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Chapter 1

Introduction

“When I look at an article in Russian, I say: ‘This is really written in English, but

ERE 2]

it has been coded in some strange symbols. I will now proceed to decode’.

(Warren Weaver, 1947)

1.1 Motivation

In the last two decades, the Statistical Machine Translation (SMT) (Brown et al., 1993)
method has garnered a lot of attention as compared to the Rule-based Machine
Translation (RBMT) and Interlingua-based MT or Example-based MT (EBMT) (Nago,
1984) in the field of Machine Translation (MT), especially after the availability of Moses
(details provided in chapter 4) open source toolkit (Koehn et al., 2007). However, it is
also imperative to note that the neural model for resolving machine related tasks has also
gained a lot of momentum during the recent past after it was proposed by Kalchbrenner
and Blunsom (2013), Sutskever et al (2014) and Cho et al. (2014). The neural machine
translation method is different from the traditional phrase-based statistical machine
translation system (see below section or follow Koehn et al., 2003 article). The latter
consists of many small sub-components that are individually trained and tuned whereas
the neural machine translation method attempts to build and formulate a large neural
network and fine tunes it as a whole. This means the single, large neural network reads
sentences and offers correct translation as an output. Presently, there are many NMT open
source toolkits that can be accessed by translators such as OpenNMT (Klein et al., 2017),
Neural Monkey (Helcl et al., 2017), Nematus (Sennrich et al., 2017) etc. Although, there
seem to be many advantages to the NMT method, there are also challenges as it continues
to underperform when it comes to low-resource languages such as the Indian languages.
The SMT, on the other hand, can produce better results in English languages (Ojha et al.,
2018) even on small corpus whereas, the NMT cannot. Due to its vast and complex neural
network, the NMT requires a longer time to be tuned or trained. Moreover, training the

NMT also depends on the system configuration. For instance, if the NMT system is



trained on a GPU-based system or a cluster machine then the time taken is less than CPU

which can take up to more time (may be three weeks to a month).

There have been remarkable improvements in the field of MT (machine translations) and
high-quality MT can be obtained for rich-resourced language pairs such as English-
German, German-English, French-English, Spanish-English. This is because these
language pairs are known to have overlaps in linguistic properties, structure, and
phenomena including vocabulary, cognate, and grammar. Nevertheless, these MT
systems are still not near perfection and usually offer unsatisfactory outputs when it
comes to English-Indian languages. This is because English-Indian Languages (E-ILs)/
Indian-English (ILs-E) or Indian-Indian languages (ILs-ILs) consist of complicated
structures such as the free-word order, morphological richness, and belongs to different
language families, etc. According to Ojha et al. (2014) in the SMT, most of incorrect
translations occur mainly due to the following reasons: morph analysis, tokenization, and

grammatical differences (including word order, agreement etc.).

During the course of my PhD research, I collected a sample of English-Hindi and Hindi-
English MT translations and have presented them below. (These Hindi-English MT
systems translations were taken from Ojha et al. (2014) article). These examples also
show a progressive trend in the quality of Google and Bing MT’s translations from 2014-

2018,

e English-Hindi MT

(a) Where did you hide the can opener? (ISZ)
s fRaT St =t et e (AngO)
AT el GIATATAT Fogl [SATAT? (AnuO)

The output of other Indian MT systems (AnglaBharati, Anusaraka, Mantra, Matra) are not given due to
their unavailability and also because they do not support Hindi-English translation.
* Is= Input sentence, AngO= AnglaBharti output, AnuO= Anusiraka output, ManO= Mantra output,
MatO= Matra output, Go-2014= Google output in 2014, GO-2018 = Google output in 2018, BO-2014=

Bing output in 2014, BO-2018 = Bing output in 2018



STef 3T g3 ST TTEes X aTeT gard &

AT e G FTAT {1 v

T G T Thd g Fgl [T =q77?

AT FATHT ToASTST T Fgl [GUTAT?

SRl ST TATHT FoetaTsT T qehd fogdT 9T ?

AT T Al & AATHT FocAaTsT Fgl fuT gam?

Manual Translation: TN THA @A ATAT Fgl =GATAT?
¢ Hindi-English MT
(b) TS AT, FATE ?

HIV what is it?

HIV. What is it?

What is the HIV?

What is HIV?

Manual Translation: What is the HIV?
(c) TE ST E |

He is.

He goes.

She goes.

He goes.

(ManO)

(MatO)

(GO-2014)

(GO-2018)

(BO-2014)

(BO-2018)

(S)

(GO-2014)
(GO-2018)
(BO-2014)

(BO-2018)

S)

(GO-2014)
(GO-2018)
(BO-2014)

(BO-2018)



Manual Translation: She goes.

(d) X ST HaT 3w v fAe gerd (IS)
Mix and cook one minute, add Cuare (GO-2014)
Add the spices and cook for a minute. (GO-2018)
One minute into the match and put chuare (BO-2014)
Add the Chuare and cook for a minute. (BO-2018)

Manual Translation: Put date palm, stir and cook for a minute.

The most common issues found in the above mentioned examples when analyzed were
related to word-order, morph issue, gender agreement, incorrect word, etc. Consequently,
the most important task at hand is to work on improving the accuracy of the already in-
place and developed MT systems and to further develop MT systems for the languages
that have not yet been accessed or explored using the statistical method. Improving upon
an MT system poses a huge challenge because of many limitations and restrictions. So,
now the question arises as how can we improve the accuracy and fluency of the available

MTs?

Dependency structures, which can be utilized to tackle the afore-mentioned problems,
represent a sentence as a set of dependency relations applying the principles of
dependency grammar’. Under ordinary circumstances, dependency relations create a tree
structure to connect all the words in a sentence. Dependency structures have found to
have their use in several theories dwelling on semantic structures, for example, in theories
dwelling on semantic relations/cases/theta roles (where arguments have defined semantic
relations to the head/predicate) or in the predicate (arguments depend on the predicate). A
salient feature of dependency structures is their ability to represent long distance
dependency between words with local structures.

A dependency-based approach to solving the problem of word and phrase reordering

weakens the requirement for long distance relations which become local in dependency

*a type of grammar formalism



tree structures. This particular property is attractive when machine translation is supposed
to engage with languages with diverse word orders, such as diversity between subject-
verb-object (SVO) and subject-object-verb (SOV) languages; long distance reordering
becomes one of the principle features. Dependency structures target lexical items directly,
which turn out to be simpler in form when compared with phrase-structure trees since
constituent labels are missing. Dependencies are typically meaningful - i.e. they usually
carry semantic relations and are more abstract than their surface order. Moreover,
dependency relations between words model the semantic structure of a sentence directly.
As such, dependency trees are desirable prior models for the process of preserving
semantic structures from source to target language through translation. Dependency
structures have been known to be a promising direction for several components of SMT
(Ma et al., 2008; Shen et al., 2010; Mi and Liu, 2010; Venkatpathy, 2010, Bach, 2012)

such as word alignment, translation models and language models.

Therefore in this work, I had proposed research on English-Indian language SMT with
special reference to English-Bhojpuri language pair using the Karaka model based
dependency (known as Paninian Dependency) parsing. The Paninian Dependency is more
suitable for Indian languages to parse at syntactico-semantic levels as compared to other
models like phrase structure and Government of Binding theory (GB) (Kiparsky et al.,
1969). Many researchers have also reported that the Paninian Dependency (PD) is helpful
for MT system and NLP applications (Bharati et al., 1995).

1.2 Methodology

For the present research, firstly Bhojpuri corpus was created both monolingual (Bhojpuri)
and parallel (English-Bhojpuri). After the corpus creation, the corpora were annotated at
the POS level (for both SL and TL) and at the dependency level (only SL). For the
dependency annotation both PD and UD frameworks were used. Then, the MT system
was trained using the statistical methods. Finally, evaluation methods (automatic and
human) were followed to evaluate the developed EB-SMT systems. Furthermore, the
comparative study of PD and UD based EB-SMT systems was also conducted. These

processes have been briefly described below:



e Corpus Creation: There is a big challenge to collect data for the corpus. For this
research work, 65,000 English-Bhojpuri parallel sentences and 100000 sentences

for monolingual corpora have been created.

e Annotation: After corpus collection, these corpora have been annotated and
validated. In this process, Karaka and Universal models have been used for

dependency parsing annotation.

e System Development: The Moses toolkit has been used to train the EB-SMT

systems.

e Evaluation: After training, the EB-SMT systems have been evaluated. The

problems of EB-SMT systems have been listed in the research.

1.3 Thesis Contribution
There are five main contributions of this thesis:

e The thesis studies the available English-Indian Language Machine Translation

System (E-ILMTS) (given in the below section).

e It presents a feasibility study of Karaka model for using the SMT between
English-Indian languages with special reference to the English-Bhojpuri pair (see

chapter 2 and 4).
e Creation of LT resources for Bhojpuri (see chapter 3).

e An R&D method has been initiated towards developing an English-Bhojpuri SMT
(EB-SMT) system using the Karaka and the Universal dependency model for
dependency based tree-to-string SMT model (see chapter 4).

e A documentation of the problems has been secured that enlists the challenges
faced during the EB-SMT system and another list of current and future challenges
for E-ILMTS with reference of the English-Bhojpuri pair has been curated. (see
chapter 5 and 6).



1.4 Bhojpuri Language: An Overview

Bhojpuri is an Eastern Indo-Aryan language, spoken by approximately 5,05,79,447
(Census of India Report, 2011) people, primarily in northern India which consist of the
Purvanchal region of Uttar Pradesh, western part of Bihar, and north-western part of
Jharkhand. It also has significant diaspora outside India, e.g. in Mauritius, Nepal, Guyana,
Suriname, and Fiji. Verma (2003) recognises four distinct varieties of Bhojpuri spoken in

India (shown in Figure 1.1, it has adopted from Verma, 2003):

1. Standard Bhojpuri (also referred to as Southern Standard): spoken in, Rohtas,

Saran, and some part of Champaran in Bihar, and Ballia and eastern Ghazipur in

Uttar Pradesh (UP).

2. Northern Bhojpuri: spoken in Deoria, Gorakhpur, and Basti in Uttar Pradesh, and

some parts of Champaran in Bihar.

3. Western Bhojpuri: spoken in the following areas of UP: Azamgarh, Ghazipur,

Mirzapur and Varanasi.

4. Nagpuria: spoken in the south of the river Son, in the Palamu and Ranchi districts

in Bihar.

Verma (2003) mentions there could be a fifth variety namely ‘Tharu” Bhojpuri which is
spoken in the Nepal Terai and the adjoining areas in the upper strips of Uttar Pradesh and

Bihar, from Baharaich to Champaran.

Bhojpuri is an inflecting language and is almost suffixing. Nouns are inflected for case,
number, gender and person while verbs can be inflected for mood, aspect, tense and phi-
agreement. Some adjectives are also inflected for phi-agreement. Unlike Hindi but like
other Eastern Indo-Aryan languages, Bhojpuri uses numeral classifiers such as Tho, go,

The, kho etc. which vary depending on the dialect.

Syntactically, Bhojpuri is SOV with quite free word-order, and generally head final, wh-
in-situ language. It allows pro drop of all arguments and shows person, number and
gender agreement in the verbal domain. An interesting feature of the language is that it
also marks honorificity of the subject in the verbal domain. Unlike Hindi, Bhojpuri has

nominative-accusative case system with differential object marking. Nominative can be



considered unmarked case in Bhojpuri while other cases (in total six or seven) are marked
through postpositions. Unlike Hindi, Bhojpuri does not have oblique case. However, like
Hindi, Bhojpuri has series of complex verb constructions such as conjunct verb

constructions and serial verb constructions.
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Figure 1. 1: Areas showing Different Bhojpuri Varieties

On the other hand, Hindi and English are very popular languages. Hindi is one of the
scheduled languages of India. While English is spoken worldwide and now considered as

an international language; Hindi and English are official languages of India.



1.5 Machine Translation (MT)

A MT is an application that translates the source language (SL) into target-language (TL)
with the help of a computer. MT is one of the most important NLP applications.
Previously, the MTs were only used for text translations but currently, they are also
employed for image-to-text translation as well as speech-to-speech translations. A
machine translation system usually operates on three broad types of approaches: rule-
based, corpus-based, and hybrid-based. The author has explained these approaches very
briefly, below. Details of each approach can also be found in the following sources —
Hutchins and Somers, 1992, 'An Introduction to Machine Translation' and Bhattacharyya,

2015 ‘Machine Translation’; Poibeau, 2017 ‘Machine Translation’).

¢ Rule-based MT: Rule-based MT techniques are linguistically oriented as the
method requires dictionary and grammar to understand syntactic, semantic, and
morphological aspects of both languages. The primary objective of this approach
is to derive the shortest path from one language to another, using rules of
grammar. The RBMT approach is further classified into three categories: (a)
Direct MT, (b) Transfer based MT, and (c) Interlingua based MT. All these
categories require an intensive and in-depth knowledge of linguistics and the
method becomes progressively complex to employ when one moves from one

category to the other.

e Corpus-based MT: This method uses and relies on previous translations
collected over time to propose translations of new sentences using the
statistical/neural model. This method is divided into three main subgroups:
EBMT, SMT, and NMT. In these subgroups, EBMT (Nagao, 1984; Carl and Way,
2003) presents translation by analogy. A parallel corpus is required for this, but
instead of assigning probabilities to words, it tries to learn by example or using

previous data as sample.

e Hybrid-based MT: As the name suggests, this method employs techniques of
both rule-based and statistical/corpus based methods to devise a more accurate
translation technique. First the rule-based MT is used to present a translation and

then statistical method is used to offer correct translation.



1.6 An Overview of SMT

The SMT system is a probabilistic model automatically inducing data from corpora. The
core SMT methods (Brown et al., 1990, 1993; Koehn et al., 2003) - emerged in the 1990s
and matured in the 2000s to become a commonly used method. The SMT learnt direct
correspondence between surface forms in the two languages, without requiring abstract
linguistic representations. The main advantages of SMT are versatility and cost-
effectiveness: in principle, the same modeling framework can be applied to any pair of
language with minimal human effort or over the top technical modifications. The SMT
has three basic components: translation model, language model, and decoder (shown in
Figure 1.2). Classic SMT systems implement the noisy channel model (Guthmann, 2006):
given a sentence in the source language ‘e’ (denotes to English), we try to choose the
translation in language ‘b’ (denotes to Bhojpuri) that maximizes(ble). According to

Bayes rule (Koehn, 2010), this can be rewritten as:
argmax, p(ble) = argmax. p(e|b)p(b) (1.1

p(b)is materialized with a language model — typically, a smoothed n-gram language
model in the target language — and p(e|b) with a translation model — a model induced from
the parallel corpora - aligned documents which are, basically, the translation of each
other. There are several different methods that have been used to implement the
translation model, and other models such as fertility and reordering models have also
been employed, since the first translation schemes proposed by the IBM Models* were
used 1 through 5 in the late 1980s (Brown et al, 1993). Finally, it comes down to the
decoder that is an algorithm which calculates and selects the most probable and

appropriate translation out of several possibilities derived from the models at hand.

The paradigms of SMT have emerged from word-based translations (Brown et al., 1993)
and also from phrase-based translations (Zens et al., 2002; Koehn et al., 2003; Koehn,
2004). , Hierarchical Phrase-based translation (Chiang, 2005; Li et al, 2012), Factor-based
translation (Koehn et al., 2007; Axelrod, 2006; Hoang, 2011), and Syntax-based
translation (Yamada and Knight, 2001; Galley et al., 2004; Quirk et al., 2005; Liu et al.,

* See chapter 4 for detailed information

10



2006; Zollmann and Venugopal, 2006; Williams et al., 2014; Williams et al., 2016). All

these have been explained briefly in the sub-sections below.

English-Bhojpuri parallel Bhojpuri (Target)
(Source /Target) corpus monolingual corpus
Statistical analysis Statistical analysis
Translation Model Language Model
Decoding Algorithm

Figure 1. 2: Architecture of SMT System
1.6.1 Phrase-based SMT (PBSMT)

Word-based translation (Brown et al., 1993) models are based on the independent
assumption that translation probabilities can be estimated at a word-level while ignoring
the context that word occurs in. This assumption usually falters when it comes to natural
languages. The translation of a word may depend on its context for morpho-syntactic
reasons (e.g. agreement within noun phrases), or because it is part of an idiomatic
expression that cannot be translated literally or compositionally in another language
which may not bear the same structures. Also, some (but not all) translation ambiguities

can be disambiguated in a larger context.

Phrase-based SMT (PBSMT) is driven by a phrase-based translation model, which

connects, relates, and picks phrases (contiguous segments of words) in the source to

11



match with those in the target language. (Och and Ney, 2004). A generative tale of

PBSMT systems goes on in the following manner:
e source sentence is segmented into phrases
e each phrase-based unit represented on phrase tables is translated
e translated phrases are permuted in their final order

Koehn et al. (2003) examines various methods by which phrase translation pairs can be
extracted from any parallel corpus in order to offer phrase translation probabilities and
other features that match the target language accurately. Phrase pair extraction is based on
the symmetrical results of the IBM word alignment algorithms (Brown et al., 1993). After
that all phrase pairs, consistent with word alignment (Och et al., 1999), are extracted that
only intravenous word alignment has taken place which means that words from the source
phrase and target phrase are aligned with each other only and not with any words outside
each other’s domain. Relative frequency is used to arrive at an estimate about the phrase

translation probabilities(e|b).

While using the phrase-based models, one has to be mindful of the fact that a sequence of
words can be treated as a single translation unit by the MT system. And, increasing the
length of the unit may not yield accurate translation as the longer phrase units will be
limited due to data scarcity. Long phrases are not as frequent and many are specific to the
module developed during training. Such low frequencies bear no result and the relative
frequencies result in unreliable probability estimates. Thus, Koehn et al. (2003) proposes
that lexical weights may be added to phrase pairs as an extra feature. These lexical
weights are obtained from the IBM word alignment probabilities. They are preferred over
directly estimated probabilities as they are less prone to data sparseness. Foster et al.
(2006) introduced more smoothing methods for phrase tables (sample are shown in the
chapter 4), all aimed at penalizing probability distributions that are unfit for translation
and overqualified for the training data because of data sparseness. The search in phrase-

based machine translation is done using heuristic scoring functions based on beam search.

