE

Fut VERB-TENSE

Narr VERB-TENSE

Progl VERB-TENSE

Prog2 VERB-TENSE

Neces VERB-TENSE

Opt VERB-TENSE

Imp VERB-TENSE

Desr VERB-TENSE

Cond VERB-TENSE

Cop VERB-TENSE
ASPECT*PR-CONT VERB-TENSE
Alsg VERB-AGREEMENT
A2sg VERB-AGREEMENT
Alpl VERB-AGREEMENT
A2pl VERB-AGREEMENT
VERB-SENSE VERB-SUF

Pos VERB-SENSE

Neg VERB-SENSE

Punc ANY

Interj ANY

NUMBER ANY
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Num NUMBER

Card NUMBER

Ord NUMBER

Dist NUMBER

NOUN-DB ANY

POSTP ANY

Postp POSTP

PCNom POSTP

PCAbl POSTP

PCDat POSTP

PCIns POSTP

PCGen POSTP

Adverb ANY

PRON-DB ANY

PRON-DB-ADJ PRON-DB

Ques ANY

ADJ-DB ANY

ADJ-DB-NOUN ADJ-DB

NOUN-DB ANY

NOUN-DB-NOUN NOUN-DB

NOUN-DB-PRON NOUN-DB

NOUN-DB-ADJ NOUN-DB

NOUN-DB-ADVERB NOUN-DB

NOUN-DB-VERB NOUN-DB

PRON-DB-NOUN PRON-DB

PRON-DB-PRON PRON-DB

PRON-DB-VERB PRON-DB

ADVERB-DB ANY

ADVERB-DB-ADVERB ADVERB-DB

VERB-DB ANY

VERB-DB-ADVERB VERB-DB

VERB-DB-VERB VERB-DB

VERB-DB-NOUN VERB-DB

VERB-DB-ADJ VERB-DB

ADJ-DB-ADJ ADJ-DB

ADJ-DB-ADVERB ADJ-DB

ADJ-DB-VERB ADJ-DB

“"DB+Noun+Zero ADJ-DB-NOUN

~“DB+Adverb+Ly ADJ-DB-ADVERB

“"DB+Verb+Zero ADJ-DB-VERB NOUN-DB-VERB PRON-DB-VERB
~"DB+Adj+Rel PRON-DB-ADJ NOUN-DB-ADJ PRON-DB-ADJ
~"DB+Adj+FitFor ADJ-DB-ADJ NOUN-DB-ADJ
“"DB+Noun+Ness NOUN-DB-NOUN ADJ-DB-NOUN
~*DB+Noun+Agt ADJ-DB-NOUN NOUN-DB-NOUN
~“DB+Adj+Agt ADJ-DB-ADJ NOUN-DB-ADJ VERB-DB-ADJ
“"DB+Noun+Dim ADJ-DB-NOUN

“"DB+Verb+Become ADJ-DB-VERB NOUN-DB-VERB
~"DB+Verb+Acquire ADJ-DB-VERB NOUN-DB-VERB
~"DB+Adj+Without ADJ-DB-ADJ NOUN-DB-ADJ PRON-DB-ADJ
~"DB+Adj+With ADJ-DB-ADJ NOUN-DB-ADJ PRON-DB-ADJ
“"DB+Adverb+AsIf NOUN-DB-ADVERB VERB-DB-ADVERB
~“DB+Adverb+Ly NOUN-DB-ADVERB

“"DB+Noun+Dim NOUN-DB-NOUN

“"DB+Pron+Rel PRON-DB-PRON NOUN-DB-PRON
“"DB+Adverb+While ADVERB-DB-ADVERB VERB-DB-ADVERB
“"DB+Verb+Caus VERB-DB-VERB

“"DB+Verb+Pass VERB-DB-VERB

~“DB+Verb+Recip VERB-DB-VERB

~"DB+Verb+AbleNeg VERB-DB-VERB

~“DB+Verb+Repeat VERB-DB-VERB

~"DB+Verb+Hastily VERB-DB-VERB
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“"DB+Verb+EverSince VERB-DB-VERB
“"DB+Verb+Able VERB-DB-VERB
“"DB+Verb+Almost VERB-DB-VERB
~"DB+Verb+Stay VERB-DB-VERB
“"DB+Verb+Start VERB-DB-VERB
“"DB+Noun+NotState VERB-DB-NOUN
“"DB+Adverb+"maksizin" VERB-DB-ADVERB
~"DB+Adverb+WithoutHavingDone VERB-DB-ADVERB
“"DB+Noun+Infl VERB-DB-NOUN
“"DB+Noun+Inf2 VERB-DB-NOUN
“"DB+Noun+Inf3 VERB-DB-NOUN
“"DB+Noun+FeellLike VERB-DB-NOUN
~"DB+Adj+Zero VERB-DB-ADJ
~"DB+Adj+PresPart VERB-DB-ADJ
~"DB+Adj+FutPart VERB-DB-ADJ
~"DB+Adj+FeellLike VERB-DB-ADJ
~"DB+Adj+PastPart VERB-DB-ADJ
~"DB+Adverb+AsLongAs VERB-DB-ADVERB
“"DB+Adverb+When VERB-DB-ADVERB
~"DB+Adverb+ByDoingSo VERB-DB-ADVERB
~"DB+Adverb+AfterDoingSo VERB-DB-ADVERB
~"DB+Adverb+SinceDoingSo VERB-DB-ADVERB
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APPENDIX 5: LATTICE OF KAZAKH LANGUAGE