A beam search phrase-based decoder (Vogel, 2003; Koehn et al., 2007) employs a
process that consists of two stages. The first stage builds a translation lattice based on its

existing corpus. The second stage searches for the best path available through the lattice.
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This translation lattice is created by obtaining all available translation pairs from the
translation models for a given source sentence, which are then inserted into a lattice to
deduce a suitable output. These translation pairs include words/ phrases from the source
sentence. The decoder inserts an extra edge for every phrase pair and pastes the target
sentence and translation scores to this edge. The translation lattice then holds a large
number of probable paths covering each source word exactly once (a combination of
partial translations of words or phrases). These translation hypotheses will greatly vary in
quality and the decoder will make use of various knowledge sources and scores to find
the best possible path to arrive at a translation hypothesis. It is that this step that one can
also perform limited reordering within the found translation hypotheses. To supervise the
search process, each state in the translation lattice is associated with two costs, current
and future translation costs. The future cost is an assessment made for translation of the
remaining words in any source sentence. The current cost refers to the total cost of those
phrases that have been translated in the current partial hypothesis that is the sum of

features’ costs.
1.6.2 Factor-based SMT (FBSMT)

The idea of factored translation models was proposed by Koehn & Hoang (Koehn and
Hoang, 2007). In this methodology, the basic unit of language is a vector, annotated with
multiple levels of information for the words of the phrase, such as lemma, morphology,
part-of-speech (POS) etc. This information extends to the generation step too, i.e. this
system also allows translation without any surface form information, making use of
instead the abstract levels which are first translated and the surface form is then generated
from these using only the target-side operations (shown in Figure 1.3, taken from Koehn,
2010). Thus, it is preferable to model translation between morphologically rich languages
at the level of lemmas, and thus collect the proof for different word forms that derive

from a common lemma.
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Input Output

word O O word
lemma O—» lemma

part-of-speech part-of-speech

morphology morphology

Figure 1. 3: Workflow of Decomposition of Factored Translation Model

Koehn & Hoang’s experiments indicate that translation improves in the event of data
sparseness. They also exhibit an effect that wears off while moving towards larger
amounts of training data. It is this approach implemented in the open source decoder,

Moses (Koehn et al., 2007).
1.6.3 Hierarchal Phrase-based SMT (HPBSMT)

Hierarchical phrase-based models (Chiang, 2005) come across as a better method to
design discontinuous phrase pairs and re-orderings in a translation model than crafting a
separate distortion model. The model permits hierarchical phrases that consist of words
(terminals) and sub-phrases (non-terminals), in this case English to Bhojpuri. For

example:
X = (s X going, STq §S X))

This makes the model a weighted synchronous context-free grammar (CFG), and CYK
parsing helps perform decoding. The model does not require any linguistically-motivated
set of rules. In fact, the hierarchical phrases are learned using the technique of similar
phrase extraction heuristics similar to the process in phrase-based models. However, the
formalism can be applied to rules learned through a syntactic parser. Chiang (2010)
provides a summary of all the approaches that utilize syntactic information either on the

side of the source, the target, or both.
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Hierarchical models perform better than phrase-based models in a few settings but not so
much in others. Birch et al. (2009) compared the performances of phrase-based with
hierarchical models, only to conclude that their respective performance is dependent on

the kind of re-orderings necessary for the language pair.

Except phrase-based models, hierarchical models are the only kind of translation models
which the author uses in this work with experiment details discussed in chapter 4. While
phrase-based, hierarchical and syntax-based models employ different types of translation

units, model estimation is mathematically similar.
1.6.4 Syntax-based SMT (SBSMT)

Modeling syntactic information in machine translation systems is not a novelty. A
syntactic translation framework was proposed by Yngve (1958) who understood the act of
translation as a 3-stage process, namely: Analysis of source sentence in the form of
phrase structure representations; Transferring the phrase structure representation into
equivalent target phrase structures; Application of target grammar rules with the objective

generating output translation

While the models mentioned above make use of structures beyond mere word-pairs,
namely phrases and hierarchical rules, they do not require linguistic syntax. Syntax-based
translation models date to Yamada and Knight (2001, 2002), who designed a model and a
decoder for translating a source-language string into a target-language string along with
its phrase structure parse. The research community added significant improvements to
syntax-based statistical machine translation (SBSMT) systems in recent years. The break-
through point came when the combination of syntax with statistics was made possible
along with the availability of a large-sized training data, and synchronous grammar

formalisms.

Phrase-structure grammar is credited to extend its fundamental tenets to furnish
Synchronous grammar formalisms. Phrase-structure rules, for instance, NP — DET JJ
NN, are the principle features of phrase-structure grammar. These rules were a product of
the observation that words complement the increasing hierarchical orders in trees and can
be labeled with phrase labels such as verb phrase (VP), noun phrase (NP), prepositional

phrase (PP) and sentence (S). Using these principles, leaf nodes are normally labeled with
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the aid of part-of-speech tags. The Chomsky Hierarchy (Chomsky, 1957) classifies

phrase-structure grammars in accordance with the form of their productions.

The first class of SBSMT explicitly models the translation process. It utilizes the string-
to-tree approach in the form of synchronous phrase-structure grammars (SPSG). SPSGs
generate two simultaneous trees, each representing the source and targets sentence, of a

machine translation application. For instance, an English noun phrase ‘a good boy’ with

Bhojpuri translation TITT /1% @gaT will manifest synchronous rules as
NP — DET; JJ, NN; | DET; JJ, NNj3
NP —a good boy | T s sz

Each rule will find itself associated with a set of features including PBSMT features. A
translation hypothesis is measured as a product of all derivation rules associated with
language models. Wu (1997) proposed bilingual bracketing grammar where only binary is
used. This grammar performed well in several cases of word alignments and for word
reordering constraints in decoding algorithms. Chiang (2005, 2007) presented hierarchical
phrase model (Hiero) which is an amalgamation of the principles behind phrase-based
models and tree structure. He proposed a resourceful decoding method based on chart
parsing. This method did not use any linguistic syntactic rules/information (already

explained in the previous section).

Tree-to-tree and tree-to-string models constitute the second category. This category
makes use of synchronous tree-substitution grammars (STSG). The SPSG formalism gets
extended to include trees on the right-hand side of rules along with non-terminal and
terminal symbols. There are either non-terminal or terminal symbols at the leaves of the
trees. All non-terminal symbols on the right-hand side are mapped on one-to-one basis

between the two languages.

STSGs allow the generation of non-isomorphic trees. They also allow overcoming the
child node reordering constraint of flat context-free grammars (Eisner, 2003). The
application of STSG rules is similar to SPSG rules except for the introduction of an
additional structure. If this additional structure remains unhandled, then flattening STSG
rules is the way to obtain SPSG rules. Galley et al. (2004, 2006) presented the GHKM

rule extraction which is a process similar to that of phrase-based extraction. The similarity
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lies in the fact that both extract rules which are consistent with given word alignments.
However, there are differences as well of which the primary one is the application of
syntax trees on the target side, instead of words sequence on. Since STSGs, consider only
1-best tree, they become vulnerable to parsing errors and rule coverage. As a result,
models lose a larger amount of linguistically-unmotivated mappings. In this vein, Liu et

al. (2009) propose a solution to replace the 1-best tree with a packed forest.

Cubic time probabilistic bottom-up chart parsing algorithms, such as CKY or Earley, are
often applied, to locate the best derivation in SBMT models. The left-hand side, of both
SPSG and STSG rules, holds only one non-terminal node. This node employs efficient
dynamic programming decoding algorithms equipped with strategies of recombination
and pruning (Huang and Chiang, 2007; Koehn, 2010). Probabilistic CKY/Earley
decoding method has to frequently deal with binary-branching grammar so that the
number of chart entries, extracted rules, and stack combinations can be brought down
(Huang et al., 2009). Furthermore, incorporation of n-gram language models in decoding
causes a significant rise in the computational complexity. Venugopal et al. (2007)
proposed to conduct a first pass translation without using any language model. His
suggestion included to then proceed with the scoring of the pruned search hyper graph in
the second pass using the language model. Zollmann et al. (2008) presented a methodical
comparison between PBSMT and SBSMT systems functioning in different language pairs
and system scales. They demonstrated that for language pairs with sufficiently non-
monotonic linguistic properties, SBMT approaches yield substantial benefits. Apart from
the tree-to-string, string-to-tree, and tree-to-tree systems, researchers have added features
derived from linguistic syntax to phrase-based and hierarchical phrase-based systems. In
the present work, string-to-tree or tree-to-tree are not included. Only the tree-to-string

method using the dependency parses of source language sentences is implemented.
1.7 An Overview of Existing Indian Languages MT System

This section has been divided into two subsections. First sub-section gives an overview of
the MT systems developed for Indian languages while the second sub-section reports
current evaluation status of English-Indian languages (Hindi, Bengali, Urdu, Tamil, and

Telugu) MT systems.
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1.7.1 Existing Research MT Systems

MT is a very composite process which requires all NLP applications or tools. A number
of MT systems have been already developed for E-ILs or ILs-E, IL-ILs, English-Hindi or
Hindi-English such as AnglaBharati (Sinha et al., 1995), Anusaraka (Bharti et al., 1995;
Bharti et al., 2000; Kulkarni, 2003), UNL MTS (Dave et al., 2001), Mantra (Darbari,
1999), Anuvadak (Bandyopadhyay, 2004), Sampark (Goyal et al., 2009; Ahmad et al,
2011; Pathak et al, 2012; Antony, 2013).), Shakti and Shiva (Bharti et al.; 2003 and
2009), Punjabi-Hindi (Goyal and Lehal, 2009; Goyal, 2010), Bing Microsoft Translator
(Chowdhary and Greenwood, 2017), Google Translate (Johnson et al., 2017), SaHit
(Pandey, 2016; Pandey and Jha, 2016; Pandey et al., 2018), Sanskrit-English (Soni,
2016), English-Sindhi (Nainwani, 2015), Sanskrit-Bhojpuri (Sinha, 2017; Sinha and Jha,
2018) etc. The brief overview of Indian MT systems from 1991 to till present is listed
below with the explanations of approaches followed, domain information, language-pairs

and development of years:

Sr. No. Name of the System Year | Language Pairs for Approaches Domain
Translation
1. AnglaBharti-1(IIT K) 1991 Eng-ILs Pseudo- Interlingua General
2. | Anusaraka (IIT-Kanpur, UOH 1995 IL-ILs Paninian Grammar General
and IIIT-Hyderabad) framework
3. Mantra (C-DAC- Pune) 1999 Eng-ILs Hindi- Emb TAG Administration,
Office Orders
4. Vaasaanubaada (A U) 2002 Bengali- Assamese EBMT News
5. UNL MTS (IIT-B) 2003 Eng-Hindi Interlingua General
6. Anglabharti-II (IIT-K) 2004 English-ILs GEBMT General
7. Anubharti-II(IIT-K) 2004 Hindi-ILs GEBMT General
8. Apertium - Hindi-Urdu RBMT
9. MaTra (CDAC-Mumbai) 2004 English- Hindi Transfer Based General
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10. | Shiva & Shakti (IIIT-H, IISC- | 2004 English- ILs EBMT and RBMT General
Bangalore and CMU, USA)
11. | Anubad (Jadavapur University, | 2004 English-Bengali RBMT and SMT News
Kolkata)
12. HINGLISH (IIT-Kanpur) 2004 Hindi-English Interlingua General
13. OMTrans 2004 English-Oriya Object oriented -
concept
14. | English-Hindi EBMT system | 2005 English-Hindi EBMT -
15. | Anuvaadak (Super Infosoft) English-ILs Not- Available -
16. |Anuvadaksh (C-DAC- Pune and|2007 and English-ILs SMT and Rule-based -
other EILMT members) 2013
17. | PUNJABI-HINDI (Punjab 2007 Punjabi-Hindi Direct word to word General
University, Patiala)

18. Systran 2009 | English-Bengali, Hindi Hybrid-based

and Urdu
19. Sampark 2009 IL-ILs Hybrid-based -
20. IBM MT System 2006 English-Hindi EBMT & SMT -
21. Google Translate 2006 | English-ILs, IL-ILs and SMT & NMT -

Other Lgs

(more than 101 Lgs)
22. Bing Microsoft Translator | Between | English-ILs, IL-ILs and | EBMT, SMT and -
1999- Others Lgs NMT
2000
(more than 60 Lgs)
23. | Sata-Anuvadak (IIT-Bombay) | 2014 English-IL and IL- SMT ILCI Corpus
English

24. | Sanskrit-Hindi MT System 2009 Sanskrit-Hindi Rule-based Stories

(UOH, JNU, IIIT-Hyderabad,
IIT-Bombay, JRRSU, KSU,
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BHU, RSKS-Allahabad, RSVP
Triputi and Sanskrit Academy)

25. English-Malayalam SMT 2009 English-Malayalam [Rule-based reordering -
26. |Bidirectional Manipuri-English| 2010 Manipuri-English and EBMT News
MT English-Manipuri
27. | English-Sindhi MT system 2015 English-Sindhi SMT General Stories
(JNU, New Delhi) and Essays
28. | Sanskrit-Hindi (SaHiT) SMT 2016 Sanskrit-Hindi SMT News and
system (JNU, New Delhi) Stories
29. | Sanskrit-English SMT system | 2016 Sanskrit-English SMT General Stories
(JNU, New Delhi-RSU)
30. | Sanskrit-Bhojpuri MT (JNU, 2017 Sanskrit-Bhojpuri SMT Stories

New Delhi)

1.7.2 Evaluation of E-ILs MT Systems

Table 1. 1: Indian Machine Translation Systems

During the research, the available E-ILs MT systems have been studied (Table 1). To

know current status of E-ILMT systems (based on the SMT and NMT models), five

languages were chosen whose numbers of speakers and on-line-contents/web-resources

availabilities are comparatively higher than other Indian languages. Census of India

Report (2011), ethnologue and W3Tech reports were used to select five Indian languages

(Hindi, Bengali, Tamil, Telugu and Urdu). Ojha et al. (2018) has conducted PBSMT and

NMT experiments on seven Indian languages including these five languages using low-

data. These experiments supported that SMT model gives better results compare to NMT

model on the low-data for E-ILs. Even the Google and Bing (which have best MT

systems and rich-resources) E-ILMTs performance is very low compare to PBSMT (Ojha

et al., 2018) systems. Figure 1.4 demonstrates these results.
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Figure 1. 4: BLEU Score of E-ILs MT Systems
1.8 Overview of the thesis

This thesis has been divided into six chapters namely: ‘Introduction’, ‘Karaka Model and
it impact on Dependency Parsing’, ‘LT Resources for Bhojpuri’, ‘English-Bhojpuri SMT

System: Experiment’, ‘Evaluation of EB-SMT System’, and ‘Conclusion’.

Chapter 2 talks of theoretical background of Karaka and Karaka model. Along with this,
it talks about previous related work. It also discusses impacts of the Karaka model in NLP
and on dependency parsing. It compares Karaka (which is also known as Paninian
dependency) dependency and Universal dependency. It also presents a brief idea of

implementation of these models in the SMT system for English-Bhojpuri language pair.

Chapter 3 discusses the creation of language technological (LT) resources for Bhojpuri
language such as monolingual, parallel (English-Bhojpuri), and annotated corpus etc. It
talks about the methodology of creating LT resources for less-resourced languages. Along
with these discussions, this Chapter presents already existing resources for Bhojpuri
language and their current status. Finally, it provides the discussion on statistics of LT
resources created and highlights issues and challenges for developing resources for less-

resourced languages like Bhojpuri.

Chapter 4 explains the experiments conducted to create EB-SMT systems using various
translation models such as PBSMT, FBSMT, HBSMT and Dep-Tree-to-Str (PD and UD
based). It also illustrates the LM and IBM models with the example. Finally, it briefly

mentions evaluation reports of trained SMT systems on the BLEU metric.
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Chapter 5 discusses automatic evaluation reports of the developed PBSMT, HBSMT,
FBSMT, PD based Dep-Tree-to-Str and UD based Dep-Tree-to-Str SMT systems. It also
presents Human Evaluation report for only the PD and UD based Dep-Tree-to-Str SMT
systems. Finally, it reports comparative error analysis of the PD and UD based SMT

systems.

Chapter 6 concludes the thesis and proposes the idea of future works to improve
developed EB-SMT system accuracy such as pre-editing, post-editing, and transliteration

methods etc.
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Chapter 2

Karaka Model and its Impact on Dependency Parsing

“Dependency grammar is rooted in a long tradition, possibly going back all the
way to Panini’s grammar of Sanskrit several centuries before the Common Era, and
has largely developed as a form for syntactic representation used by traditional
grammarians, in particular in Europe, and especially for Classical and Slavic
languages.”

Sandra Kiibler, Ryan McDonald, and Joakim Nivre (2009)

2.1 Introduction

Sanskrit grammar is an inevitable component of many Indian languages. This is evident
from the fact that many features of the Sanskrit grammar can be traced as subsets within
the syntactic structure of a variety of languages such as Hindi, Telugu, Kannada, Marathi,
Gujarati, Malayalam, Odia, Bhojpuri, and Maithili and so on. Some of the key features
like morphological structures, subject/object and verb correlatives, free word-order, case
marking and case or karaka used in the Sanskrit language form the bases of many dialects
and languages (Comrie, 1989; Masica, 1993; Mohanan, 1994). More importantly, it hs
been found that Sanskrit grammar is potent to be used in Interlingua approach for
building the multilingual MT system. The features of the grammar structures are such that
they prove to be a set of construction tools for the MT system (Sinha, 1989; Jha and
Mishra, 2009; Goyal and Sinha, 2009). Working along those lines, the Sanskrit grammar
module also has a flexibility to deal with the AI and NLP systems (Briggs, 1985; Kak,
1987; Sinha, 1989; Ramanujan, 1992; Jha , 2004; Goyal and Sinha, 2009). Here, it is
worth to be emphasized that Paninian grammatical (Panini was an Indian grammarian
who is credited with writing a comprehensive grammar of Sanskrit namely Astadhyayt)
model is efficient not only in providing a syntactic grounding but also an enhanced
semantic understanding of the language through syntax (Kiparsky et al., 1969; Shastri,
1973).

It has been observed that accuracy of MT system for the Indian languages is very low.

The reasons being that majority of the Indian languages are morphologically richer, free
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word-order etc. The Indian languages comprise free-word orders as compared to the
European languages. On the parameters of linguistic models, it can be said that Indian
Languages and English have divergent features both in grammatical and the syntactico-
semantic structures. This difference leads to a need for a system that can fill the gaps
among the antipodal languages of the Indian subcontinent and the European languages.
Indian researchers have thus resorted to the use of computational Paninian grammar
framework. This computational model acts as filler for the evident gaps among dissimilar
language structures. The concepts of the Panini Grammar have been used for the
computational processing purpose. This computational process of a natural language text
is known as Computational Paninian Grammar (CPG). Not only has the CPG framework
been implemented among the Indian languages, but also has been successfully applied to
English language (Bharati et al., 1995) in NLP/language technology applications. For
instance, the uses of systems such as Morphological Analyzer and Generator, Parser, MT,
Anaphora resolution have proven the dexterity of the Computational Paninian Grammar

(CPG).

In NLP, parsing is one efficient method to scrutinize a sentence at the level of syntax or
semantics. There are two kinds of famous parsing methods are used for this purpose,
namely constituency parse, and dependency parse. A constituency parse is used to
syntactically understand the sentence structure at the level of syntax. In this process there
is an allotment of the structure to the words in a sentence in terms of syntactic units. The
constituency parse as is suggested by its name, is used to organize the words into close-
knit nested constituents. In other words, it can be said that the word divisions of a
sentence are formulated by the constituent parse into subunits called phrases. Whereas,
the dependency parse is useful to analyse sentences at the level of semantics. The role of
the dependency structure is to represent the words in a sentence in a head modifier
structure. The dependency parse also undertakes the attestation of the relation labels to

the structures.

Hence in order to comprehend the structures of morphologically richer and free word-
order language the dependency parse is preferred over constituency parse. This preference
i1s made as it is more suitable for a wide range of NLP tasks such as machine translation,

information extraction, question answering. Parsing dependency trees are simple and fast.
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The dependency model provides two popular annotation schemes (1) Paninian

Dependency (PD) and (2) Universal Dependency (UD).

The PD is developed on the module of Panini’s Karaka theory (Bharati et al., 1995,
Begum et al., 2008). There are several projects that have been based on this scheme. The
PD offers efficient results for Indian languages (Bharati et al., 1996; Bharati et al., 2002;
Begum et al., 2008; Bharati et al., 2009; Bhat et al., 2017). The UD has been
acknowledged rapidly as an emerging framework for cross-linguistically consistent
grammatical annotation. The efforts to promote the Universal Dependency are on the rise.
For instance, an open community attempt with over two hundred distributors producing
more than one hundred TreeBanks in more than seventy languages has generated a
mammoth database (as per the latest release of UD-v2)'. Dependency tag-set of the UD
is prepared on the Stanford Dependencies representation system (Marneffe et al., 2014).
Detailed analysis of the description of the respective dependencies frameworks would be

undertaken in section 2.4.

The dependency modal is consistently being used for improving, developing or encoding
the linguistic information as given in the Statistical and Neural MT systems (Bach, 2012,
Williams et al., 2016; Li et al., 2017; Chen et al., 2017). However, to the best of my
knowledge, both of the PD and UD models have not been compared to check their
suitability for the SMT system. Even, due to the above importance, there is no attempt to
develop SMT system based on the Paninian Karaka dependency model for English-Low-
resourced Indian languages (ILs) either in string-tree, tree-string, tree-tree or dependency-
string approaches. The objective of the study is to undertake a palimpsest research for
improving accuracy of low-resourced Indian languages SMT system using the Karaka
model. Hence in order to improve accuracy and to find suitable framework, both the
Paninian and Universal dependency models have been used for developing the English-

Bhojpuri SMT system.

This chapter is divided into five (including introduction) subsections. An overview of the
Karaka and Karaka model given in section 2.2. This segment also deals with the uses of
the model in Indian languages and in the computational framework. The section 2.3
elaborates on literature review related to the Karaka model. It also scrutinizes the CPG

framework in the Indian language technology. The section 2.4 emphasizes the models of

' http:/funiversaldependencies.org/#language-
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Dependency Parsing, PD and UD annotation schemes as well as their comparisons. The

final section 2.5 concludes this chapter.

2.2 Karaka Model

The etymology of Karaka can be traced back to the Sanskrit roots. The word Karaka
refers to ‘that which brings about’ or ‘doer’ (Joshi et al., 1975, Mishra 2007). The Karaka
in Sanskrit grammar traces the relation between a noun and a verb in a sentence structure.
Panini neologized the term Karaka in the sttra Karake (1.4.23, Astadhyayi). Panini has
used the term Karaka for a syntactico-semantic relation. It is used as an intermediary step
to express the semantic relations through the usage of vibhaktis. As per the doctrine of
Panini, the rules pertaining to Karaka explain a situation in terms of action (kriya) and
factors (karakas). Both the action (kriya) and factors (karakas) play an important function
to denote the accomplishment of the action (Jha, 2004; Mishra, 2007). Most of the

scholars and critics agree in dividing d Panini’s Karaka into six types:

Karta (Doer, Subject, Agent): “one who is independent; the agent” (¥Fad=: Fdl

(svataMtra: karta), 1.4.54 Astadhyayi). This is equivalent to the case of the
subject or the nominative notion.

o Karma (Accusative, Object, Goal): “what the agent seeks most to attain"; deed,
object (FALITTaaH FH (karturlpsitatamaM karma), 1.4.49 Astadhyayi). This is
equivalent to the accusative notion.

o Karana (Instrumental): “the main cause of the effect; instrument” (HTEHTH FLITH
(sAdhakatamaM karaNam), 1.4.42 Astadhyayi). This is equivalent to the
instrumental notion.

 Sampradana (Dative, Recipient): “the recipient of the object” (FHUTIHTIATT T

g9arH (karmaNAyamabhipreti sa saMpradAnam), 1.4.32 Astadhyayi). This is

equivalent to the dative notion which signifies a recipient in an act of giving or
similar acts.

e Apadana (Ablative, Source): “that which is firm when departure takes place”

(AFITHSATEH (dhruvamapAyespAdAnam), 1.4.24 Astadhyayi). This is the

equivalent of the ablative notion which signifies a stationary object from which a

movement proceeds.
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o Adhikarana  (Locative):  “the  basis,  location”  (JTETIISTEERToH

(AdhArosdhikaraNam), 1.4.45 Astadhyayi). This is equivalent to the locative

notion.

But he assigns sambandha (genitive) with another type of vibhakti (case ending). It aids
in expressing the relation of a noun to another. According to Panini, case endings recur to
express relations between karaka and karta. Such relations are known as prathama
(nominative endings). In the Sanskrit language, these seven types of case endings are
based on 21 sub vibhaktis/case markers that are bound to change according to the

language.

Since ancient times Karaka theory has been used to analyze the Sanskrit language, but
due to its efficiency and flexibility the Paninian grammatical model was adopted as an
inevitable choice for the formal representation in the other Indian languages as well. The
application of the Paninian grammatical model to other Indian languages led to the
consolidation of the Karaka model. This model helps to extract the syntactico-semantic
relations between lexical items. The extraction process provides two trajectories which
are classified as Karaka and Non-karaka (Bharati et al, 1995; Begum et al., 2008; Bhat,
2017).

(a) Karaka: These units are semantically related to a verb. They are direct
participants in the action denoted by a verb root. The grammatical model depicts all six
‘karakas’, namely the Karta, the Karma, the Karana, the Sampradana, the Apadana and
the Adhikarana. These relations provide crucial information about the main action stated
in a sentence.

(b) Non-karaka: The Non-karaka dependency relation includes purpose, possession,
adjectival or adverbial modifications. It also consists of cause, associative, genitives,
modification by relative clause, noun complements (appositive), verb modifier, and noun
modifier information. The relations are marked and become visible through ‘vibhaktis’.
The term ‘vibhakti’ can approximately be translated as inflections. The vibhaktis for both
nouns (number, gender, person and case) and verbs (tense, aspect and modality (TAM))

are used in the sentence structure.

Initially, the model was applied and chosen for Hindi language. The idea was to parse the

sentences in the dependency framework which is known as the PD (shown in the Figure

27



2.1). But an effort was made to extend the model for other Indian languages including

English (see the section 2.4 for detail information of the PD model).

@ TIF T AT F AT IS & (Hindi sentence)
dIpaka ne ayAna ko lAla geMda dI | (ITrans)
deepak ne-ERG ayan acc red ball give-PST . (Gloss)
Deepak gave a red ball to Ayan. (English Translation)
karta root
sampradana
vibhakti vibhakti visheshan karma punct
Lo Lo Lo 0 J e S o ]

Figure 2. 1: Dependency structure of Hindi sentence on the Paninian Dependency

The above figure depicts dependency relations of the example (I) sentence on the Karaka
model. In the dependency tree, verb is normally presented as the root node. The example
(I) dependency relation represents that 9% is the ‘karta’ (doer marked as karta) of the
action. This is denoted by the verb &I. The word a9 is the ‘sampradana’ (recipient
marked as sampradana) and 9% is the ‘karma’ (object marked as karma) of the verb, and

27 is the root node.
2.3 Literature Review

There have been several language technology tools that have developed on the basis of
Karaka or computational Paninian grammar model. Following is a brief summary of the

linguistic tools:

e MT (Machine Translation) System: Machine Translation systems have been
built specifically keeping in mind the Indian Language syntactic structures.
Systems such as Anusaraka, Sampark, Shakti MT systems endorse Paninian

framework in which either full or partial framework is put to use.
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(a) Anusaraka: The Anusaraka MT was developed in 1995. It was created by the
Language Technology Research Centre (LTRC) at IIIT-Hyderabad (initially it
was started at IIT-Kanpur). The funding for the project came from TDIL, Govt of
India. Anusaraka is adept in using principles of Paninian Grammar (PG). It also
projects a close similarity with Indian languages. Through this structure, the
Anusaraka essentially maps local word groups between the source and target
languages. In case of deep parsing it uses Karaka models to parse the Indian
languages (Bharti et al., 1995; Bharti et al., 2000; Kulkarni, 2003; Sukhda, 2017).
Language Accessors for this programming have been developed from indigenous
languages such as Punjabi, Bengali, Telugu, Kannada and Marathi. The Language
Accessors aid in accessing a plethora of languages and providing reliable Hindi
and English-Indian language readings. The approach and lexicon is generalized,
but the system has mainly been applied on children’s literature. The primary
purpose is to provide a usable and reliable English-Hindi language accessor for
the masses.

(b) Shakti: Shakti is a form of English-Hindi, Marathi and Telugu MT system. It
has the ability to combine rule-based approach with statistical approaches and
follow Shakti Standard Format (SSF). This system is a product of the joint efforts
by IISC-Bangalore, and International Institute of Information Technology,
Hyderabad, in collaboration with Carnegie Mellon University USA. The Shakti
system aids in using karaka model in dependency parsing for extracting
dependency relations of the sentences (Bharti et al., 2003; Bharti et al.; 2009;
Bhadra, 2012).

(¢) Sampark: Sampark is a form of an Indian Language to Indian Language
Machine Translation System (ILMT). The Government of India funded this
project where in eleven Indian institutions under the consortium of ILMT project
came forwards to produce the system. The consortium has adopted the Shakti
Standard Format (SSF). This format is utilized for in-memory data structure of the
blackboard. The systems are based on a hybrid MT approach. The Sampark
system constitutes the Computational Paninian Grammar (CPG) approach for
language analysis along with the statistical machine learning process (Goyal et al.,
2009; Ahmad et al, 2011; Pathak et al, 2012; Antony, 2013). The system has
proven beneficial as it has successfully developed language translation technology

for nine Indian languages. In the process it has resulted in building MT for 18
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language pairs. These are: 14 bi-directional pairs between Hindi and
Urdu/Marathi/Punjabi /Bengali/Tamil/Telugu/Kannada and 4 bi-directional pairs
between Tamil and Telugu/ Malayalam.

(d) English-Sanskrit and Sanskrit-English MT System: The AnglaBharati
system is being scrutinized by linguist to formulate a system-design to translate
English to Indian languages. This would be a blueprint for further developing a
system that could be adapted for translations to Sanskrit (Goyal and Sinha, 2009).
The researchers, Goyal and Sinha have demonstrated that the machine translation
of English to Sanskrit for simple sentences could be accomplished. The simple
sentence structures translated were based on PLIL generated by AnglaBharati and
AstadhyayT rules. In this experiment, the scholars have used Karaka theory to
decode the meaning from sentence.

Sreedeepa and Idicula (2017) reported that an Interlingua based Sanskrit-English
MT system has developed using Paninian framework (Sreedeepa and Idicula,
2017). They used karaka analysis system for the semantic analysis. But the
drawback of this paper, there is no evaluation report.

Sanskrit Karaka Analyzer: The Sanskrit karaka analyzer (Mishra, 2007; Jha and
Mishra, 2009) has been developed by Sudhir Mishra in 2007 at JNU, New Delhi
during his doctoral research. The project was undertaken to create a translation
tool for Sanskrit language. This Karaka analyzer was efficient in the syntactico-
semantic relations at the sentence level following with the rule based approach.
But it is limited in a way that it is unable to perform on deep semantic structural
analysis of Sanskrit sentences.

Constraint based Parser for Sanskrit language: A Constrained Based Parser for
Sanskrit Language has been developed by University of Hyderabad in 2010
(Kulkarni et al., 2010). The system was concretized through the principles of
generative grammar. The designing features of the generative grammars helped
the parser for finding the directed trees. In the tree pattern graphs, the nodes
represent words, and edges depict the relations between the words and edges. To
combat dead-ends and overcome the scenario of non-solutions the linguists used
mimamsa constraints of akanksa and sannidhi. The current system at work allows

only limited and simple sentences to be parsed.
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Frame-Based system for Dravidian Language Processing: Idicula (1999) in his
doctoral thesis, 'Design and Development of an Adaptable Frame-Based system
for Dravidian Language Processing' has used karaka model. The karaka relation
has been used to extract meaning. Under this system, the author has used the
modem of vibhakti-karaka mapping for analyzing the karaka relation.

Shallow Parser Tool: The Shallow Parser Tools” for Indian languages (SPT-IL)
project was started in 2012 in the consortium mode (University of Hyderabad,
Jawaharlal Nehru University, University of Jammu, Gujarat University,
University of Kashmir, Goa University, Visva-Bharati University, Guwahati
University, Manipur University and North Bengal University). The project was
supported and funded by TDIL, Govt. of India. The project aims to build Shallow
Parser Tools for 12 Indian languages constitution Hindi, Assamese, Bodo, Dogri,
Gujarati, Kashmiri, Konkani, Maithili, Manipuri, Nepali, Odia, and Santhali. The
basic components that are required for this task comprise Morphological
Analyzer, a POS Tagger and a Chunker. In the development of the Morph
Analyzer, the Paninian paradigm model was used. The Paninian paradigm was
already in use in diverse range of MT projects before it was used as the building
block for Shallow Parser tool. The Paninian paradigm has already been
implemented for building the morph analyzer tools like Indian-Indian Languages
Machine Translation (ILMT), Anusaraka, Sampark, AnglaBharati.

Dependency Treebank and Parser: The Development of Dependency Tree
Bank for Indian Languages project’ was started in 2013 in consortium mode. The
project was formulated under the IIIT- Hyderabad consortium leader and
sponsored by TDIL, Govt. of India. The fundamental objective of this project was
to resurrect a monolingual and parallel Treebank for languages such as Hindi,
Marathi, Bengali, Kannada, and Malayalam. To accomplish this Treebank model,
Paninian Karaka Dependency annotation scheme was followed. As an offshoot of
the project, the annotation scheme was also utilized to annotate the data for
Telugu, Urdu and Kashmiri languages (Begum et al., 2008; Hussain, 2009;
Hussain et al., 2010; Bhat, 2017). The dependency parser was thus created for the
Hindi, Telugu, Bengali, Urdu and Kashmiri languages on the basis of PD
framework (Hussain et al., 2010, Dhar et al., 2012, Bhat, 2017).

2

see following link for details information: “http://sanskrit.jnu.ac.in/projects/sptools.jsp ?proj=sptools”

? http://meity.gov.in/content/language-computing-group-vi
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2.4 Panpinian and Universal Dependency Framework

The following subsections provide an idea of the workings of both the PD and UD
annotation scheme. But this description is only accomplished at the level of dependency
and did not focus other levels such as morphology, POS, chunk.* In the section 2.4.3, the

differentiation between both these schemes has been amplified illustrated examples.

2.4.1 The PD Annotation

The PD scheme is conceptualized on a modifier-modified relationship (Bharati et al.,
1995). For the PD model, I have followed the ‘Ancorra: TreeBanks for Indian
Languages’ guidelines (Bharati et al., 2012) which is prepared by the Govt. sponsored
projects ( the IL-ILMT and Dependency TreeBank for Indian languages). In the
scheme, all the karaka relations having tags starting with k are enlisted first. This
pattern is followed by non-karaka relation labels which begin with ‘r’. As per the
guideline, the scheme has 40 relation tags which are mentioned in the Tablel. These
labels or tags are constructed from the main five labels at the coarsest level. The labels
that aid in the construction process are namely- verb modifier (vmod), noun modifier
(nmod), adjective modifier (jjmod), adverbial modifier (advmod) and conjunct of
(ccof). Among these labels, ccof is not strictly a dependency relation (Begum et al.,
2008). In the Figure 2.2, a hierarchy of relations used in the scheme becomes visible. A
hierarchical set-up of dependency relations is thus established on the basis of this

categorization.

* To know the PD annotation and other levels procedures see the Akshar Bharati et al., 2012 ‘Ancorra:
TreeBanks for Indian Languages’. And, for others tagsets/information of the UD, see the UD website
(http://universaldependencies.org) or follow these articles: De Marneffe et al., 2014 ‘Universal Stanford
Dependencies: A cross-linguistic typology’, Daniel Zeman © Reusable Tagset Conversion Using Tagset Drivers’,
Joakim Nivre et al., ‘Universal Dependencies v1: A Multilingual Treebank Collection’.
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Figure 2. 2: Screen-Shot of the PD Relation Types at the Hierarchy Level

The respective part of speech category becomes the basis for the classification of the
modified group (mod). For instance, all those relations whose parent (mod) is a verb fall
under the verb modifier (vmod) category. These relations are further classified through
the use of subsequent levels. The next level comprises of verb argument (varg), verb
adjunct (vad) and vmod_1 labels under the umbrella term of vmod. One can observe the
categories of adjective (jj), genitive (r6) classified under the nmod_adj label. At the
most finely attuned level, varg and vad further branch into trajectories like karta (k1),
karma (k2), karan (k3), sampradana (k4), apadana (k5), adhikaran (k7) and hetu
‘reason’ (rh), tadarthya ‘purpose’ (rt), relation prati ‘direction’ (rd), vidheya karta-karta
(kls), sadrishya ‘similarit/comparison’ (k*u), kriyavishesana ‘adverb’ (adv) etc. The
relations labeled under varg are the six Karakas that are the most essential participants
in an action sequence (the Figurel shows its sample). On the other hand, all the other

dependency tags are termed as the non-karakas.
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Description (Relations) Gloss Tags/labels
Karta Doer/agent/subject k1
vidheya karta - karta Noun complement of karta kls
samanadhikarana
prayojaka karta Causer pkl
prayojya karta Cause jk1
madhyastha karta Mediator-causer mkl
Karma Object/patient k2
subtype of karma Goal, Destination k2p
secondary karma Secondary karma k2g
karma samanadhikarana Object complement k2s
karana Instrument k3
sampradana Recipient k4
anubhava karta Experiencer kda
Apadana A point of separation/departure from k5
source
prakruti apadana Source material K5prk
kAlAdhikarana Location in time k7t
Deshadhikarana Location in space k7p
vishayadhikarana Location elsewhere k7
noun chunks with vibhaktis According to k7a
sAdrishya Similarity/comparison k*u
Shashthi Genitive/possessive r6
Karta of a conjunct verb conjunct verb (complex predicate) r6-k1
Karma of a conjunct verb conjunct verb (complex predicate) r6-k2
kA Relation between a noun and a verb r6v
kriyAvisheSaNa Adverbs - ONLY 'manner adverbs' adv
have to be taken here
kriyAvisheSaNa yukta vaakya Sentential Adverbs sent-adv
relation prati Direction rd
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Hetu Reason rh
Tadarthya Purpose rt
upapada_ sahak Arakatwa Associative ras-k*
niShedha Negation in Associative ras-neg
relation samanadhikarana noun elaboration/complement rs
relation for duratives Relation between the starting rsp
point and the end point of a durative
expression
address terms Address terms rad
relative construction modifying a Relative clauses, jo-vo constructions nmod__relc

noun

relative construction modifying

an adjective

Relative clauses, jo-vo constructions

jimod__relc

relative construction modifying an

Relative clauses, jo-vo constructions

rbmod__relc

adverb
noun modifier Participles etc modifying nouns nmod
emphatic marker noun modifier of the type emphatic nmod emph
marker
verb modifier Verb modifier vmod
modifiers of the adjectives Modifiers of the adjectives jjmod
part-of relation Part of units such as conjunct verbs pof
phrasal verb Part of units in phrasal verb pof-phrv
constructions
conjunct-of Coordination and subordination ccof
fragment of Relation to link elements of a fragof
fragmented chunk
enumerator Enumerator Enm
label for a symbol/ full stop Tag for a symbol rsym
the relation marked between a | the relation marked between a clause and psp__cl

clause and the postposition

the postposition

Table 2. 1: Details of the PD Annotation Tags
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2.4.2 The UD Annotation

The UD project is developing cross-linguistically consistent Treebank annotation for

many languages. The primary aim of this project is to facilitate multilingual parser

development. The system will also take into account cross-lingual learning and perform

parsing research from the perspective of language typology. The evolution of (universal)

Stanford dependencies is the platform for the annotation scheme structures (Marneffe et

al., 2006, 2008, 2014), Google universal part-of-speech tags (Petrov et al., 2012), and the

Interset Interlingua (Zeman, 2008) for morpho-syntactic tagsets. As mentioned by (Nivre

et al., 2016) and also elaborated by (Johannsen et al., 2015), the driving principles behind

UD formalism are as follows:

Content over function: In the binary relations, the content words are the heads of
function words. For instance the lexical verbs form the head of periphrastic verb
constructions. Whereas the nouns are the heads of prepositional phrases. In copula
constructions, attributes take the head positions.