ANY

PRON-SUF ANY

NOUN ANY

POSTP ANY

NUMERAL ANY

ADJ-SUF ANY

ADVERB ANY

VERB-SUF ANY
PUNCTUATION ANY

Noun ANY

Verb ANY

Adverb ANY

Conj ANY

Adj ANY

Ques ANY

Prop ANY

PERSON-PRON PRON-SUF
Pron PRON-SUF
REFLEXIVE-PRON PRON-SUF
INDICATIVE-PRON PRON-SUF
INTERROGATIVE-PRON PRON-SUF
DEFINITE-PRON PRON-SUF
INDEFINITE-PRON PRON-SUF
NEGATIVE-PRON PRON-SUF
PersP PERSON-PRON

RefP REFLEXIVE-PRON
IndcP INDICATIVE-PRON
Intrg INTERROGATIVE-PRON
Indef DEFINITE-PRON
Negat INDEFINITE-PRON
Def NEGATIVE-PRON
NOUN-SUF ANY

NOUN-SUF ADJ-SUF ANY
NOUN-SUF PRON-SUF ANY
NOUN-AGR NOUN-SUF
NOUN-POSS NOUN-SUF
NOUN-CASE NOUN-SUF
A3sg NOUN-AGR VERB-AGR
A3pl NOUN-AGR VERB-AGR
Pnon NOUN-POSS

Plsg NOUN-POSS

P2sg NOUN-POSS

P2psg NOUN-POSS

P3sg NOUN-POSS

Plpl NOUN-POSS

P2pl NOUN-POSS

P2ppl NOUN-POSS

P3pl NOUN-POSS

Nom NOUN-CASE

Ins NOUN-CASE

Gen NOUN-CASE

Dat NOUN-CASE

Abl NOUN-CASE

Loc NOUN-CASE

Acc NOUN-CASE

NUM-SUF ANY

Num NUM-SUF

Card NUM-SUF

Ord NUM-SUF
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Coll NUM-SUF

Aprx NUM-SUF

ADJ-SUF ANY

COMP-ADJ ADJ-SUF
CompP COMP-ADJ

CompN COMP-ADJ
VERB-SUF ANY
VERB-SENSE VERB-SUF
Neg VERB-SENSE

Pos VERB-SENSE
VERB-TENSE VERB-SUF
PastNRINDF VERB-TENSE
PastDF VERB-TENSE
CondMD VERB-TENSE
ImpMD VERB-TENSE
OptMD VERB-TENSE
PresGO VERB-TENSE
FutTR VERB-TENSE
PresDF VERB-TENSE
FutINDF VERB-TENSE
FutGO VERB-TENSE
PastTR VERB-TENSE
PastNRDF VERB-TENSE
PresPR VERB-TENSE
Pres VERB-TENSE
VERB-AGR VERB-SUF
WISH-CLAUSE VERB-SUF
Alsg VERB-AGR

A2sg VERB-AGR

A2psg VERB-AGR

Alpl VERB-AGR

A2pl VERB-AGR

A2ppl VERB-AGR
WishClause WISH-CLAUSE
Postp POSTP

PCNom POSTP

PCAbl POSTP

PCDat POSTP

PCIns POSTP

PCGen POSTP

PRON-DB ANY

ADJ-DB ANY

NOUN-DB ANY
ADVERB-DB ANY
VERB-DB ANY

NUM-DB ANY
NUM-DB-NOUN NUM-DB
PRON-DB-ADJ PRON-DB
NOUN-DB-NOUN NOUN-DB
NOUN-DB-PRON NOUN-DB
NOUN-DB-ADJ NOUN-DB
NOUN-DB-ADVERB NOUN-DB
NOUN-DB-VERB NOUN-DB
PRON-DB-NOUN PRON-DB
PRON-DB-PRON PRON-DB
PRON-DB-VERB PRON-DB
ADVERB-DB-ADJ ADVERB-DB
VERB-DB-ADVERB VERB-DB
VERB-DB-VERB VERB-DB
VERB-DB-NOUN VERB-DB
VERB-DB-ADJ VERB-DB
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ADJ-DB-ADJ ADJ-DB