Head-first: There are cases wherein the head positions are not clear at the first
instance. For instance, in spans it is not immediately clear which element is the
head because there is no direct application of the content-over-function rule. In
such situations, the UD takes a head-first approach. The first element in the span
takes the head position. The rest of the span elements attach to the head. This
justly applies to the format of coordinations, multiword expressions, and proper
names.

Single root attachment: The root-dominated token performs an important
function. Each dependency tree has exactly one token. This token is directly
dominated by the artificial root node. Other candidates that seek direct root

attachment are instead attached to this root-dominated token.
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root punct
iobj
obj
det
nsubj amod case
{ { | {
‘ Deepak H gave H a H red H balf H to H Ayan H . ’

Figure 2. 3: Dependency annotation of English sentence on the UD scheme

Currently in the UD, 37 universal syntactic relations are in use (listed in the Table 2 and
taken from the UD website). Some of these relations are demonstrated as a sample of the
above English translated sentences (I) in Figure 2.3. The figure also showcases the above
mentioned UD principles. The organizing principles of the UD taxonomy can be studied
through the upper segment of the following table. The given rows correspond to
functional categories in relation to the head (core arguments of clausal predicates, non-
core dependents of clausal predicates, and dependents of nominals). The columns depict
the structural categories of the dependent (nominals, clauses, modifier words, function
words). The lower segment of the table lists relations that cannot be categorized as

dependency relations in a narrow sense.

Nominals Clauses Modifier Words Function Words
Tags Descriptio | Tags | Descrip | Tags Descripti | Ta | Description
n tion on gs
nsubj nominal csubj clausal
Core subject subject
Arguments
obj object ccomp | clausal
complem
ent
iobj indirect xcomp | open
object clausal
complem
ent
obl oblique advcl adverbial | advmod adverbial | aux | auxiliary
nominal clause modifier
Non-core modifier
Arguments vocative vocative discourse discourse | cop | copula
element
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expl expletive mark | marker
disolated dislocated
elements
Nominal nmod nominal acl clausal amod adjectiv | det determiner
dependents modifier modifier al
of noun modifier
appos appositional clf classifier
modifier
nummod numeric case | case marking
modifier
Coordinatio MWE Loose Special Other
n
conj | conj | fixed fixed list List orphan orphan | punc | punctuation
unct multiword t
expression
cc coor | flat flat parataxis | Parata | goeswith goes root | root
dinat multiword Xis with
ing expression
conj
uncti
on
Compoun | compound reparandum | overrid | dep | unspecified
d den dependency
disfluen
cy

2.4.3 A Comparative Study of PD and UD

Table 2. 2: Details of the UD Annotation Tags

We have seen some differences in comparison of the annotation schemes of PD and UD

in terms of correspondences between tags. There is no one-to-one correspondence in most

of the tags which have the two annotation schemes. It was either many-to-one or one-to-

many mappings between their tags. We will discuss these differences in detail in the

coming sections.

2.4.3.1 Part of Speech (POS) Tags

In UD POS tagset, the total number of tags is 17 and it is less than as compared to the 32
tags in the BIS based POS tagset (TDIL, 2010; Kumar et al., 2011) developed for the

Indian languages. We can see mapping in two annotation schemes: There may be several

tags in UD POS tagset which correspond to a single tag in the BIS Indian languages

tagset and vice versa. For instance, BIS POS tags RB (Adverb), WQ (question words),
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NN (noun), INTF (intensifier), NST (spatial-temporal), etc. map to a single UD POS tag
ADV. For example:

WQ: Eh%i e

NN: FTeg, 3]

INT: 37T, Fgd, dael

NST: ¥ 37, Sfas

Above all tags correspond to the same POS tag ‘ADV’ in the UD. The reason being more
granularities of BIS POS as compared to UD. In the same way, PRON (pronoun), DET
(determiner) and ADV of UD POS tagset are annotated with the same BIS POS tag WQ.
2.4.3.2 Compounding

Bhojpuri has compound conjunctions like ‘aur to aur’ bhojpuri examples 33T T 3L (all
the more) and EECEED (like/as) etc. In BIS POS schema, these are tagged as follows:
FINCC_CCD T\RP_RPD F30\CC_CCD.

In the UD compounding is however marked at the level of dependency relations by three

tags: compound, mwe and name.
2.4.3.3 Differences between PD and UD Dependency labels

The PD and UD relations also show asymmetry in many cases as reflected in the POS
tagsets (Tandon et al., 20116). The correspondence between these two dependencies
relations are not always one to one. Such mapping can be of two types - one to many or
many to one. For example, PD relation k2 corresponds to more than one relation (ccomp,
dobj, xcomp) in UD. The nmod relation of UD corresponds similarly to k3, k7p, k7t and
r6 relations of PD. We can see another example where the nsubj relation of UD

corresponds to k1, k4a and pkl relations of PD.

2.4.3.4 Dependency Structure
It is a difficult to find correspondences between the PD and UD schemas. They do not
have always similar relationship. We have shown this with the help of some specific

types of constructions given below.

(a) Conjunctions: According to the PD framework, conjunction (subordinate or

coordinate) is the head of the clause (shown Figure 2.4 and 2.6). The other
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elements of clause are dependent on the head. On the other hand, the head is the
first element of the coordinated construction in UD framework while the
conjunction and other coordinated elements are considered as the dependents of
the first element (shown Figure 2.5 and 2.7). In case of subordinating conjunction
which is a dependent of the head of the subordinate clause, it is annotated as

mark. We can see this in the following illustrated examples:

(Il) Anita and Ravi came yesterday.

Fear T3 T FIfog Az @ |

anita aur ravi kalhi Ail

Anita and Ravi yesterday come be-PST

rahalan.

(English sentence)

(Bhojpuri sentence)

(ITrans of Bhojpuri sentence)

(Gloss of Bhojpuri)

ki root rsym
ccof ccof KTt
‘ Anita H and H Ravi H came ’ yesterday ‘ . ’

Figure 2. 4: PD Tree of English Example-11

nsubj root
conj punct
[ cc j
‘ Anita H and H H came H yesterday ‘ . ’

Figure 2. 5: UD Tree of English Example-11

root

ceof cco Kt l(lwg Aux 1

rsym

I

&

HWH |

Figure 2. 6: PD Tree of Bhojpuri Example-II
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Figure 2. 7: UD Tree of Bhojpuri Example-II

(b) Copula: According to the PD framework (Figure 2.9 and 2.11), a copular verb is

considered as the head of a copula construction whereas in UD (Figure 2.8 and

2.10), the ‘be’ verb becomes a cop dependent and predicative nominal in the

copula construction is marked as head.

(III) The Tajmahal is beautiful.
ATSTHES AT 25.

tAjamahal sunnar hS.

(English sentence)

(Bhojpuri sentence)

(ITrans of Bhojpuri sentence)

Tajmahal beautiful be-PRS (Gloss of Bhojpuri)
nsubj root
DET copula punct
‘ The ’ ‘ Tajmahal ‘ is ’ ‘ beautiful ‘ . ’

Figure 2. 8: UD Tree of English Example-III

root

lwg k1

rsym

kis

A

The ’ Tajmahal is

’ ‘ beautiful

Figure 2. 9: PD Tree of English Example-III
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root punct

Figure 2. 10: UD Tree of Bhojpuri Example-III

e

ki root

kis rsym

()

) I

Figure 2. 11: PD Tree of Bhojpuri Example-III

T /'beautiful is treated as the heads in the UD, while 'dTStHg<1'/'Tajmahal’ and the ‘be’

verb 'g5'/'is' and its dependents of the type nsubject and cop.

(¢) Multiword names: In the UD framework, (Johannsen et al., 2015), “In spans
where it is not immediately clear which element is the head, UD takes a head-
first approach: the first element in the span becomes the head, and the rest of the
span elements attach to it. This applies mostly to coordinations, multiword
expressions, and proper names.” For instance, in a name such as ‘Sachin Ramesh
Tendulkar’, in UD framework, the first word in a compound name ‘Sachin’, is
considered the head and the rest becomes its dependents. On the other hand in PD
framework, ‘Tendulkar’ is regarded as the head and ‘Sachin’ and ‘Ramesh’ are its
dependents.

(d) Active and Passive: One of the anomalies of the Karaka system according to
Panini shows that constructions as active and passive are the realizations of the

same structure except for certain morphological distinctions (Vaidya et al. 2009).

We also aim at the same principle to handle the case of passives in the annotation
scheme (Figure 2.13). While (Figure 2.12) demonstrates the analysis of an active

sentence, the same dependency tree is drawn for the passive, only marking the
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verb’s TAM (Tense, Aspect & Modality) as passive. The feature structure that
marks the verb morphology as passive will show that the agreement and positional
information in the tree is applicable to k2 and not k1l (see Figure 2.13). The
distinction between the two constructions is lexical (and morphological) rather than

syntactic in this framework.

(IV) Deepak hit the ball. (Active voice example of English)
(V) The ball was hit by Deepak. (Passive vocie example of English)
root rsym
k2
k1 lwg
| oeopax || o | me || s || . ]

Figure 2. 12: PD Tree of Active Voice Example-IV

root rsym
k2 ki
lwg Iwg_aux lwg
‘ The H ball H was H hit H by H Deepak ‘ . ’

Figure 2. 13: PD Tree of Passive Voice Example-V

(e) Yes-No Questions: In English, we have seen interrogative sentences of two types:
1) yes-no type or ii) Wh-type. In both cases, we consider the displaced element
without the use of traces. The moved constituent is instead analyzed in situ. In the
case of yes-no type questions, (Figure 2.14) demonstrate the dependency tree. We
append the information that the sentence is a yes-no type of interrogative
sentence. The moved TAM marker is given the label ‘fragof” to convey that it is
related to the verb chunk that is its head. We eventually mark the remaining

arguments of the verb with Karaka relations.

(VI) Did Deepak hit the ball? (Yes-No Interrogative example of English)
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root rsym
fragof k2
k1 lwg
£ )
| Did | Deepak Il hit Il the Il ball Il ? I
Figure 2. 14: PD Tree of English Yes-No Example-VI
root punct
aux obj
nsubj det
e
‘ Did H Deepak H hit H the H ball H ? ’

Figure 2. 15: UD Tree of English Yes-No Example-VI

(f) Expletive Subjects: Expletives are semantically vacuous words meant to fill the
syntactic vacancy in a sentence. ‘it’ and ‘there’ are the two commonest expletives of
English. Though Expletives are subjects syntactically, they cannot be karta in a
sentence since they are semantically vacuous, and karta, though syntactically grounded,
entails some semantics too. Since expletives are not found in Hindi, a new label

‘dummy-sub’ was formalized to facilitate annotation of the expletives of English.

(VII) It rained yesterday. (Expletive example of English)

root rsym

dummy-subj k7t

1ol

| it || rained || yesteraay || . I

Figure 2. 16: PD Tree of English Expletive Subjects Example-VII
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root punct

nsubj obl tmod

| it rained || yesterday H . I

Figure 2. 17: UD Tree of English Expletive Subjects Example-VII

As seen in Figure 2.16, ‘it’ is a semantically vacuous element that serves to fill
the empty subject position in the sentence. The fact that ‘it’ is not the locus of
the action in the sentence substantiates that though it fills the subject position, it fails
to function as karta. Therefore, we mark it with a special relation ‘dummy-sub’, which

reflects the fact that ‘it’ is a dummy element in the sentence.

(g) Subordinate Clauses: Verbs such as want that take subordinate clauses can
be represented where the subordinate clause is related with the relation k2 as
karma. In Figure 2.18 for example, ‘expects’ takes ‘to study’ as its immediate
child with a k2 relation and ‘students’ is shown attached to ‘to study ’with a relation
‘k1’. Figure 2.18 reflects the predicate argument of ‘expects’ and ‘study’. It is
important to note that Karaka relations are not equivalent to theta roles (although

they are mapped sometimes, for the sake of elucidation).

(VIII) Deepak expects students to study more. (Subordinate Clauses of English)
root rsym
k2 f
k1
k1 Iwg K7t
‘ Deepak H expects ’ students ‘ to H study ’ everyday H . ’

Figure 2. 18: Tree of English Subordinate Clause Example-VIII

While thematic roles are purely semantic in nature Karaka relations are synfactico-

semantic.
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Extending the annotation scheme based on the CPG model to English, helps capture
semantic information along with providing a syntactic analysis. The level of semantics
they capture is reflected in the surface form of the sentences, and is important
syntactically. Such a level of annotation makes available a syntactico-semantic interface
that can be easy to exploit computationally, for linguistic investigations and
experimentation. This includes facilitating mappings between semantic arguments and

syntactic dependents.

(h)Reflexive Pronouns: Sometimes, a reflexive pronoun is used in an appositive way
to indicate that the person who realizes the action of the verb is also the person
who receives the action, whereas at other times reflexives are used to emphasize
the subject, and are called emphatic pronouns e.g. himself, itself etc. Our
dependency analysis of the above two cases would differ per their role in the
sentence, i.e. according to the relation the pronoun has with the other entities in
the sentence. In the case of normally occurring reflexive pronouns such as the

below in the example:

(IX) Deepak saw himself in the mirror.

root rsym
g )
lwg
ki k2 lwg
‘ Deepak H saw H himself H in H the H mirror H

Figure 2. 19: PD Tree of English Reflexive Pronoun Example-1X
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‘ Deepak H saw H himself H i H the H mirror H

Figure 2. 20: UD Tree of English Reflexive Pronoun Example-IX

The reflexive pronoun ‘himself’ in this sentence will be labeled ‘k2’ of the verb ‘saw’,
since it is the ‘karma’ of the verb. Whereas, in case of emphatic pronouns the pronoun
isn’t the karma of the verb, but a modifier of the noun that it goes back to. Thus, to handle
emphatic pronouns, I use the dependency label nmod_emph, that makes its role in the
sentence lucid. The label 'nmod_emph stands for nmod of the type emph. An example

sentence for emphatic pronouns would be:

(X) The news had come out in the report of the commission itself.

As seen in Figure 2.21, the emphatic marker 'itself’ is annotated nmod_emph of the noun

‘commission’, within the PP ‘of the commission’.

oot ISm
' q 6 ™
— — \
W ( VIR v
— —_——
g [ Iwg_a‘ux\\ | / | ‘ g ||t
M [ _\‘ f ) | ( w () 1M
S N 11 TR I |
HEREAEENEEENm

Figure 2. 21: PD Tree of English Emphatic Marker Example-X
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commission

ot H of l e | ‘

Figure 2. 22: UD Tree of English Emphatic Marker Example-X
2.5 Conclusion

In this chapter, I have tried to present theoretical framework of the Panini’s Karaka,
Karaka based dependency model and its importance in the MT and parsing of the
sentences. Another dependency model, UD, has been also introduced. The UD model
follows universal cross-lingual annotation schema. Along with their description, we have
also discussed a comparison between the two. In course of comparison of these above-
mentioned dependency models, we observe the PD model is established/formed on the
basis of syntatico-semantic level, while the UD is based on syntactic level. When we
parse parallel sentences typically in MT, then PD framework is found to be more
accommodating as compare to the UD to capture semantic information and does not
affect its accuracy if source language and target language belong two different families or

follow free-word order.

In chapter 3, these models will be used to annotate source language (English) data. The
PD and UD based annotated data will be integrated into the English-Bhojpuri SMT
system for building tree-to-string, syntax-directed etc. models. Detailed processes of these
rules and model creations will be discussed in chapter 4. In Chapter 5, the comparative

study of PD and UD based SMT systems will be discussed.
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Chapter 3

LT Resources for Bhojpuri

Linguistic resources are crucial elements in the development of NLP applications. A
corpus, thus, is a valuable linguistic resource for any language and more so if the
language is endangered or less-resourced/lesser known; with the availability of a corpus a
language’s utility increases. A corpus can be built in any format, either text, speech,
image or multimodal. It assists in creating other resources such as language technology
tools, for instance, POS Tagger, Chunker, MT, TTS, ASR, Information extraction,
Ontology etc. It also helps in creating resources for linguistics analysis that aids us in
substantiated study of all aspects of language and linguistics e.g. grammar/syntax,

morphology, phonology. It is also useful for a comparative study of languages.

Hence, in the digital era, it is vital to create text, speech and multimodal corpora and
language technology tools for all the languages. With this consideration, the Ministry of
Communication and Information Technology (MCIT), Government of India (now
Ministry of Electronics and Information Technology) started Technology Development
for the Indian Languages (TDIL) program in 1991(Das, 2008; Jha, 2010) with the aim of
building linguistic resources and language technology tools for Indian scheduled
languages. The TDIL has funded several projects for developing language technology
tools and corpus (including text, speech and image corpus) for scheduled languages, such
as, IL-MT by IlIT-Hyderabad, E-ILMT by CDAC-Pune, Gyan-Nidhi by CDAC-Noida,
development of Text-to-Speech (TTS) synthesis systems for Indian languages by IIT-
Madras, development of Robust Document Analysis & Recognition System for Indian
Languages by IIT-Delhi, development of On-line handwriting recognition system by
L.LI.Sc, Bangalore, development of Cross-lingual Information Access by IIT-Bombay, and
Indian Languages Corpora Initiative (ILCI) by JNU etc. Another government
organization - Central Institute of Indian Languages (CIIL), Mysore, under the Ministry
of Human Resource Development (MHRD) has been working to develop a corpus for
scheduled languages. There are several programs for promoting and preserving Indian
languages - National Translation Mission, Linguistic Data Consortium of Indian

Languages (LDC-IL), Bharatavani, National Testing Mission etc.
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In the above-mentioned programs, Gyan-Nidhi, LDC-IL and ILCI are some of the
popular projects with primary focus on corpus creation while the remaining projects

created corpus as a byproduct of a separate objective.