ADJ-DB-ADVERB ADJ-DB

ADJ-DB-VERB ADJ-DB

ADJ-DB-NOUN ADJ-DB

“"DB+Noun+Zero ADJ-DB-NOUN NUM-DB-NOUN PRON-DB-NOUN
~"DB+Adj+Zero ADJ-DB-ADJ NOUN-DB-ADJ
“"DB+Pron+Poss NOUN-DB-PRON
“"DB+Verb+Zero NOUN-DB-VERB
~*DB+Noun+Agtl NOUN-DB-NOUN
~*DB+Noun+Agt2 NOUN-DB-NOUN
“"DB+Noun+Smalll NOUN-DB-NOUN
“"DB+Noun+Small?2 NOUN-DB-NOUN
“"DB+Noun+Theme NOUN-DB-NOUN
~*DB+Noun+Group NOUN-DB-NOUN
“"DB+Noun+Rell NOUN-DB-NOUN
“"DB+Noun+Rel?2 NOUN-DB-NOUN
~“DB+Adj+Rel NOUN-DB-ADJ
“"DB+Noun+Place NOUN-DB-NOUN
~"DB+Adj+FitFor NOUN-DB-ADJ
~“DB+Adj+Group NOUN-DB-ADJ
~“DB+Adj+Between NOUN-DB-ADJ
~“DB+Adj+Agt2 NOUN-DB-ADJ
~“DB+Adj+Agtl NOUN-DB-ADJ
~"DB+Adj+With NOUN-DB-ADJ

~DB+Adj+gor NOUN-DB-ADJ

~“DB+Adj+goy NOUN-DB-ADJ
~"DB+Adj+Issue NOUN-DB-ADJ
~"DB+Adj+SeemAS NOUN-DB-ADJ
~“DB+Adj+As NOUN-DB-ADJ

~“DB+Adj+Asl NOUN-DB-ADJ

“"DB+Verb+Do NOUN-DB-VERB
“"DB+Verb+Perform NOUN-DB-VERRB
“"DB+Verb+SeemAs NOUN-DB-VERB
~*DB+Adverb+AccordingTol NOUN-DB-ADVERB
~"DB+Adverb+AccordingTo2 NOUN-DB-ADVERB
“"DB+Adverb+Asl NOUN-DB-ADVERB
“"DB+Adverb+As2 NOUN-DB-ADVERB
“"DB+Adverb+Zero NOUN-DB-ADVERB
~"DB+Adverb+InThatWay ADJ-DB-ADVERB
“"DB+Adverb+InThatTime ADJ-DB-ADVERB
“"DB+Adverb+InThatCause ADJ-DB-ADVERB
“"DB+Verb+sIn ADJ-DB-VERB

~"DB+Verb+Ay ADJ-DB-VERB

~"DB+Verb+Ip ADJ-DB-VERB

“"DB+Verb+PA ADJ-DB-VERB

~"DB+Adj+Time ADVERB-DB-ADJ
“"DB+Verb+Act ADVERB-DB-VERB NOUN-DB-ADJ
“"DB+Verb+Ref VERB-DB-VERB
“"DB+Verb+CausV VERB-DB-VERRB
“"DB+Verb+Passl VERB-DB-VERRB
“"DB+Verb+Pass?2 VERB-DB-VERRB
“"DB+Verb+Coll VERB-DB-VERB
“"DB+Verb+CausT VERB-DB-VERB
“"DB+Verb+CausD VERB-DB-VERRB
“"DB+Adverb+AsFarAs VERB-DB-ADVERB
~"DB+Adverb+ByDoingSo VERB-DB-ADVERB
~"DB+Adverb+ByDoningSo VERB-DB-ADVERB
~"DB+Adverb+AfterDoningSo VERB-DB-ADVERB
“"DB+Adverb+HabPart VERB-DB-ADVERB
“"DB+Adverb+As VERB-DB-ADVERB
“"DB+Adverb+InsteadOf VERB-DB-ADVERB
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~“DB+Adj+HabPart VERB-DB-ADJ
~"DB+Adj+FutPart VERB-DB-ADJ
~"DB+Adj+PastPart VERB-DB-ADJ
~"DB+Adj+Without VERB-DB-ADJ NOUN-DB-ADJ
“"DB+Noun+Inf VERB-DB-NOUN
“"DB+Noun+FutPart VERB-DB-NOUN
“"DB+Noun+PastPart VERB-DB-NOUN
“"DB+Noun+Position VERB-DB-NOUN
“"DB+Noun+WellDone VERB-DB-NOUN
“"DB+Noun+Item VERB-DB-NOUN
“"DB+Noun+Person VERB-DB-NOUN
“"DB+Noun+Job VERB-DB-NOUN
“"DB+Noun+Place VERB-DB-NOUN
“"DB+Noun+Item VERB-DB-NOUN
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1-

APPENDIX 6: TENSES AND THEIR PROPERTIES IN KAZAKH
LANGUAGE

Bornxamabl Kenep Wak (Future Indefinite Tense)

MeH (1) P1Sg MJH

6ia (we) P1PI MJa

ceH (you) P2Sg CJH
ceHgep (you *) P2PI
ci3 (you*) P2PSg | Verb | +ep cJ3

cisgep (you™)  P2PPI +p cJ3pAp

+
ap cJHOApP

on (he,she) P3Sg
onap (they) P3PI

(M—m,n,06), (J—bl, i), (A—a,e)

1-

2.

4-

Conserned of actions which are assumed to be performed in future.

If verb ends with consonant letter and vowel of last syllable is one of
BackVowel then suffix is —ap (ar), if vowel of last syllable is one of
FrontVowel then suffix is —ep (er) and if verb ends with vowel letter then
suffix is —p (r) . For example:

MeH epTeH aykeHre 6ap-ap-mbiH. (men erteN dUkenge bararmin) -/ will
probably go to market tomorrow

Negative form is made by adding negation suffixes 6a, 6e (ba/be), na, ne
(pa/pe), ma, me (ma/me) and after by adding suffix as —c (s) with proper
personal agreement.

For example:

MeH epTeH AykeHre 6ap-ma-c-nbiH. (Men erteN dUkenge barmaspln)-/ will
not probably go to market tomorrow

RULE B, RULE M, RULE J and RULE A are applicable.

2- MakcatTbl Kenep Llak (Future Goal Oriented Tense)

MeH (1) P1Sg MJH
6i3 (we) P1PI (Optional) MJ3
ceH (you) P2Sg CJH
ceHgep (you *) P2PI cJHOApP
ci3 (you*) P2PSg Verb +*MAQ +wd cJ3
cisgep (you™)  P2PPI cJ3pAp
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on (he,she) P3Sg -

onap (they) P3PI

(M—m,n,6), (J—bl, i), (A—a,e), (Q—kK, K)

1-

5-

Conserdned about actions which is planned to be performed in future.
For example:
MeH xa3-6ak-nbiH. -(men Zaz-bag-pln)- | am planning to write

If action is in more decided form than suffixes as SI/Si are added.

For example: MeH xa3-6ak-wbI-MbIH. (Men Zazbaqg-SI-min)-/ am going to
write or | intend to write

Negative form is constructed by negative auxilary verb EMEC with proper
personal agreement. For example: MeH xa3-6ak-wbl emecniH. (men
Zazbaq-SI| emespin)-I am not going to write

Without negative auxilary verb it can be occur in part participle form which

define noun.
RULE Q, RULE M, RULE J and RULE A are applicable.

3-Aybicnansl Kenep LWak (Future Transitional)

meH (1) P1Sg MJH
6i3 (we) P1PI MJ3
ceH (you) P2Sg CJH
+

ceHgep (you *) P2PI a cJHOApP
ci3 (you*) P2PSg | Verb | +e cJ3
cisgep (you™)  P2PPI +i cJ3pAp

he,sh P3S
on (he,she) g oy
onap (they) P3PI

(J—bl, i), (A—a,e)

1-

2-

This tense is between present and future tense for that reason itis
transitional. Future or present meaning of sentence is identified semantically.
Verbs are used without infinity suffix such as -y after verbal roots and letters
-a,-e,-n are added with proper agreement.
a) -a added to word which contains Back Vowels and ends with
Consonant
b) -e added to word which contains Front Vowels and ends with
Consonant
c) -n added to word which ends with Vowel.

For example: MeH xa3-a-MblIH. (men Zaz-a-mlin) —/ will write
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CeH Kasakwa cewne-n-ciH. (sen gazagSa sOyle-y-siN) — You will speak in
Kazakh

3- Verbs with infinity forms of ending —to (Y) such as
a) Koto (qoY)-to put
b) coto (soY)-to kill animal
c) Kyr (quY)-to pour
d) xaro (ZaY) -to strech
¢) wato (SaY)- to rinse
f) cyro (sUY)-to love

In fact verb koto (qoY) has infinity form kony (qoy-w) and after infinity suffix -y

(w) is dropped remained verb is as kou (qoy). Therefore tenses suffix which is —
a (a) is added to verb as kon-a-MbIH (qoy-a-min), rule of substituting of n+a=s
—na (ya) with -a (A) named “RULE Y” will occur. Then it becomes Kosi-MbIH
(qoA-min). However with verb cyt (sUY)-fo love, there is any conversion

happens thus it remains as it was. For Example:
MeH ceHi cyn-e-miH. (men seni sUy-e-min) — [ love you