Gyan-Nidhi developed parallel text corpus in English and 12 Indian languages using
million of pages (Shukla, 2004) from the National Book Trust, Sahitya Academy, Pustak
Mahal etc.

The LDC-IL' was established in 2003 especially for building linguistic resources in all
Indian languages. But till now it has been able to build only text and speech corpus for the
scheduled languages with sources for the former ranging from printed books, magazine,

newspapers, government documents etc.

The ILCI* (Jha, 2010; Choudhary and Jha, 2011) is the first Indian text corpora project
which developed a POS annotated corpus based on the Bureau of Indian Standard (BIS)
scheme and national standard format (Kumar et al., 2011). Under this project, 1,00,000
sentences (including parallel and monolingual text corpora) are created with POS and
Chunk annotation (Banerjee et al., 2014 Ojha et al., 2016) for 17 languages (including 16
scheduled and English languages).

Apart from these initiatives, several universities/institutions and industries are also
working to build the linguistics resources and language technological tools such as IIT-
Bombay, JNU New Delhi, IIIT-Hydearbad, IIT-Kharagpur, UOH Hyderabad, IIT-BHU,
Jadavpur University, Linguistic Data Consortium Pennsylvania, European Language
Resources Association (ELRA), Google, Microsoft, Amazon, Samsung, Nuance, and
SwiftKey etc. But, as per the author’s best knowledge, there is no plan or support to

create corpus for non-scheduled or closely-related languages.

This chapter further discusses corpus creation methodology, statistics and issues in text
corpora for a non-scheduled language: Bhojpuri and English-Bhojpuri languages
including both monolingual and parallel types of the corpus. Furthermore, it gives details

of annotation for these corpora based on the Universal Dependency (UD) framework.

! See following link to know in detail :  http://www.ldcil.org/ ”
* See following link to know in detail :  http://sanskrit.jnu.ac.in/projects/ilci.jsp?proj=ilci ”
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3.1 Related work

Despite having a substantial number of speakers and a significant amount of literature in
Bhojpuri, there is little digital content available over the Internet. Hence, it is a daunting
yet an essential task to create a corpus in this language. There have been a few attempts to
build Bhojpuri corpus in the developments of language technological tools. However,

these are not accessible by public. These works are:

e Automatics POS Tagger: the existing Bhojpuri POS taggers were developed on
statistical approach based on SVM and CRF algorithm. The SVM-based and
CRF++-based POS tagger yields 88.6% and 86.7% accuracy respectively (Ojha et
al., 2015; Singh and Jha., 2015).

e Machine-Readable dictionary: A Bhojpuri-Hindi-English Machine-Readable
dictionary was developed with 7,650 words (Ojha 2016).

e Sanskrit-Bhojpuri Machine Translation: A Sanskrit-Bhojpuri Machine
Translation (SBMT) system was developed to translate conversational Sanskrit
texts. It was trained on statistical approach using Microsoft Translator Hub and
gives 37.28 BLEU score (Sinha and Jha, 2018). The authors have reported use of

10,000 parallel sentences in the development of this system.

e Monolingual Bhojpuri corpus: few works have mentioned that they have
collected monolingual corpus used for developing LT tools such as language
identification tool (Kumar et al. 2018), POS tagger (Singh and Jha, 2015) and
SBMT (Sinha, 2017). Of these, only 15,000 sentences are available on the web.

However, English does not face this kind of problem. There are several open source
resources available for free use for research purpose. For example: Brown, Kolhapur,

Europarl Parallel corpus, WMT, OPUS subtitles, UD Tree bank, ELRA, LDC etc.

3.2 Corpus Building

This section elaborates on corpus building methodology for Bhojpuri and its statistics. It

is divided into three subsections. Sections (3.2.1) and (3.2.2) discuss monolingual and
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parallel corpora creation methodology, data sources and domains and its statistics.

Section (3.2.3), discusses monolingual and parallel annotated corpus.

3.2.1 Monolingual (Bhojpuri) Corpus Creation

To create monolingual corpus, the following approaches are followed:

(i) Manually Created Monolingual Corpus
Less than 3,000 sentences were collected through manual typing. Standalone version of
Indian Languages Corpora Initiative Corpora Creation Tool (ILCICCT) was utilized for
this purpose. This tool was developed by ILCI, JNU group under the ILCI project
sponsored by DeiTY, Government of India (Bansal et al., 2013). Its process can be easily
understood through Figure 3.1. In this process, each sentence was assigned a unique ID
saved in UTE-8 format using the naming convention
“languagename domainname setnumber”. It allows storing detailed and accurate
metadata information. For example: title, name of the book/magazine, blog/web portal
(name of website), name of article, name of the author, date/year of publication, place of
publishing, website URL, date of retrieved online data etc. After following these

processes, data is created. Its output can be seen in the Figure 3.2.

The metadata information helps other researchers to use the corpus in better way. Hence,
the basic idea of this project to maintain standard format in corpus creation and the

metadata has been followed.
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Indian Languages Corpora Initiative ( ILCI)
WIS T A SO (9T Mﬂi{'ﬂ

| Dept. ofnformation Technology (D) Sponsored Consortium Project TD L
R w5 T dear gl 9741 St oyl DQIIBIIE English
Welcome User: atul | Group: Bhojpuri Uploa file Logout | || | Help
Current Domain: ENTERTAINMENT
Your Selected Sef is: bho_entertainment set01
Select Corpora File: Ibho_enteriainment_setid -
Go To Sentence: BJED1D v Create New Sentence
Your Sentence ID is: BJED10
Please enter the sentence below:
T, T 7 el T A7 AT A 21 7 A 3 2
Select Sub-Domain:
Select Corpus Source: Note : Please enter the metadata mformation in RomanEnglish.
Name of Book * Bhojpuri-nihandh
Name of AuthorEditor = Akshayvar Disit
Name of Chapter/Article * r kshera (soupurjle melaa
Page Number * 117 (117-119)
Name of Publisher Bhojpuri vikaas mandal
Yearof Publisking * 1991
Place of Publishing *  sivaan (Bibar)
Figure 3. 1: Snapshot of ILCICCT
File Edit Format View Help
D Sentence Sub-Domain Source SourceInfo -
BIEDL  é o w7 @ & #i9e &9 § wdiF Srev-gueR W oitas #w e g9 e E16 Book Bhojpuri-nibandh Akshayva
BIED2  wifaw & qoATH, TAASH, GUET, §6 §d HIE T4 9 HOw §ANE ¥ § A ane 6 E16 Book Bhojpuri-nibandh . .
BIED3  tf #o # Tl S, ST S, ST ST 3 AT g S T FEEiaE UeaT TIE-EE a3 Elb Book Bhojpuri |2
BIED4 3% T #7 a5 WEWEW § @ 90 G, OF § FIE IO # A GUON TAT-ETA T O S AET e E1lb Book
BJIEDS T F A9 TOT i T St & 6 A6 AR o U i e IR GIEAE WOl A6 W 6 F S SEe A MO OEuad | 3 Ay sm O & oad eee
BIEDO  sinR wiewgt & F arffi, wepaw Ae @ @ee w9 £10 Book Bhojpuri-nibandh Akshayvar Dixit harihar
BIJED7  #gew & T A1 5@ ¥ 9% 54 § A1 &o6d o gear E1O Book Bhojpuri-nibandh Akshayvar Dixit harihar
BIED8 £ & o o8 @ & Wa J9EN F1 How W AT SHE1 g ST &A% WA ween v g E16 Book Bhojpuri-nibandh
BIEDY 3% 5w &= A ¥ &9 & ogwiw ELO Book Bhojpuri-nibandh Akshayvar Dixit harihar kshetra
BJEDLO @& 7 wen ©a #a7 Fael AT U OEE® T 9 @6 & E16 Book Bhojpuri-nibandh Akshayvar Dixit
BIEDL] g efic & wam #ar & ovin 57 @ UEdE od AT gd gTET &9 % E16 Book Bhojpuri-nibandh Akshayva
BIED12 & T9gm Us7 & BeW 9sed Ae O g9 41, SROET T W TR REcd AWe aer E1O Book Bhojpuri-nibandh Akshayva
BIED13 £ &y seci-0d 199 F TFW T, WA HOAT THOWE @it AeEsT & wieg W ¥ W 7 H# aeer El6 Book Bhojpuri-nibandh
BIED14 @ ®e & T & 36N ST 31 SN SEpTG & AwEAd A9, U7 & FUT GANGIET USE AT AT SEACT F RS Seg B G908 W ade § 9fed df s
BIEDLS £ 2ar fomcar & @37 Wi A1 IR & TEe-9gd ® AT Hal E16 Book Bhojpuri-nibandh Akshayvar Dixit
BIED1E wp #ar # wewdr 67 @37 w9 Gar E16 Book Bhojpuri-nibandh Akshayvar Dixit harihar kshetra
BIEDLY TeR W& & §9 §E & YUK HUE &1 ¥ S gELD Book Bhojpuri-nibandh Akshayvar Dixit harihar
BIEDLS  wsmwh fwmr 31 &6 WarW & 7wl 9 & S E16 Book Bhojpuri-nibandh Akshayvar Dixit
BIEDLY ¢ @y #iu ol e & dsawiaw F Waw g OH OTRE & 9T 2T ader E16 Book Bhojpuri-nibandh Akshayva
BIED20 £ mg #u #91 & ¥E8 W H94 HHhE = Hed B4 W ane gar E16 Book Bhojpuri-nibandh Akshayvar Dixit
BIED2] g #aT ¥ Iguea TOTHT W O % B 9o T4ER F (ed9e Aped #e EL6 Book Bhojpuri-nibandh Akshayva
BIED22 3guis % HE8Y W Wd &g B U9 & gaW g @er ELO Book Bhojpuri-nibandh aAkshayvar Dixit harihar
BIED23  mf e wie-are, IE-UTIT 31 390500 0 9 % & Fed o & ged gael E16 Book Bhojpuri-nibandh Akshayva
BIED24  w gt @ ot ¥ 9 §F TEar E16 Book Bhojpuri-nibandh Akshayvar Dixit harihar kshetra
BIED2Y g1 &l & = o wogl HUICHRI & FIHF, Foel Geohll § A § Tl e & SI9-BA AuE A9 & Ao SEg HO AT TEE s E1lb
BIED26 wgw-Towe o w0 &1 & A1 # a3al a9 ST 87 7 G918 § TS @9 HeE W ST ofe F a7 aawe E16 Book Bhojpuri
BIED27 #en & THos ¥ Waw oo, GEIGIHA § NH4F coe 0g aaer  EL6 Book Bhojpuri-nibandh Akshayvar Dixit
BIED28 @ & @ic 31 75 & 95 Fa« FEA Usal 1 w3wer 2 ELD Book Bhojpuri-nibandh Akshayvar Dixit harihar
BIED29  wwww, [ @r#0T 1 affe o @GR TR ¥ g o wer | EL6 Book _Bhojpuri-nibandh Akshayvar Dixit

Figure 3. 2: Snapshot of Manually Collected Monolingual Corpus

(ii) Semi-Automated Corpus

Approx. 57,000 sentences were extracted from printed and digital version of several

books & magazines available in Bhojpuri language. To extract these texts, semi-
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automated method was followed. At first, all the documents were printed and then
scanned. Next, the scanned documents were run on the Tesseract® Hindi OCR. It gives
good results in case of Hindi texts but with Bhojpuri texts its results lies between 80-85%.
Its accuracy depends upon used fonts in the images as well as image quality. Finally,
retrieved texts from the OCR were validated manually. Its final output can be seen in

Figure 3.3 and 3.4.

THY FL B M0

FT FT F FTFAIT ? I HEA ATET IgWAT &f, & T ug Fraw #
FET TS AT 1 q9 g9 IQAT & F1F @arfax faaamsardr ? sl 9%
EHIT Y Fa ® AT !

TIAT 1T F F Fwam ar, § gt fFarg ar g, a7 & gy
F firelT g | oT9AT w9g9T A * fafady ¥ g7 S srgwa FIAT, STA9T
TEAT, STAAT AT, ATHL AR FTAAT gfgST TFEST FIT A1 gy H
grz-ge fagg 1S @, S50 A 919 9SH9T, AI9-97AT AFHT, 9T, 9%
SrE s fSFMIyassasa—Eagam-ATasSfisTasagl a@ &
T SAFATE AT, off 747 SfAT F & 0T HFA F T, THIA I 419 AEY,
THIr 9% faarT FOas-E I=g+r air F S G913 & 17 F4010

fro-arsT wrer afgdr, €T 577, g7 ug axg F <o qzar1 fwEar &
AST-AST - AN @Y | GAGMAT FOTSAIHT FgT a’]:fl"iﬁ' qiz% IZ 1 AT

Figure 3. 3: Screen-shot of Scanned Image for OCR

CUETER
OETEEIF U
7 AR T 2, % T o A @ R T |
8 27 T 47 T T G
I IG a0 6 7 |
T AT f e e g, Pt o
EAE I
T TR A & (T K 29 F A el 3o
T, A T, T A T e T e |
T 8 231 R TS, T B T T, -, 0, TS A (A 8 05 4 - TR A A T R s A
T T ST, 7T 9 A T, T A Wwfaav#mrmﬁrmmﬁrﬁmﬁmﬁ |
AR T e, 37 o 4, 2 O 7 4 e e
TRF I A 7 |
%ﬁwmaﬂwwﬂwmrg\

Figure 3. 4: Output of Semi-automated based Collected Monolingual Corpus

3 An open source OCRengine available at https://github.com/tesseract-ocr/tesseract. It works on more than 100 Indian
languages including Hindi.
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(iii) Automatically Crawled corpus
Publicly available Bhojpuri texts were collected automatically using the IL-Crawler” from
different websites. The IL-Crawler has developed by JNU. It has built on script-based
recognizer on Java using the JSOUP library. Along with the corpus, I have also saved
meta-data information of corpus resources (shown in Figure 3.5). After collecting the
corpus, duplicated and noisy data was deleted. Finally, the corpus was validated manually
and all the data belonging to other languages was deleted. Through this method more than

40,000 sentences were created.

£ AT AV T ARANT F W & (G0 ST ST AT § R e G & Ja 2T | anjoria.com
P et AT FAeeaT I MTToT 7S5 759 | anjoria.com

e & W v AT Fe=r fiywer =1 WP SR | anjoria.com

T T T B ATAT AT U S5 i waAT F WA SR g 9T ST # | anjoria.com

f—cl?—q’&a‘rmmjrmxrqﬁ?r_ awa—@{wmmm | anjoria.com
T THIT ARAT 6 AATAT JISE & 349 5§ H07 T907 95 A HUE7 07 aTedrd i [F17 Figer T8 | anjoria.com
T ST 5 a9 & THREE 7S g6 ‘HZT«THRJH ATATAT & IR aF S H AT & S $EA TS | anjoria.com

T H THTEW $57 § e SAdr & SAET g | anjoria.com
WEWTTHWEWW$EEH€?=EWWH%WWWWHW| anjoria.com
FREEr AT 5 T A AT 7 et o Bl & =17 99 #5997 1% ATATE | anjoria.com
mwﬁvﬁmﬁﬁwwﬁfmawmwwaquwﬁmﬁ\ anjoria.com
WW@%*WH’WWI anjoria.com

WWW’E | anjoria.com

WWWW’H‘W I anjoria.com

STl T &7 AR ST ATET AT ATARTERT HITEHT e £ 7 AT #1772 7 | anjoria.com
maﬁﬁﬁraﬁr%ﬁ#wﬁ | anjoria.com

Tarafasr<f 1 anjoria.com

W‘&:?H’WWWEIT I ZlIlJOTlZ] com

Frﬁrqﬂ’rﬁa‘q‘rq*qrn‘aﬁ-a‘rrr | anjoria.com

AT TIH T IS AHT F TS ST 7ET TS 30T Mg feee 78 | anjoria.com

qET F TET TR AT | anjoria.com

éaﬁﬁquqﬁ‘aﬂ‘éﬁ | anjoria.com

HWWFW FAAT AT E A AT | anjoria.com

Figure 3. 5: Screen-Shot of Automatic Crawled Corpus
3.2.1.1 Monolingual Corpus: Source, Domain Information and Statistics

With the use of above methodologies, a corpus of 1,00,000 Bhojpuri sentences were
developed which contains 16,16,080 words. This corpus was collected from various
domains such as literature, politics, entertainment and sports using various sources. For
example: Online newspaper, Blogs, printed books, magazines etc.

Its detailed statistics and source information are elaborated in the Table 3.1. These
sources provide an exhaustive coverage of all kinds of language use found in Bhojpuri.
For example, newspapers provide a more formal use of the language while books, blogs,

and magazines provide a more colloquial use.

http://sanskrit.jnu.ac.in/download/ILCrawler.zip
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3.2.2 English-Bhojpuri Parallel Corpus Creation

To build this parallel corpus, English data was collected as a source language using the

following:

e 30,000 sentences were taken from English grammar, English learning e-books and

story books etc. (Nainwani, 2015). This source was created for development of

English-Sindhi SMT system by Pinkey Nainwani at JNU, New Delhi for her PhD

work.

e 33,000 sentences were used from the OpenSubtitles5

Corpus source Corpus source information

Sentences

Words

Characters

Books bhojpuri nibandh

tin nAtak

jial sikhiM

rAvan UvAch

bhojpuri vyakarana

Magazines pAt

Parikshan

Aakhar

samkAlin bhojpuri sAhitya

60,000

10,38,202

50,78,916

Web-sources Anjoria

tatkaa Khabar

bhojpuria BlogSpot

Dailyhunt

Jogira

pandjiblogspot

manojbhawuk.com

40,029

577,878

28,06,191

Total number of sentences, words and characters

1,00,029

16,16,080

78,85,107

Table 3. 1: Details of Monolingual Bhojpuri Corpus

> OPUS subtitles - http://opus.nlpl.eu/
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These sentences belong to entertainment and literature domains. Once the source corpus
was compiled, it was manually translated to Bhojpuri (target language) following the
ILCI project translation guidelines (samples are translated sentences in Figure-3.6).
According to the guidelines “The Structural and Aesthetic is considered to be the default
type, since the translation has to be a balance of both” (ILCI Phase-2 Translation
Guideline, 2012). During the parallel corpus creation, an attempt was made to capture and

maintain different varieties of Bhojpuri to maintain a generic system.

At which position do you work ? FT I T T T F0A 7

Which book do you not know to whom to give ? FaT fara 718 T 79T 29 ?
Which book will you take ? Fa e G oa=1 ?

Which book are you reading ? &+ fhda T Ted 8337 ?

What book do you think you can give to John ? &7 T f@ama 59 & T Tt ?

What book have you read recently ? &&= fama q a1e7 &7 7 Taet 7337 ?

Which don't you know who bought ? &T T ATg F=a 53+ f& & @feer ?

Which songs do you like best? e 3719 A8 TfegT AT ?

Which graph are you going to use? ~ &aT TWTF T &I 7 AT 1T 5337 ?