MeH kode KyambIH. (men kofe quA-min) — | pour a coffee

4- With verbs like
a) OKy (oqw)- fo read
b) ecty (estw)- fo hear
c) peHxy (renZw)- to be offended
d) pamy (damw)- to improve
e) Kobanxy (qobalZw)- to worry
f) TaHy (tanw)- to recognize
g) epy (erw)- to follow
h) abblipxy (ablrZw)- to be concerned

Here, when infinity affix —y is dropped, vowels such as bl or i are
remained and when tense suffix is added which is —i, substitution

rule of (bI+i= n) named “RULE W” occurs. For example:

a) MeH oK-M-MbIH. (0ogw — men og-j-min) — I will read
b) MeH ecT-u-MiH. (estw — men est-j-min) — | will hear

5- Rule of CHTS(Converting Hard Letters to Soft ) is valid here.

6- This tense is used in fairy tails to tell about some actions happened in very
past.
For Example: KiwkeHTan KoHak yure 6ip Xanmaybi3 Kemnip Kesn-e-Ai.

(kiSkentay qonaq Uyge bir Zalmawz kempir keledi) — A witch came to little hall
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7- Negative form is produced by negation affixes 6a, 6e (ba/be), na, ne (pa/pe),
Ma, me (ma/me) and after letter —i (y) is added to verbs.Verbs with infinity
forms of ending —to (Y) such as

a) Kot (qoY)-to put

b) coto (soY)-to kill animal

c) Kyr (quY)-to pour

d) xatro (ZaY) —to strech

¢) wato (SaY)- to rinse

f) cyro (sUY)-to love after dropped infinity affix -y (w) the letter —n
(y) is remained and negation affixes are added.
For example: MeH Koi-ma-WMbIH. (men qoy-ma-ymin) -/ will not

put
With verbs like:

g) OKy oqw- fo read

h) ecty estw- fohear

i) peHxXy renZw- fo be offended

j) Aamy damw- fo improve

k) kob6anxy qobalZw- to worry

1) TaHy tanw- fo recognize

m) epy erw- to follow

n) abblpxy ablrZw- to be concerned

after dropped infinity suffix — y (w) the letters b1 ori (I or i) are

remained and negation suffixes are added whereafter. For example:

MeH ecT-i-Me-UMiH. (men estimeymin)- | will not hear

Interrogative forms are made by affixes 6a, 6e (ba/be), na, ne (pa/pe), ma, me
(ma/me) after verbs with proper personal agreements. Here A3Sg and A3PI
sometimes have optionality of adding dl/di suffixes. For example: Anma

TeaTpfa 6apa(abl) ma? (alma teatrGa bara(dl) ma?)-Will Alma go to a theater?

4-Xepnen Ot1keH LWak (Past Definite Tense)

MeH (1) P1Sg M
6i3 (we) P1PI Q
CeH (you) P2Sg H
ceHpaep (you *) P2PI HOApP
ci3 (you®) P2PSg | Verb | +DJ+ HJ3
cisgep (you™)  P2PPI HJ3O0Ap
on (he,she) P3Sg -
onap (they) P3PI
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(J—bl, i), (A—a.e), (Q—K, k), (D—A,T)

1- Conserned of actions which are definitely performed in past.
2- Infinity suffix of verb as -y (w) is dropped and dJ suffix of Past Definite tense
is added with proper personal agreement.
a) RULE D is valid for adding suffixes of tense to verbs
MeH KeT-Ti-M (men ket-ti-m)- / left

MeH Xa3-Abl-M (men Zaz-dl-m)- / left

b) RULE J, RULE A are valid for Vowel Harmony
3- RULE Y!is valid here with verbs having last letter of Y in infinite form.
For example:
MeH Kyu-Aabl-M. (men quy-dIim)- / poured
MeH Xou-Aabl-M. (men Zoy-dIm)- | cancelled
4- Negative form is made by adding negation suffixes 6a, 6e (ba/be), na, ne

(pa/pe), ma, me (ma/me) and after by adding tense suffix which is DJ with

proper personal agreement.
5- RULE D, RULE W!, RULE Y! And RULE Q are valid.

5-Aunraktbl BypbiHFbl ©OTKkeH LLlak (Past Narrative Definite Tense)

MeH (1) P1Sg MJH
6i3 (we) P1PI 6J3
ceH (you) P2Sg CJH
+GAH+

ceHgep (you *) P2PI cJHOApP
ci3 (you*) P2PSg | Verb | +QAH+ cJ3
cisagep (you™)  P2PPI cJ3pAp
on (he,she) P3Sg )
onap (they) P3PI

(J—bl, i), (A—a,e), (Q—k, k), (G—F,r)

1- Spesifies the time of action which had been done in past with witnesses.