Which juice do you prefer, Orange and Apple? Fa= T T T~ F7d 53, =71 ATfH 99 ?
Which fruit do you like? &g &7 F TH—< fid a3+ ?

What colour do you like? &g =T T9=< 53+ ?

Which colour do you prefer, red or blue? Fa=T FeA7 dAladh T2 FIT, AT [ TTeAT ?

Which will you take? TR AT ?

Which one will you buy ? § U&3Ir & @itaq ?

What subject do you not like? T Fa= fawer arg 79 &7 ?

Which subject have you chosen ? & &&= fawa g7 w=e1 ?

Which subject do you teach ? Fa= favar yeraas ?

Which subject does you like better, Art or Music? ~ d ®a= faw afear & v9—= &7 &1 o =for 2

Figure 3. 6: Sample of English-Bhojpuri Parallel Corpus

For this purpose, Bhojpuri speakers from various regions (Purvanchal region of Uttar
Pradesh and western part of Bihar) have been chosen to translate the source sentences.
This exercise was done because there is no standard grammar or writing style in this

language. Also, there are various varieties at spoken level as well as written texts.

Out of the manual translation, 2,000 parallel sentences were collected through printed
books and Bhojpuri Wikipedia page. Approx. 1,100 aligned parallel sentences were
extracted from the Discover the Diamond in You written by Arindam Chaudhari and
translated in Bhojpuri by Onkareshwar Pandey. Approx. 800 sentences were taken from
Sahaj Bhojpuri Vyakaran: An Easy Approach to Bhojpuri Grammar and Bhojpuri-Hindi-
English lok shabdkosh dictionary written or edited by Sarita Boodhoo and Kumar Arvind

respectively. Rest of the data was collected from the ‘ﬂ'lﬁlﬂil and Bhojpuri language

Wikipedia pages.
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Types of the Corpus Sentences Words Characters
English-Bhojpuri 65,000 4,40,609 23,29,093
4,58,484 21,17,577

Table 3. 2: Statistics of English-Bhojpuri Parallel Corpus

As previously mentioned, there is no English-Bhojpuri parallel corpus available publicly
or on the Internet. This is the first work in this language pair where 65,000 parallel
sentences have been created which containing 4,40,609 and 4,58,484 words in English

and Bhojpuri respectively.

3.2.3 Annotated Corpus

Both, monolingual corpus (Bhojpuri) consisting of 1,00,000 sentences and parallel corpus
(English-Bhojpuri) consisting of 65,000 sentences, have been POS annotated. English
data, constituent of parallel data, has also been annotated as per the UD and PD
framework. UD® is a project to build Treebank annotation for many languages which is
cross-linguistically consistent. Its annotation scheme is formed of universal Stanford
dependencies (de Marneffe et al., 2006, 2014), the Interest Interlingua for morpho-
syntactic tagset (Zeman, 2008) and Google universal part-of-speech tags (Petrov et al.,
2012). The Treebank includes the following information in CONLLU format: lemma,
universal part-of-speech tags (UPOS), language-specific part-of-speech tag (XPOS),
morphological features, syntactic dependency relations etc. But in these lemmas and
XPOS are optional features. If it does not exist in any language, then annotator will mark
that field with an underscore (_) symbol. As mentioned in the previous chapter, it has 17
tags for UPOS, 23 tags for morphological features based on lexical and inflectional

categories and 37 tags for syntactic dependency relations (Zeman et al., 2018).

The Bhojpuri UD tagset’ has been prepared on the basis of UD annotation guidelines
(Zeman et al., 2017) and the English UD tagset has been followed for English language.
In Bhojpuri, X-POS tags were annotated using the BIS tagsetg. 5,000 Bhojpuri
monolingual sentences were annotated manually except the XPOS tags. The XPOS tag

was automatically annotated by CRF++ based Bhojpuri POS tagger (Ojha et al., 2015).

e http://universaldependencies.org/

7 see the following link: https://github.com/UniversalDependencies/UD_Bhojpuri-BHTB

¥ This BIS tagset was released in 2010 as generic tagset for annotating corpus in Indian languages. The
related document can be accessed at http://tdil-
dc.in/tdildcMain/articles/134692Draft%20POS %20Tag%?20standard.pdf
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During the process of manual annotation, XPOS tags were validated (shown in the Figure

3.7) using Webanno tool (Eckart, 2016).

10
el
3 8
~ e
A8
B

4|

T IEL
1 EE
il
G0
1
e

4 8
% g
A HE
-
o
4 g
% (o4
L
%

#

Figure 3.7: Screen-Shot of Dependency Annotation using the Webanno

However, the English-Bhojpuri parallel corpus (5000 sentences) was annotated (shown in
the Figure 3.8 and 3.9). 50,000 English sentences were tagged on UD model using
UDPipe (Straka et al., 2016) pipeline through English language model trained under the
CoNLL 2017 Shared Task (Straka 2017). The annotated data was duly validated. The

same data was also annotated on PD model.

So, in the project, I have built a total of 1,00,000 and 5,000 annotated sentences in
monolingual and parallel corpus respectively, while 50,000 English sentences were

annotated at UD and PD levels (see chapter 2 for detailed information).

#sent id =135
# text = Anita and Ravi came yesterday

1 Anita Anita NOUN NN Number=Sing 4 nsubj _

2 and and CCONJ CC 3 cc _

3 Ravi Ravi PROPN NNP  Number=Sing 1 conj L

4 came come VERB VBD  Mood=Ind|Tense=Past|VerbForm=Fin 0 root
5 yesterday  yesterday n NOUN NN Number=Sing 4 obl:itmod _ SpaceAfter=No
6 PUNCT . 4 punct SpaceAfter=No

#sent_id =135

# text = ITTAT A7 71T Fler AT THAT |
1 =rfar  «1FET PROPN N NNP Case=Nom|Gender=Fem|Number=Sing|Person=3 5  nsubj

2 #{3T  #{3r CCONJ cCccD _ 3 cc . _

3 vfg 7 PROPN N NP Case=Nom|Gender=Fem|Number=Sing|Person=3 1 conj L

4 @Frfeg FTeg NOUN N NST Case=Nom|Gender=Masc[Number=Sing|Person=3 5 obl _

5 =swm M VERB V_VM Aspect=Perf|{Gender=Masc|Number=PlurVerbForm=PartVoice=Act 0 root _ _
6 TEAT  TEA AUX  V_AUX Gender=Masc|Mood=Ind[Number=Plur|Tense=Past|VerbForm=Fin =~ 5 aux
7 1 1 PUNCT 8YM 5 punct SpaceAfter=No

Figure 3.8: Snapshot of Dependency Annotated of English-Bhojpuri Parallel Corpus
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1

o o

#sent id =135
# text = Anita and Ravi came yesterday

Anita  Anita PROPN NNP Number=Sing 4 nsubj
and and CCONJ CC 3 cc

Ravi Ravi PROPN NNP NumBeFSing 1 conj o
came come VERB VBD  Mood=Ind|Tense=Past|VerbForm=Fin 0 rtoot_
yesterday yesterday =~ NOUN NN Number=Sing 4 obl:tmod _ SpaceAfter=No

Figure 3.9: Snapshot of after the Validation of Dependency Annotated of English

Sentence

3.3 Issues and Challenges in the Corpora building for a Low-Resourced language

Several problems were encountered while build these resources. For example, lack of

digital content in Bhojpuri, vast variation in Bhojpuri language in both spoken and

writing styles, capturing structural variation in building parallel corpus, problems with

Bhojpuri corpus annotation etc. But here, only major issues will be discussed especially

with the creation of Bhojpuri monolingual, parallel and annotation of the corpus. These

major problems are:

a) OCR-based extracted text: The Hindi OCR tool generated several errors during the

extraction of Bhojpuri texts which took much more time in data validation. Most
of the times, the tool failed to produce correct output under these circumstances:

words and numbers written in bold/italic styles, characters in large font size, word

not belonging to Hindi language, the use of ‘s’ (Avagrha) symbol and similar

looking characters. The Figure 3.10 (extracted from the Figure 3.3 image) and
Table 3.3 demonstrate these errors. First two rows of the Table3 are examples of
bold/italic or font size error. Next four rows of the table are examples of similar

looking characters that don’t belong to Hindi. Next and last row of the table are

examples of inability to recognize ‘S’ (Avagrha) symbol. These problems were

faced in all texts generated with the use of OCR".
Such issues may have cropped up because the OCR was trained on Hindi corpus.
Hence, Bhojpuri words or character appeared Out of Vocabulary (OOV) or
Character (OOC). It could be solved by mapping with a Bhojpuri dictionary or
large size of monolingual corpus. But as mentioned earlier there is no Bhojpuri

dictionary of a good size nor a large corpus is available in the language.
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ET RS T
e

T E% & R ) G R TN &7, 37 0 P o FRT A A\ AN TIA G @R R AT AT T 5T GG T 6 T |
—_— —
T R & Fer ar, § we fma 7, & Faft & o
a'fmxmmavww:hﬁ'mm?mwmrm
AT, FAAT RTAT, ST T AR TR T S AT (TR A
e Ay, Mmm'ﬁﬁﬁmw‘m 1, 7%
At & T S T - AR A b S AT AR A T
5T SATE AT, o0 T 300 5 3 AT T 4T, 0T o OO A
T 5 A R Fee A P s & T |
Se—titeecy Rl
Ao e ot & b &, g o v o < v et
TR . Wm|mmmmmmmw
fuzr e Y e (o A, mwhwmmwmm
R ATTE AT T AR G TN | 0% A & S 2T
i g T A T e
7T W 7 20 & AT g A AT AN | et & 7 7 0 A
& qT R, mtm_wmwmwmmww
ST T AT & A A s, o 5 s e
AT & AT T 30 0 6 5 BT 7 A I S s

Figure 3.10: Sample of OCR Errors

Actual styles of text or OCR Output Desired output

text in the Image

. i1 /.
TFGT | TITT gFZ3N T TFET |
es 7 e
vE /73 /AT 7 T3 AT e

foaeramasardll #¥ias— | foaemasard] | #21qs3 g2 or | [foaerrasard] |#0a—§

755 185

Table 3.3: Error Analysis of OCR based created corpus

b) Issues with Automatic Crawled Bhojpuri Corpus: Two major problems were faced

during the cleaning and validation of automatically crawled Bhojpuri corpus:
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(i) Variation in Character Styles: Variation in the use of sentence end markers

(134

was a challenge. Some texts used Roman full stop (“.”’), while some made

‘C|” CG 2

use of a vertical bar “|” and others used the Devanagri full stop “1” symbol.

Varieties in the use of Avagrha (‘S’) was also found. Some content writers

‘S,

or authors were used roman “S” character instead of Devanagri
character. For example: TS, §S, ST=dS etc. should have been written as

TS, BS, =4S, This happened because there are no standard guidelines for

writing styles of Bhojpuri texts either for websites or printed material.
Hence, content writers or bloggers relied on the available resource and the

ease of typlng

thwm|

5 FaT AF A A |

AT AT & T TR A 3T FA TR |

T A AT 3T T |

A & A1 4T i e el 7 AT & 377 |

o FHET (T T AT T S A

7 T AT T T T R |

Tt ey wferar o Fara el & a7 G At H 9T |
forerer & arfefrae Yo Favataeem & fawe &

a7 oraT Freaer e A oo Foeres s i ey s o ST 2T o0 AT oyt 5 A e e e |
JETIATHT GET & Heleh WIS Bt & TR |

AT AT T M T T T M e A T 3 S e |
TR TAT T T T T Yool WIaTeel 7 €9 |

3o ST RV 47ATE |

T &t forers |

Fhirafa A |

WTST T A2 17 |

E F AT R |

TR B T T &9 T & e A |

T FRF BN & T A A 6 A |

WT’“'

Figure 3.11: Automatic Crawled Bhojpuri Sentences with Other language

(ii) Identification and cleaning of Other Language Sentences: During the
automatic crawling of Bhojpuri corpus, Hindi and Sanskrit language
sentences were also crawled (shown in the Figure 3.11). This is because
the crawler crawls data on the basis of Character encoding (Charset) of the
language which for the present purpose is Bhojpuri. Thus, the data
validation process (which includes identification and removal of non-

Bhojpuri sentences) got further complicated.
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¢) The Problems of Equivalences in English-Bhojpuri Parallel Corpus

In building the parallel corpus, some sentences were given to translators to translate

from source language sentences. But several variations were found in the translated

sentences owing to the judgment used by different translators. As previously

mentioned, for capturing and studying of these variations, the same source sentences

were assigned to different translators from different regions. Several equivalences

issues were found in the target (Bhojpuri) language i.e. writing styles, lexical/word

and phrase levels.

il.

Issues in Writing Style: The translators have followed their own writing styles.

e 9

For example: English word “is” and “come” should be translated to ‘85
“3rgss” in Bhojpuri respectively. However, it was found that sometimes
translator translates as 2 and “379 word and sometimes as g5 and

“3rgseq’. As previously mentioned, it happened due to lack of standard

writing style and awareness between translator with written texts, thus
creating more ambiguities to align parallel words and sentences.

Issues with Word/lexical and Phrase levels: Several varieties in Bhojpuri
translation were found as Bhojpuri is spoken differently in different regions
which were clearly reflected in the translated sentences. In the Figure 3.12,
the Translator-1 belongs to Gorakhpur (Uttar Pradesh) and the Translator-2

belongs to Aara (Bihar).
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Source
Translator-1

Translator-2

Source
Translator-1

Translator-2

Source
Translator-1

Translator-2

Source
Translator-1

Translator-2

Source
Translator-1

Translator-2

Source
Translator-1

Translator-2

| do this work .
0 = T T
2 TM FH FHisd

| can do this work .
Eﬁl??ﬁ’aﬁrﬁlﬁiqﬂu_rﬁ
4 3 3 Hahisd

| did it !
& 38 B3 olE
A HIAl

| did it because he told me to .
29 32 B3 ol DIg (3 2k dadel @
= Dol B 9 9 299 dagel Yesd

| did it because | wanted to .
T 28 @3 oige @I foh 29 =ied 22
T Il DiE U =9 =ed Al

| bought it approximately a week ago .
NS U 2 Ufee WRae &
Tch T U 9T Ugel 87 Eigel Yadll

Source
Translator-1

Translator-2

Source
Translator-1

Translator-2

Whom shall | this give to ?
T By W 3 8IS 99
3 B 34

| suggest that this rule be changed .
AR TE &3¢ & 3 FEA & 959 <2 9™
3 8AR Y3E § T Fow 99e 9&Sd

Figure 3.12: Comparison of Variation in Translated Sentences
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In (1) and (2), the translated sentences by two translators demonstrate variations at the

word level. Here “do” and “this” of source sentences were given different translation

equivalents in the target language as translator-1 “F¥={" and “Tg” translator-2 “FII5A”

and “T”. In (8), we can see the verb source sentence, was translated as a group of three

words (a7 gl S1A) by translator-1 and two words (SaeT HhST) by translator-2. This
created problem in maintaining equivalences and building a standard parallel corpus.

The issues presented in a), b) and c¢) will affect the development of the LT tools and their

accuracy. Hence it is required to reduce these problems further.

65



66



Chapter 4

English-Bhojpuri SMT System: Experiments

The chapter describes in detail the various methods and rationale behind experiments
conducted for the development of an English-Bhojpuri SMT (EB-SMT) system where
English is the source language while Bhojpuri, the target language. As mentioned before,

there has been no such research conducted on English-Bhojpuri based SMT.

Several experiments were conducted to build a robust SMT system for the English-
Bhojpuri language pair, designed using various training models and parameters, namely,
Phrase-based (Koehn, 2003), Hierarchical Phrase-based (Chiang, 2005; Chiang, 2007),
Factor-based (Koehn and Hoang, 2007; Hoang, 2011), Dependency Tree-to-String (Liu
and Glidea, 2008; Venkatapathy, 2010; Graham, 2013; Li, 2013; Williams et al., 2016),
Phrase-based reordering, Lexicalized reordering, and Hierarchical-reordering, etc. All the
training models, except Factor-based, were trained on three different Language Model
(LM) toolkits: IRSTLM (Federico et al., 2007), SRILM (Stolcke, 2002) and KenLM
(Heafield, 2011). The Factor-based SMT (FBSMT) was trained on KenLM and SRILM
only. The reason behind using different LM toolkits was to validate their suitability for a

low-resourced Indian language, in this case, Bhojpuri.

As previously iterated, one of the main objectives of this research is to check
compatibility between the PD and UD framework, and the SMT model for English which
belongs to a language family different than Bhojpuri. To achieve this objective, other
SMT experiments were conducted using the PD and UD-based English annotated data,
trained on the Dependency Tree-to-String (Dep-Tree-to-Str) model. The Dep-Tree-to-Str
based EB-SMT system has been built on the KenLLM toolkit. The Moses toolkit (Koehn et

al., 2007) has been used for experiments of these SMT systems.

This chapter is divided into six sections to enable clarity while the process of the
experiment is explained. The first section elaborates the Moses toolkit and its workflow
and the second section provides information of the training and development data
statistics. The second section also discusses the pre-processing procedures that have been
used for experiments. The third section deals with the development of EB-SMT systems,
further divided into sections elaborating different steps and models used in building of the

systems. The fourth section discusses the results of experiments on the scale of BLEU
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evaluation metrics. The fifth section discusses the outline of EB-SMT system’s web
interface. The sixth and last section sums up the chapter by providing concluding

remarks.
4.1 Moses

An open source SMT toolkit, the Moses enables automatic training of statistical machine
translation models and boasts of being able to work for all natural language pairs (Koehn
et al., 2007). Its inception took place at the University of Edinburgh, but it was further
enhanced during a summer workshop held at Johns Hopkins University (Koehn, 2010).
Moses succeeded Pharaoh, another SMT toolkit developed at the University of Southern
California (Koehn, 2004), and is now the most popular Phrase-based SMT framework.
There are two main components in the Moses, training pipeline and decoder with training,
tuning, and pre-processing tools as additions to the decoding tool. The procedures
involved in training Moses' can be easily understood through a workflow provided in

figure 4.1.

Word aligner e.g, 2 Word alignments Parallel tuning corpus =
/* GIZA++ /
Parallel training corpus /// /
& /
Phrase pas Distortion model Other feature
extription learning extractors
Monolingual target Phrase Distortion Feature values
corpus tabls model
—Q-‘TJ

\
MERTT Tuning €
Language model learner /
eg,SRLIRST >  Language /
model ! \
Parameter Decoder
weights

Figure 4. 1: Work-flow of Moses Toolkit (adopted from Bhattacharya, 2015)

! detailed information of this tool can be found at “http://www.statmt.org/moses/”
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Fundamentally, the training pipeline is an amalgamation of various tools” which picks up
the raw data (both, parallel and monolingual) and transforms it into a model® for machine

translation. For example:

e KenLM, SRILM for language model estimation
¢ GIZA++ (Och and Ney, 2003) for word alignments of the parallel corpus
e Tokenizer, true-caser, lower-casing and de-tokenizer for pre-processing and post-

processing of the input and output data.

After a system is trained, a well-crafted search algorithm of trained model immediately
identifies the translation with the highest probability among an exponential number of
choices available. The decoder, on the other hand, with the assistance of trained machine
translation model, provides a translation of source sentence into the target language.

A great feature of Moses is that in addition to supporting Phrase-based approach it also

supports Factored, Syntax-based or Hierarchical phrase-based approaches.

4.2 Experimental Setup
e Data Size

For the purpose of experimentation, different sizes of data have been used in the
development of the PBSMT, HPBSMT, FBSMT and Dep-Tree-to-Str based EB-SMT
systems. The translation model of all the systems, except Dep-Tree-to-Str System, is
trained on 65000 English-Bhojpuri parallel sentences while the translation model of Dep-
Tree-to-Str system is trained on 50000 parallel sentences. In the set with 50000 parallel
sentences, only source sentences are annotated with the PD and UD dependency
framework which integrates in the Dep-Tree-to-Str model. The parallel data is further
divided into training, tuning and testing sets (detailed statistics are described in Table
4.1). For all the EB-SMT systems, 100000 monolingual sentences of the target language
have been used to build the required LM model.

* Scripted in “Perl and C++"
3 The code can be accessed from: “https://github.com/moses-smt/mosesdecoder”
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Types of Data Training Tuning/ Dev | Testing

English-Bhojpuri parallel sentences 63000 1000 1000
(both raw and POS annotated )

PD and UD based annotated English sentences 48000 1000 1000

Monolingual sentences 100000 - -
(both raw and POS annotated)

Table 4. 1: Statistics of Data Size for the EB-SMT Systems

 Preprocessing for Training the EB-SMT System

For the scope of this work, several pre-processing steps were performed. Firstly, both
types of corpora were tokenized and cleaned (removing sentences of length over 80
words). The true-casing and CoNLL-based dependency format data into Moses XML
format of the English representation of the corpora was done next. Both these processes
were performed using Moses scripts. The next step was tokenization of Bhojpuri data. For
the pre-processing of the target language data, conversion script was used to convert POS
annotated data into Moses format and tokenizer was used to ensure the canonical Unicode
representation. The conversion script and tokenizer were developed by the author and the

SSIS, JNU team.
4.3 System Development of the EB-SMT Systems

This section is arranged in five sub-sections with the objective of enumerating all the
steps included in conducting experiments to build the EB-SMT systems. The first three
sub-sections provide a detailed description of training parts in developing the systems.

The remaining sub-sections explain procedures of testing and post-processing steps.
4.3.1 Building of the Language Models (LMs)

The LM is an essential model in the process of building any SMT system. It is used to
capture fluency of the output similar to the native speaker’s output in the target language.
In short, it helps to understand syntax of the output (target) language. Therefore, it is built
using the monolingual data of the target language. In the case of English-Bhojpuri
language pair-based SMT system the LM is created for Bhojpuri.

In LM, a probabilistic language model p;, should be able to prefer the correct word order

over an incorrect word order. For instance,
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pv (FFTBICES) > pry (BIE TS T) (4.1)

The above example reveals that the likelihood of a Bhojpuri speaker uttering the sentence
T WY |1 85 (i choTa ghara has) is more than the sentence ET€ F¥ 85 T (choTa ghara has
1). Hence, a good LM, p; will assign a higher probability to the first sentence. Formally,

an LM is a function that picks a Bhojpuri sentence and returns the higher probability to

the sentence which should be produced by a Bhojpuri speaker.

LM also aids an SMT system to deduce the right word-order in the context. If an English

word ‘spoke’ refers to multiple translations in Bhojpuri such as sda+i (batavanIM),
ITAAH (bolalasa), and Fgeii (kahallM); an LM always assigns a higher probability to the

more natural word choice in accordance with the context. For example:
puy (B I AIS % qqaAN) > pry (T THAS AT GH FT FHgell)

The above example shows that FZ1 co-occurs most with the conjunction as compared to

the word da1.

The language modeling methodology consists of n-gram (briefly explained below)
language models (LMs), smoothing and back off methods that address the issues of data

sparseness, and lastly the size of LMs with limited monolingual data.

e N-Gram LMs

N-gram language modeling is a crucial method for language modeling. N-gram LMs
measure how likely is it for words to follow each other. In language modeling, the

probability of a string is computed using the equation,
W= Wi Wr W3 WyWs.oouan ... wy, (42)

The statistical method to compute p(W) is to count how often W occurs in a monolingual
data-set, however, most long sequences of words do not occur so often in the corpus.
Therefore, the computation of p(W) needs to break down in several smaller steps aiding
in collection of sufficient statistics and estimation of probability distributions. In sum, n-
gram language modeling breaks up the process of predicting a word sequence W into

predicting one word at a time. Hence, the actual number of words in the history is chosen
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based on the amount of monolingual data in the corpus. Larger monolingual data allows
for longer histories. For instance, trigram language models consider a two-word history to
predict the third word; 4-grams and 5-grams language models are used in a similar vein.
This type of model steps through a sequence of words and consider for the transition only
a limited history is known as a Markov Chain. The estimation of trigram language model

probability is computed as follows:

count (wl,w2,w3) (4 3)

Yw count (wlw2,w3)

p(w3lwl,w2) =

Hence, it counts how often in a corpus, the sequence wy, wy, ws is followed by the word
wy in comparison to other words (there are several related works available to understand
the LM modeling in details like Och and Ney, 2003; Koehn, 2010; Jurafsky and Martin,
2018).

e Training of the LMs

Three LM toolkits (SRILM, IRSTLM and KenlLM) based on the following methodologies
have been used to build LMs.

(a) SRILM, based on ‘TRIE’, used in several decoders (Stolcke, 2002).

(b) IRSTLM, a sorted ‘TRIE’, implementation designed for lower memory
consumption (Federico et al., 2008; Heafield, 2011).

(c) KenLLM, uses probing and TRIEs which renders the system faster (Heafield,
2011).

100000 tokenized monolingual sentences have been used to train the LMs which train on
3, 4 and 5-gram orders with the IRSTLM, SRILM and KenLM respectively using
modified Kneser-Ney (Kneser and Ney, 1995) smoothing and interpolate method (Chen
and Goodman, 1998). The above-mentioned n-grams orders were chosen because of their
better performance in comparison with other numbers in the previous experiments. While
creating models, the number of unigram tokens remained the same irrespective of n-
grams orders except for the SRILM (detailed statistics of tokens are demonstrated in the
Table 4.2). The KenLM model makes higher numbers of tokens on 3-gram orders as
compared to other two while the SRILM makes lowest number. The LMs are then

converted into binary language model (BLM) to improve speed.
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N-gram (order) IRSTLM SRILM KenLM
N-gram-1 70318 70317 70318
N-gram-2 474786 474784 474785
N-gram-3 182943 171200 841129
N-gram-4 - 153717 933978
N-gram-5 - - 918330

Table 4. 2: Statistics of the Bhojpuri LMs

More details of integration are discussed in sections describing translation models and

decoding.

4.3.2 Building of Translation Models (TMs)

In most instances, alignment is the first task of any SMT building process meant to
identify translation relationship among the words or multiword units in a bitext (bilingual
text). Word alignment is usually the first step because creating word-based models helps
in phrase extraction, building of phrase-based* models etc. The word-based model could

be lexical translation models (Koehn, 2010).

e Methodology of Word Alignment and Word-Based Models
This method can be better understood by looking at the examples provided below. For
instance, in a large-sized corpus of English-Bhojpuri, one could count how often 'good' is

translated into each of the given choices.

Translation of English in Total occurrence
Bhojpuri
afzan 138
CIED 145
=T 172
e 73
AT 7

Table 4. 3: Statistics of ‘Go’ word’s Translation in English-Bhojpuri Parallel Corpus

* The meaning of phrase here is not similar to that in linguistics. Here, it refers to a combination of more
than one word, in short, any multiword units.
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The frequency of occurrence for the word 'good' is 555 in English-Bhojpuri corpus. This
word is translated 172 times into 3T=aT (acchA), 145 times into H1a (nlka), 138 times into
24T (ba.DhiyA) and so on. These counts help in making an estimate of a lexical

translation probability distribution which will further help in translating new English text.

To put this function formally:

Pe b —p.(D) 4.4)
Translation of English in Probability Distribution
Bhojpuri
AT 0.249
CIED 0.261
=T 0.309
Gt 0.131
EAED 0.012

Table 4. 4: Statistics of Probability Distribution of ‘good’” word in English-Bhojpuri
Corpus

The above (4.4) function also explains that for any English word e (good), a probability
for each choice of Bhojpuri translation b is returned. This probability indicates how likely
the next translation would be. The function of probability distribution is computed on
each of the above provided translation choice which is shown in the Table 4.4.
The table above represents the source and target word possibilities in a parallel corpus.
Using the example of the source word ‘good’, we find that there is a higher possibility of
it being translated as s==1 (0.309) than 3= (0.012).
Word position is another aspect of alignment. A Word-Based Model proposes to translate
sentences word by word. The following diagram illustrates the alignment between input
and output words.

0 1 2 3

His eyes are red

a: {0-0, 1-1, 2-3, 3-2}
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The above example is a sentence translated from English to Bhojpuri where only an
adjective alters its position in the output. A function of an alignment can be formalized
using an alignment function a. This function maps Bhojpuri word position at b to an

English input word at position e:
ab —» e (4.5)

But there are structures where English requires two Bhojpuri words to capture the same
meaning such as in the example provided below where the English word ‘oldest’ holds
two words of Bhojpuri:

0 1 2 3 4

This 1is the oldest temple

N
T gEd W HERT ES

1 2 3 4
a: {0-0, 1-3, 2-3, 3-4, 4-1}

In the above example illustrating alignment, there is a lack of clear translation for the
English word ‘the’ into Bhojpuri or equivalent words which should be actually dropped
during the process of translation. To capture such scenarios, Moses alignment model
introduces NULL token. This token should be treated like any other word in the output.
This token is required to align each Bhojpuri word to an English one, to define the

alignment function completely.

0 1 2 3 4
This is the oldest temple

Nall £ #a°9 TWH  #fkr 3
o 1 2 3 4 5

a: {0-2, 1-0, 2-3, 3-3,4-4, 5-1}
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At this stage, during translation, alignment model captures three kinds of word mapping
behavior:

e One-to-one word mapping

e One-to two word mapping

e One-to NULL token mapping

At the second stage, Moses captures the idea of IBM Model 1 into its alignment model.
IBM Model 1 allows a model that generates several different translations for a sentence.
Each translation possesses a different probability. This model is fundamentally a
generative model which disintegrates the process of generating the data into further
smaller steps. These smaller steps are further modeled with probability distributions, and

then combined into a coherent sentence.

At the third stage, Moses allows Expectation Maximization (EM) algorithm to learn
translation probabilities from sentence-aligned parallel text. The EM algorithm works on
sentence-aligned corpus addressing the issues caused due to incomplete data. It is an
iterative learning method which helps in filling the gaps in data and in training a model in

alternating steps.

The EM algorithm works as follows (Koehn, 2010):
o Initialize the model with uniform distributions
o Apply the model to the data (expectation step)
e Learn the model from the data (maximization step)

o Iterate steps 2 and 3 until convergence takes place

The first step is to initialize the model sans any prior knowledge. This means for each
input, word e may be translated with equal probability into any output word s. In the
expectation step, the English word 'good’ is aligned to its most likely translation 37==T. In
the maximization step, the model learns from the data. Based on the learnings gains, the
best guess would be determined. But it is better to consider all possible guesses and weigh
them along with their corresponding probabilities. Since it is arduous to compute all of
them, therefore, the model uses the technique of sampling, and higher probabilities

counts. This process iterates through steps 2 and 3 until convergence takes place.
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As discussed above, IBM Model 1 is only capable of handling lexical translation and is
extremely weak in terms of reordering. Four more models are proposed in the original

work on SMT at IBM:

IBM Model 1: lexical translation;

IBM Model 2: lexical translation with absolute alignment model
IBM Model 3: addition of fertility model

IBM Model 4: addition of relative alignment model

IBM Model 5: fixing deficiency

IBM Model 2 is successful in addressing the issue of alignment, based on the positions of
both, the input and output words. An English input word’s translation in position e to

Bhojpuri word in position b is modeled using an alignment probability distribution
a(elb, I, 1,) (4.6)

Therefore, the translation done under IBM Model 2 becomes a two-step process including

a lexical translation step and an alignment step:

0 1 2 3

His eyes are red

(Lexical translation)

AHL M@ AT ES

(Alignment method)

AT AT AT 8BS
0 1 2 3

Lexical translation step is the first step which is modeled by the translation probability

t(ble). The alignment step comes next which is modeled by an alignment probability
a(213, 4, 4). In the above example, the 2" Bhojpuri word &T is aligned to 31 English

word 'red'.

IBM Model 3 appends fertility to its model which handles the number of output words

which are generated from each input word. For instance, few Bhojpuri words do not
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correspond to English words. These dropping or adding words are generated in IBM
Model 3 with the use of the special NULL token. The fertility and NULL Token insertion

enhances the translation process to four steps in IBM Model 3.

0 1 2 3 4
He can open the door

(Fertility step)

3 hdlg Gl ged @3

‘ (NULL Insertion step)
He can openthe door NULL

(Lexical Translation step)

SEEEISERCI ged @5

(Alignment step)

3 chdls Eld Hehd T

0 1 2 3 4

IBM Model 4 is an improved version of Model 3 with the introduction of a relative
distortion model. According to this enhancement, the placement of the translation of an
input word is now based on the placement of the translation of the preceding input word.
For instance, some words get reordered during the process of translation, while others
maintain the order. An example of this verb-object inversion that can take place during
the translation process from English to Bhojpuri is when the token 'is good' of English
converts into the token =T g5 in Bhojpuri. Here, Model 4 simultaneously introduces

word class and vocabulary of a language mostly grouped into 50 or more classes. For

each class, the probabilities are computed and translations are generated accordingly.

While Model 3 and 4 may display the possibility of placing the multiple output words in
the same position, Model 5 fixes such deficiency by places words only into vacant word
positions. For Model 5, the alignment process that steps through one foreign input word at
a time, places words into Bhojpuri output positions while keeping track of vacant
Bhojpuri positions. The fertility of English input words gets selected right at the
beginning. This means that the number of Bhojpuri output positions is fixed. These IBM
Models, from simple (IBM Model 1) to sophisticated (IBM Model 5), are still state-of-

the-art when it comes to alignment models of SMT.
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A fundamental problem with IBM Models is that each Bhojpuri word can be traced back
to exactly one English word (or the NULL token). This means that each Bhojpuri token is
aligned to (at most) one English token. It is impossible that one Bhojpuri word is aligned
with multiple English words. To address such an alignment issue, Moses alignment model
algorithm carries out IBM models training in both directions. This results in two-word
alignments which can then be merged with the support of intersection or the union of
alignment points of each alignment. This process is called symmetrization of word
alignments. For better performance goals, Moses symmetrizes word alignments after

every iteration of IBM model training.

The GIZA++ toolkit has been used for the word alignment to extract words (phrases)
from its corresponding parallel corpora. The GIZA++ implements all IBM (1-5) models
and HMM algorithms to align words and sequences of words (Och and Ney, 2003). The
HMM word alignment model also consists of a source for the MKCLS tool which assists
in generating the word classes crucial to train some of the alignment models. This aligner

is used to build all kinds of EB-SMT system:s.

The forthcoming section explains the newly created and trained translation models (the
sections below explain only about the training and decoding process in the experiments,

for theory refer the chapter - Introduction).
4.3.2.1 Phrase-based Translation Models

Phrase-based translation gains a two-fold edge over word-based translation:

a) phrases manage to resolve several translation ambiguities

b) phrase-based modeling is also able to resolve one-to-many mappings; case of large
parallel corpus, longer and complex phrases and sometimes an entire sentence can be

learnt.

Apart from these benefits, it is also able to handle local reordering captured through the

neighboring phrase pairs (Galley and Manning, 2008).

In the phrase-based models, input (English as e) sentence is first segmented into phrases,
each of which are then translated into a phrase of output (Bhojpuri as b) sentence (process
is illustrated in an example and Figure 4.2). The phrase may be reordered and its

probability is computed with the use of the following formula:
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2 (eib) 4.7

1 2 3 4
He can open the door
3 FATE g qhd gs
1 2 3 4

He
Bl
B e

the

. door

Figure 4. 2: English-Bhojpuri Phrase Alignment

After pre-processing is complete and LM is built, the next step involves creation of
phrase-based translation model. The first experiment was trained using the IRSTLM-
based language model wherein 63000 parallel training data-set was used (shown in table-

4.1). To build the PBSMT system, following parameters were followed:

e ‘grow-diag-final-and heuristic search’ method was used for word alignment which
helps in phrase extraction

e up to 4 n-gram order was used

After the model was built, two files were created: (a) phrase table and (b) moses.ini
Based on stored phrase pairs, which is a part of the phrase table, a translation table is

generated (sample of phrase table can be seen in Figure 4.3).
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| exclaimed the || & &7 || 0.333333 4.35515¢-09 0333333 0.0483928 || 20 3-0 2-1 |33 1 || |

| exclaimed the || & &TaT & | 0.333333 4.35515¢-09 0333333 0.000726018 [ 2-03-0 2-1 |33 1 ||

| exclaimed the || % 27T 7 1 []0.333333 4,33515¢-09.0.333333 9.70279¢-06 | 2:0 30 2-1 | 331 |
823m11110nm0v1e || Fréer forferaer srer o o= 10,5 0.0539836 1 9.65767¢-05 || 1-0 1-1 2-1 0-22-3 34 4-5 ||

L] . .
523 million movie || A€ ferfera STer & firae || 0.5 00635271 10000386793 | 10 1-1 2-10-22-3 34|21 1

I

§ 23 million || &€ Faferar STerw 3 [ 0.5 0.222345 1000323939 || 1-0 1-1 2-1 0-22-3 [ 21 1 |
SJIS1I/110.50428571 | 0-0(j242 ]|

§ | 3T 0.5 1025 0.285714]| 00 [ 24 L[}

§ || ZreT =T || 10.517857 0.25 0.0408163 [ 0-0 0-1 [ 14 1| |

%15 levied on Local Calls || 77 %7 FHfer &fer 7 24 || 1000281294 1 647028¢-07 || 500222 1-33-44-5 1

Figure 4. 3: Snapshot of Phrase-Table of English-Bhojpuri PBSMT System

A distinctive feature of Moses phrase-based model is that the corpus can be trained in

both translation directions (shown in Figure 4) & (e;lb;) and & (e;1b;) because the feature

functions with proper weight, outperforms a model that makes use of one translation

direction only. As far as the number of phrase pairs are concerned, it is always a

conundrum to decide whether one should rely on longer (fewer) phrase pairs or the

shorter (more) ones. To overcome this dilemma uses this test: if p <1, longer (fewer)

phrase pairs is preferred, and if p >1, shorter (more) phrase pairs is preferred.
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# Sentence pair (1) source length 6 target length 8 alignment score : 2.98015e-09

A stone , said the young one .

NULL ({ )T ({1 ) 7o ({2}), ({3 ) FaE ({4 )BT ({567 1) 1({81)
# Sentence pair (2) source length 7 target length 14 alignment score : 7.95033¢-22
The &apos; h &apos; in honest is silent &apos; as &apos; in hour .