2- Suffixes -FaH -reH (Gan/gen), -KaH, -KeH (qan/ken) are added to verbs
which are used without infinity suffix such as —y after verbal roots then
added proper personal agreements.

For example:
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a) bi3 aybinfa xaT xi6ep-reH-6i3 (biz awllGa xat Zibergenbiz)-It is known
that we sent a letter to village

b) ceH kelwe aykeHre 6ap-raH-cbiH (sen keSe dUkenge bar-Gan-sIN)-/t is
known that you went to market yesterday

3- RULE Y! is applicable for related verbs.
For example:

KO — KONy —KoM-FaH (qoY — qoyw — qoy-Gan)-to put

4- RULE W!is applicable for related verbs.
For example:

OKy— OKbl — OKbl-FaH (oqw — oql — oql-Gan)-to read
5- Negative form constructed in two ways:

a. negation suffixes 6a, 6e (ba/be), na, ne (pa/pe), ma, me (ma/me)
added to verbs and after that tense suffix is added
b. after verb is taken tenses suffix and then with negative auxilary verbs
such as xok (Zoq) , emec (emes)
6- RULE Q, RULE G, RULE W!, RULE Y!, RULE A And RULE J are
applicable.

6-Aunrakcbi3 BypbiHFbl OTKeH LLak (Past Narrative Indefinite Tense)

meH (1) P1Sg nJH
6i3 (we) P1PI (VK]
ceH (you) P2Sg CJH
+bin+
ceHgep (you *) P2PI cJHOApP
ci3 (you*) P2PSg | Verb | +in+ cJs3
cisgep (you™)  P2PPI +n+ cJ3pAp
on (he,she) P3Sg -
onap (they) P3PI
(J—bl, i), (A—a,e)

1- Defines the time of action which had been done in past without witnesses or
indefinite time of action.

2- Suffixes —biIn, -in, -n (Ip /ip / p) are added to verbs with proper personal
agreement. For example: ci3 ayblnfa xaT xi6ep-in-ci3. (siz awllGa xat
Ziberipsiz)-You probably send a letter to village

3- Negative form is constructed by negation suffixes ba/be, pa/pe, ma/me
added to verbs and after that tense suffix -p(n) added to verbs.
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4- RULE V is valid. For example:
Teby — Teyin (tebw— tew-ip) -to ride

5- RULE J, RULE H, RULE A and RULE V are applicable.

For example: On e3iHiH gocbiMmeH Ke3pec-ne-n-Ti (ol OziniN dosimen kezdes-

pe-p-ti) —He probably did not meet with his friend.

7-Aybicnanbl ©TkeH Lak (Past Transitional Tense)

MeH (1) P1Sg MJH
6i3 (we) P1PI 6J3
ceH (you) P2Sg CJH
+ATJH+

ceHgep (you *) P2PI cJHOApP
ci3 (you*) P2PSg | Verb | +ATJH+ cJ3
cisgep (you™)  P2PPI cJ3nAp
on (he,she) P3Sg )
onap (they) P3PI

(J—bl, i), (A—a,e)

3-
4-

Defines the time of action which is continuously or regularly has been
done in past

Suffixes —ATJH, -UTJH are added to verbs with proper personal
agreements.

RULE J and RULE A are valid.

For example:

6i3 MbiHa yinge TypatbiH6bI3. (biz mina Uyde turatinblz)- We

had been living in this house

5-

RULE Y is valid for this tense.
For example:

KOK— KOWY—KOM-a-TblH — KOSI-TbIH (QOY— gqoyw— qoy-atin —

qoA-tin) -to put

6- RULE W is valid for this tense.

For example:
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OKYy— OKbl — OKbI-UTbIH — OK-U-TbIH (0OqQW — 0ql — oql-ytIn — oqj-

tIn) -to read

7- Negative form is constructed by adding negation suffixes such as 6a,
6e (ba/be), na, ne (pa/pe), ma, me (ma/me) added to verbs and after
that tense suffix AtJn is added with proper personal agreements.

8-MakcatTbl Ochl WWak (Present Goal Oriented Tense)

MeH (1) P1Sg MJH

6i3 (we) P1PI Auxilary mJ3
Verbs

ceH (you) P2Sg CJH

ceHgep (you *)  P2PI VP cJHOApP

ci3 (you*) P2PSg Verb +*QAnJ | xyp cJ3

, +GAnJ | oTbIp

cisagep (you™)  P2PPI cJ3pAp
XaTbIp

on (he,she) P3Sg -

onap (they) P3PI

(M—mMm,n,06), (J—bl, i), (A—a,e), (Q—K, K), (G—fF, T)

1- Conserned about actions which is planned to be performed at that
moment.
For example:
MeH >xa3-fanbl TypMbiH.(men Zaz-Gall turmin)-/ am planning to write
now

2- Suffixes — Gaad, -QAxad added to verb and with suitable auxilary verb
formed with proper tense and personal agreement.

3- If auxilary is not used then this can be occured as deverbal adverb which

refers to an adverb derived from a verb.
For example:

Ci3 antkanbl MeH onnaHabiM.(siz ayt-qall men oylandim) -/ thought after

that you said

4- Negative form is constructed by negation suffixes 6a, 6e (ba/be), na, ne
(pa/pe), ma, me (ma/me) and after suffixes are added to verbs with
suitable auxilary verb with proper personal agreement.

9-Nan Ockl WWak (Present Progressive Tense)
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MeH (1) P1Sg MJH
6i3 (we) P1PI mMJ3
ceH (you) P2Sg CJH
ceHgep (you *)  P2PI cJHOApP
ci3 (you*) P2PSg | Verb | +DA+ cJs3
cisagep (you™)  P2PPI cJ3pAp
on (he,she) P3Sg

onap (they) P3PI

(J—bl, i), (A—a,e), (D—pa,T)

1- Conserned about actions which is on progress at that moment.
2- Suffixes -DA added to verbs in infinity form and with suitable personal
agreement.

For example:
MeH Xa3y-Aa-MbIH. (men Zazw-da-min)-I am writing now
3- RULE A is valid.
For example:
ci3 anty-pa-cbi3. (siz aytw-da- slz) -You are saying
MeH Tasanay- Aa-MbliH. (men tazalaw-da-min)-/ am cleaning

CeH Ke3aecy-ae-ciH. (sen kezdesw- de-siN) -you are meeting

4- Negative form is constructed by negation suffixes 6a, 6e (ba/be), na, ne
(pa/pe), ma, me (ma/me) added to infinity form of verb and ended with
proper personal agreement.

For example:

ci3 anT-nay-aa-cbi3. (siz ayt-pa-wda- slz) -You are not saying

MeH Tasana-may-ga-mbiH. (men tazala-maw-da-min)-/ am not

cleaning

ceH ke3pec-ney-ge-ciH. (sen kezdes-pew-de-siN) -You are not

meeting
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5- In Negative case RULE Y! is valid.

For example:

MeH Kyu-mMay-aa-mbiH. (men quy-maw-damin)-/ am

10-Hak Ochli Wak (Present Definite Tense)

not pouring

MeH (1) P1Sg
6i3 (we) P1PI
ceH (you) P2Sg

+bIn
ceHgep (you *) P2PI
ci3 (you®) P2PSg | Verb | +in
cisgep (you™)  P2PPI +n
on (he,she) P3Sg
onap (they) P3PI

Auxilary Verbs

TYp
Xyp
oTbIp

XaTbIp

MJH

MJ3

cJH
cJHOApP
cJ3

cJ3pAp

(J—)bl, i), (A—>a,e)

1. Conserned about actions which is on progress at that moment according to

physical condition of doer.

Position of Object Period of
Auxilary Verbs while Performing Main | Performed Main Usage
Verb Verb

Typ- stand in stand position very short At the moment

XYp - go in action position short Continuously

OTbIp -sit in sitting position long Only with living

things
xaTblp -lie in lieing position very long Throughout activity

2. Suffixes —bIn, -in, -n added to verb in INFOFORM and with suitable auxilary

verb formed with proper tense and personal agreement.

1- verbs which end with 6, here 6 is substituted by y.

For example:

a) xaby — xaybin (Zabw — Zawlp)- to close
b) Teby — Teyin (tebw— tewip)- to drive
c) Taby — Taysbin (tabw— tawlp)- to find

2- verbs which end with 1o, here it is substituted by i

For example:
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a) Kor — Kkombin (qoY— qoylp )-to put
b) cor — conbin (soY— soylp )-to cut

3- With verbs such as 6apy, keny, anapy, akeny only auxilary verb xatbip
is used.
4- Negative form is formed in two ways:

1) 6a, 6e (ba/be), na, ne (pa/pe), ma, Mme (ma/me) negation suffixes
are added to verbs and then the letter u is added. After suitable
auxilary verb with proper agreement according to semantic
meaning is added.For example :

MeH Kon-ma-in Typ-MbIH. (Men qoy-ma-y tur-min)-/ am not putting

2) —FaH, -reH, -KaH, -keH (gan/ken, Gan/gen) affixes are added to
auxilary verbs and an other auxilary verb that is xok (Zoq) comes
after with proper agreement.

MeH KoubIn TypfaH XoKknblH. (Men qoy-Ip turGan Zog-pln)-/ am
not putting

Transcription and Rules are given in Appendix 7 and Appendix 8.
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APPENDIX 7: LATIN REPRESENTATION AND TRANSCRIPTION
OF KAZAKH LETTERS

Kazakh Letters
in Cyrillic

Transcription | A |® b |V |g

[(e]
o
(¢}

N
N
=~

o)
3
-]

Latin
Representation

Kazakh Letters
in Cyrillic

Transcription | 3- | p|r|s |t gy |y |ul|f|h|eks|ts |e|f|ff|!]]

Latin
Representation
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APPENDIX 8: TABLE OF ALTERNATION RULES OF KAZAKH

LANGUAGE
Name of Rule Explanation Verbs Used Examples
XKYPY—XYp
RULE INFO Infinity Verb-y all verbs ZUrw—ZUr
to walk—walk
verbs which KOMn-a-MbIH—KOSI-MbIH
RULE Y n+a=4q ends with i goy-a-mln — qoA-min
I'll put
verbs which KYH—KYNy—KyN-Abl-M
RULE Y! -y =1 ends with to quY—quyw—quydim
I poured
[VLS] =BackVowel then
verbs whose
A—a XXuHay-aa,
vowel of last .
ictey-ge
RULE A syllable is _ _
[VLS] =FrontVowel then Zjnaw-da, istew-de
backvowel or ] ]
A—e collecting, doing
frontvowel
[VLS] =BackVowel then ecTi-aJ — ecrTi-pi
verbs whose
J—bl XWHa-gJ— XuHa-abl
vowel of last o
) esti-dJ—esti-di
RULE J syllable is . .
[VLS] =FrontVowel then Zjna-dJ—Zjnadl
backvowel or
J—i heard
frontvowel
collected
bl+ N =W some special OKbl-UbIH — OK-U-bIH
RULE W verbs which end oql-yln — og-j-In
i+1n=n with bl or i | shall read
OKY—OK-bl-Abl
) reverse of RULE
RULE W! Verb—y=sblori W ogw—oql-dI
read
LL# = UnVCons then verbs whose KeT-Ti-M
Dot last letter is Xa3-abl-M
RULE D
unvoiced ket-ti-m
LL# = [UnVCons] then consonant Zaz-dl-m
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D—n

| left, | wrote

RULE V

Verb + Vowel+n

verbs which

ends with 6 in

Xaby — xaybin

Zabw—Zawlp

then6 —y
INFO form to close
TOK— TOrin
TbIK— TbIFbIN
Verb + Vowel then Kayan— jayabbl
K— T tOk— tOg-ip
verbs which
CHTS RULE K— F tlg— tIG-Ip
ends with k, n, K
n—0 Zawap— Zawab-|
to spill
to hide
answer
verbs whose
[VLS] = BackVowel vowel of last
LL# = VCons& syllable is XKUHaA—XKXUHa-F-bIM
SonCons then backvowel or Ken—Ken-r-im
G—r frontvowel and Zjna—Zjna-G-Im
RULE G [VLS] = FrontVowel last letter is kel— kel-g-im
LL# = VCons& voiced to pick off
SonCons then consonant or to come
Gor sonorous
consonant
6apy—b6ap-a-p
LL# = Cons
Keny—Ken-e-p
then B— A
verbs whose erey—ere-p
RULE B LL# = Vowel last letter is barw—bar-a-r
then B— O(nullor) consonant or kelw— kel-e-r
egew— ege-r
vowel
to arrive
to come
to sharpen
LL# = Cons verbs whose 6apy—6ap-bi-n
RULE H
then H— J last letter is Keny—kKen-i-n
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LL# = Vowel
then H— O(nullor)

consonant or

vowel

ere—ere-n
barw—bar-I-p
kelw— kel-i-p

egew— ege-p

to arrive
to come
to sharpen
LL# = UnvCons
verbs whose 3aH-rep
then .
last letter is IC-Kep
K— Kk
unvoiced zaN-ger
RULE K
consonant or is-ker
LL# = [UnvCons] .
then not unvoiced lawyer
K consonant laborer
[VLS] = BackVowel ) G6apma-K
then verbs whose KenMe-K
vowel of last
Q—K bar-ma-q
RULE Q syllable is
[VLS] = FrontVowel kel-me-k
backvowel or
thal frontvowel going to arrive
Q- going to come
LL# = UnvCons then 6ap-ma
M verbs whose
—n
last letter is Xa3-0a
unvoiced Tan-na
LL# = VCons&
consonant, bar-ma
SonCons?2
RULE M voiced Zaz-ba
then M— ©
consonant, tap-pa
LL# = Vowel& Sonorous shall not go
SonCons1 consonant or shall not write
then M— m vowel shall not find

e VLS - Vowel of last Syllable
e LL# - Last Letter of a Word
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