NULL ({ DEFEZ ({ 12 DF ({5 HEF ({34689 10 1113 NIT=T ({ DA ({7 12 DT ({}) 1({ 14}
# Sentence pair (3) source length 5 target length 6 alignment score : 1.8496e-07

Who wrote &apos; Gitanjali &apos; ? A

NULL ({ }) et ({1345 D ({ ) e ({2 har () 2({6 })

# Sentence pair (4) source length 7 target length 9 alignment score : 3.92907e-13
When is &apos; Cheti Chand &apos; got celebrated ?

# Sentence pair (1) source length 8 target length 6 alignment score : 1.23773¢- lO
UTITHCW Faed %9.|c-1 |
NULL ({ }) A({ 1 })stone ({25 }). ({3 })said ({4 }) the ({ }) young ({ ) one ({ }) . ({6 })
# Sentence pair (2) source length 14 target length 7 alignment score : 2.47908e-12
W‘TWWWE’ |
NULL ({ }) The ({ }) &apos: ({ })h ({13456 }) &apos; ({ })in ({2 }) honest ({ }) is ({ }) silent ({ }) &apos: ({ }) a
(1 }) &apos; ({ })in ({ }) hour({ }). ({7 })
# Sentence pair (3) source length 6 target length 5 alignment score : 4.50532¢-06
TEAT & foraer ar ?
NULL ({ }) Who ({ 2 }) wrote ({ 3 }) &apos; ({ }) Gitanjali ({ 1 4 }) &apos; ({ D?({5})
# Sentence pair (4) source length 9 target length 7 alignment score : 1.23985¢-12
I ST T AT S AT ?
NULL ({ }) When ({3 })is({ }) &apos; ({ })Cheti ({ | 56 }) Chand ({24 }) &apos; ({ }) got ({ }) celebrated ({ }) ?

Figure 4. 4: Snapshot of English-Bhojpuri and Bhojpuri-English Phrase-based Translation

model

To check the suitability of different LMs with the English-Bhojpuri language pair in the
PBSMT system and also to improve the accuracy level, SRILM and KenLM-based LMs
have been used. With the support of these two LMs, other two PBSMT systems were
trained with the same parameters and training data. Out of these three systems, SRILM
and KenLM-based PBSMT systems gave slightly better results as compared to IRSTLM

(results are shown in the section 4.4).

English and Bhojpuri have different word-order, therefore, to solve the word ordering
issue and improve performance, the experiments were conducted with reordering model
(Koehn et al., 2005; Galley and Manning, 2008; Koehn, 2010) and the PBSMT system
was trained. There have been several experiments done for Indian languages with
reordering models and have reported improvement in the performance (Gupta et al, 2012;
Patel et al., 2013; Chatterjee et al; 2014; Kunchukuttan et al., 2014; Pal et al., 2014;
Shukla and Mehta et al., 2018). Three different (including lexicalized, phrase-based and
hierarchal) reordering-based translation models were implemented which were extended

to the ‘—reordering’ flag in the syntax before following models:
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e msd-bidirectional-fe (msd = use of three different orientations: monotone’ (m),
swap6 (s) and discontinuous’ (d); bidirectional = represents directionality of both
backward and forward models; fe = used for both source and target language)

e phrase-msd-bidirectional-fe (phrase = phrase-based model type)

e hier-mslr-bidirectional-fe (hier = used for hierarchical based model type; mslr =
uses four different orientations: monotone, swap, discontinuous-left,

discontinuous-right)

The above mentioned reordering models are in addition to the other methods used in the
previous experiments (phrase-based translation models including IRSTLM, SRILM,
KenLM). A PBSMT system developed with these models performed the worst in
comparison to the previous three PBSMT systems (results are reported in section 4.4).

A distance-based reordering model handles the issue of reordering in Moses. If we
consider start; as the place of the initial word in an English input phrase that translates to
the ith Bhojpuri phrase, and end; as the place of the final word of the same English phrase
(Nainwani, 2016), then reordering will be computed using the equation, start; — end;.; — 1.
The reordering distance is actually a measure of words skipped (either forward or

backward) in the event of taking input words out of sequence.

A key problem with phrase-based SMT translation model is the loss of larger context
during the process of making translation predictions. The model’s functionality is also
restricted to the mapping of only short chunks without any direct support of linguistic
information (morphological, syntactic, or semantic). Such additional information aids in
enhancing statistical performance and resolving the problems of data sparseness caused
due to limited size of training data. But in PBSMT, linguistic information has been

proved to be valuable through its integration in pre-processing/post-processing steps.
4.3.2.2 Hierarchical Phrase-Based Translation Models

We understand that a phrase is an atomic unit in the phrase-based translation models
(PBSMT system), A Hierarchical model creates sub-phrases in order to weed out several

problems associated with a PBSMT system especially the one with long distance

> There is evidence for monotone orientation when a word alignment point exists towards the top-left.

® There is evidence for a swap with the previous phrase when a word alignment point exists towards the top-
right.

” There is evidence for discontinuous orientation when no word alignment point exists towards either top-
left or top-right and there is neither monotone order nor a swap.
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reordering. HPBSMT is a tree-based model that specializes in automatic extraction of
SCFG through a parallel corpus without the aid of labeled data, annotated syntactically in
the form of hierarchical rules (Chiang, 2005). This model takes into consideration a
formally syntax-based SMT where a grammar (hierarchical rules) sans underlying
linguistic interpretation is created. In the hierarchical phrase-based model phrases,
hierarchical rules extracted through HPBSMT are the fundamental units of translation.
These rules are extracted in accordance with the phrase-based translation model (Koehn
et al., 2003). Therefore, hierarchical rules possess the power of statistically-extracted
continuous sets in addition to the ability to translate interrupted sentences as well and
learn sentence reordering without a separate reordering model. The HPBSMT model has
two kinds of rules: hierarchical rules and glue grammar rules. This model expands highly
lexicalized-based models of sentence translation systems, lexicalized rearrangement

model and disjoint sets® (Chiang, 2005; Chiang, 2007).

Both, Chiang model and Moses toolkit are widely accepted and followed for SMT.
Hence, the experiments have been conducted with Hierarchical phrase-based translation
model using the SRILM and KenLM-based LMs. To train the HPBSMT, the author has
used the same training data size and followed identical training steps as used for the
baseline of PBSMT systems. Three additional parameters’ have also been included: ‘-
hierarchical and -glue-grammar (for creating glue-grammar and by default rule-table)’, ‘--
extract-options (for extraction of rules)’ and ‘--score-options (for scoring of rules)’. These
parameters create ‘rule-table’ instead of phrase-table which is a part of the model (the
‘rule-table’ is an extension of the Pharaoh or Moses ‘phrase-table’). See Figure 4.5 for an

illustration of the rule-table of HPBSMT.

® A detailed description is included in Chapter 1, Introduction.
® Further details can be accessed from : “http://www.statmt.org/moses/?n=Moses.SyntaxTutorial”
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[X[X] our fast bowler . [X] || [X][X] 55 % & 7aaret & 1[X]]] 0.5 3.34919¢-05 1 0.000631 171 [] 0-0 23 3-1 3-2
3-43-54-5[10.285714 0.142857 0.142857 | ||
[XI[X] our flag [X] ||| [X][X] &= & =T [X] || 1 0.0218876 1 0.00134698 || 0-0 1-1 2-2 2-3 || 0.369841 0.369841
0369841 |||

[X[X] our flag [X][X] ! [X] ||| [X][X] &5& & =T [X][X] [X]|]] 0.110113 0.000136137 1 0.00134698 || 0-0 1-1 2-2
2-33-4]0.394851 0.0434783 0.0434783 |||

[X[X] our flag [X][X] [X] || [X][X] #¥& & =T [X][X] [X] || 0.672173 0.0218876 1 0.00134698 || 0-0 1-1 2-2 2-3
3-4 ]| 0.394851 0.265408 0.265408 |||

[X][X] our flag [X][X] there [X] ||| [X][X] ¥& & =T [X][X] [X] || 0.217715 0.000172829 1000134698 || 0-0 1-]
2-22-3 3-4]10.394851 00859649 0.0859649 || |

[X][X] our flag was [X][X] [X] ||| [X][X] 85 & F==T [X][X] 72 | [X] ||| 1 0.00293266 1 2.95803¢-05 || 0-0 1-1 2-2
2-33-5.4-4[10.129443 0129443 0.129443 || ||

[X][X] our flag was still [X] || [X][X] 55 & ST & & | [X] || 1 0.00293266 1 1.4019¢-07 || 0-0 1-12-22-3
35 4-4 10135965 0.135965 0.135965 11

Figure 4. 5: Snapshot of Rule Table from the English-Bhojpuri HPBSMT

A major drawback of this approach, when compared to set-based systems, is that the total
number of rules learned is larger in several orders of magnitude than standard phrase-
based translation model. This leads to an over-generation rate and help search error,
further resulting in a much longer decoding time, requiring more space and high memory

in comparison to phrase-based and factor-based translation models.

4.3.2.3 Factor-Based Translation Models

Factor-based translation model operates on the phrase-based model, extending its basis to
model variables representing linguistic information (Koehn et al., 2003; Koehn and
Hoang, 2007; Koehn, 2010; Hoang, 2011). It also allows integration of additional
linguistic information through annotation at word level, like labels indicating POS and
lemma. Each type of additional word-level information is termed as a factor. In short, to
develop a statistical translation model which is factored-based, the training data from
parallel corpus should be annotated with additional factors. The remaining standard steps

of training are followed with the same methods as used in the previous translation model.

From the perspective of training, there are two crucial features or steps in factored
models. The first feature is translation and the second one is called generation. They
originate from a word-aligned parallel corpus and determine scoring methods, thus,
helping in making an accurate choice from multiple ambiguous mappings (Koehn and

Hoang, 2007).

As we’ve learnt before, Phrase-based translation models are obtained from a parallel

corpus that is word-aligned. The process for acquiring these models is to extract all
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phrase pairs which are consistent with word alignment. Several feature functions can be
estimated if a set of extracted phrase pair are made available with counts. These feature
functions can be conditional phrase translation probabilities. They stand on relative
frequency estimation/lexical translation probabilities which are established on the basis of

words constituting the phrases.

Similarly, the translation steps models can also be obtained with the support of a word-
aligned parallel corpus. For a designated number of factors in both, the input and output, a
set of phrase mappings (now over-factored representations) are extracted which are
determined on the basis of relative counts and the probabilities of word-based translation

(as shown in above figure).

The generation steps are actually probability distributions which are estimated only on the
side of the output. It is acquired on a word-for-word basis. For example, a tabular
representation of entries such as (3=dl, JJ) is built for every generation step that is

successful in mapping surface forms to part-of-speech. Conditional probability

distributions, obtained by maximum likelihood estimation can be used as feature

functions, e.g., p(JJIT==).

&£ g £

Figure 4. 6: Extraction of the translation models for any factors follows the phrase

extraction method for phrase-based models

To reiterate, the LM is a crucial constituent of any SMT system which frequently creates
over-surface forms of words. Such sequence models can be defined over any singular or a
set of factor(s) in the framework of factored translation models. Building is

straightforward for factors like part-of-speech labels.

Hence, to successfully conduct experiments using this model, the training data (including

both parallel and monolingual corpus) was annotated at POS level only (shown in the
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Table 4.1). At first, surface factor-based LMs were developed using the monolingual
sentences based on SRILM and KenLM toolkit only. The next step involved,
preprocessing and then training FBSMT systems using the translation steps. After the
creation of SRILM and KenlLM-based two factor translation models, the author has
trained other six factor-based translation models using the above-mentioned three

reordering models (sample of model is shown in Figure 4.7).

! Come here ||| §8T|PR_PRP a|N_NN ||| 1 0.0193508 1 0.00172865 ||| 2-0 0-1 1-1 ||| 1 1 1 || ||

! Come ||| ESTIN_NN ||| 0.5 0.0277778 1 0.0066358 ||| 0-0 1-0 ||| 2 1 1 ||| |||

' T was very little when my ||| !|

RD_SYM&H|PR_PRP g |RP_INTF Z1Z|J] T&T|V_VM FHIN_NST ZATZ[PR_PRP ||| 1
0.00016405 1 1.18322e-05 ||| 0-0 1-1 3-24-3 2-45-56-6 (] 1 1 1| ||

I Twas very little when ||| {|RD_SYM &H[PR_PRP F5a[RP_INTF Z1<(1J &= 1|V_VM S«N_NST
Il 1 0.000553444 1 3.86604e-05 ||| 0-0 1-1 3-24-3 2-4 5-5 ||| 1 1 1 ||| |||

I Twas very little ||| []RD_SYM &H|PR_PRP a5 [RP_INTF Z1Z|JJ TE=1T[V_VM ||| 1 0.00106472 1
7.29025¢-05 ||| 0-0 1-13-24-3 2-4 [ 1 11| ||

UT]|| YRD_SYM &H|PR_PRP ||| 1 0.121909 0.25 0.112032 ||| 0-0 1-1 ||| 14 1 || ||

'T]|| '/RD_SYM §H&|PR_PRP ||| 1 0.0812713 0.25 0.0288667 ||| 0-0 1-1 | 1 4 1 ||| |l

!'T||| ¥RP_RPD &H|PR_PRP ||| 0.0285714 0.00360973 0.25 0.00800229 ||| 0-0 1-1 ||| 354 1 ||| |||

|1 ||| FETETIN_ NN 89PR_PRP ||| 1 0.91867 0.25 0.00200059 ||| 0-0 1-1 ||| 14 1 ||| |||

LIF ||| Y/RD_SYM 3T|CC_CCD ||| 1 0.060611 0.5 0.0801231 || 0-0 1-1 ||| 1.2 1 ||| |||

!IF ||| BTN NN ||| 10.25 0.5 0.00330055 ||| 0-0 1-0 [ 12 1 [|| [l

! Just jump . [|| |RD_SYM FEIN_NN FT[V_VM ||| 1 0.000326308 1 0.000482381 ||| 0-0 3-0 1-1 2-1

Figure 4. 7: Snapshot of Phrase-Table based on the Factor-based Translation Model

4.3.2.4 PD and UD based Dependency Tree-to-String Models

The last two experiments were administered using the ‘Tree-to-String’ method relying on
dependency data which acts as a constituent of syntax-based SMT models. The Tree-to-
String models, as mentioned before, use a rich input language representation (source-side
language information derived trees resemble the linguistic parse trees observed in the

data) to translate into word sequences in the output language.

To develop the Deep-to-Tree-Str based SMT systems, the task of dependency annotation
was performed using the PD and UD models (see chapter 2 to know more about PD and
UD models). This annotation practice is used to annotate English source sentences.
Statistics of such labeled data are placed in Table 1. Before system training, pre-
processing and CoNLL format-based annotation of dependency data was transformed into
XML format. This was done in order to suit the requisites of input format for Moses
(shown in Figure 4.8). Because XML format demands substructure nesting, the input can
be provided only in the form of projective dependency structures to the tool. Such is the

case because non-projectivity is known to break nesting (Graham, 2013).

87



<tree label="sent"><tree label="root"><tree label="kl"><tree label="1lwg"><tree label="WDT">What</tree></tree><tree
label="NN">idea</tree></tree><tree label="1wg aux"><tree label="VBZ">does</tree></tree><tree label="1lwg"><tree
label="DT">the</tree></tree><tree label="NN">story</tree><tree label="r6"><tree label="case"><tree label="IN">of</
tree></tree><tree label="rsym"><tree label=""''">"</tree></tree><tree label="NNP">Beauty</tree><tree
label="conj"><tree label="compound"><tree label="cc"><tree label="CC">and</tree></tree><tree label="1lwg"><tree
label="DT">the</tree></tree><tree label="NNP">Beast</tree><tree label="case"><tree label="P0S">'</tree></tree></
tree><tree label="NN">convey</tree></tree></tree><tree label="rsym"><tree label=".">?</tree></tree></tree></tree>
<tree label="sent"><tree label="root"><tree label="expl"><tree label="EX">There</tree></tree><tree label="VBP">are</
tree><tree label="kl"><tree label="amod"><tree label="]]">total</tree></tree><tree label="nummod"><tree
label="CD">66</tree></tree><tree label="NNS">gates</tree><tree label="r6"><tree label="case"><tree label="IN">in</
tree></tree><tree label="compound"><tree label="NNS">Loyds</tree></tree><tree label="NN">barrage</tree></tree></
tree><tree label="rsym"><tree label=".">.</tree></tree></tree></tree>

<tree label="sent"><tree label="root"><tree label="advmod"><tree label="WRB">How</tree></tree><tree label="kl"><tree
label="amod"><tree label="]J">many</tree></tree><tree label="amod"><tree label="]J">total</tree></tree><tree
label="NNS">gates</tree></tree><tree label="cop"><tree label="VBP">are</tree></tree><tree label="RB">there</
tree><tree label="obl"><tree label="case"><tree label="IN">in</tree></tree><tree label="rsym"><tree

label="""">&apos;</tree></tree><tree label="compound"><tree label="NNP">Loyds</tree></tree><tree
label="NNP">Barrage</tree></tree><tree label="rsym"><tree label="''">&apos;</tree></tree><tree label="rsym"><tree
label=".">7</tree></tree></tree></tree>

<tree label="sent"><tree label="root"><tree label="nsubj"><tree label="det"><tree label="DT">A</tree></tree><tree
label="NN">stone</tree></tree><tree label="punct"><tree label=",">,</tree></tree><tree label="VBD">said</tree><tree
label="obj"><tree label="det"><tree label="DT">the</tree></tree><tree label="amod"><tree label="J]J">young</tree></
tree><tree label="NN">one</tree></tree><tree label="punct"><tree label=".">.</tree></tree></tree></tree>

<tree label="sent"><tree label="root"><tree label="det"><tree label="DT">The</tree></tree><tree label="amod"><tree
label="]J">&apos; h</tree></tree><tree label="punct"><tree label="""">&apos;</tree></tree><tree label="obl"><tree
label="case"><tree label="IN">in</tree></tree><tree label="]]">honest</tree></tree><tree label="cop"><tree
label="VBZ">is</tree></tree><tree label="J]">silent</tree><tree label="punct"><tree label="''">&apos;</tree></
tree><tree label="obl"><tree label="case"><tree label="IN">as</tree></tree><tree label="punct"><tree
label="""">Gapos;</tree></tree><tree label="case"><tree label="IN">in</tree></tree><tree label="NN">hour</tree></
tree><tree label="punct"><tree label=".">.</tree></tree></tree></tree>

<tree label="sent"><tree label="root"><tree label="nsubj"><tree label="WP">Who</tree></tree><tree label="VBD">wrote</
trees<tree label="obj"><tree label="punct"><tree label="""">&apos;</tree></tree><tree label="NNPS">Gitanjali</

tree><tree label="punct"><tree label=""'"'">&apos;</tree></tree></tree><tree label="punct"><tree label=".">?</tree></
tree></tree></tree>

<tree label="sent"><tree label="root"><tree label="mark"><tree label="WRB">When</tree></tree><tree
label="nsubj:pass"><tree label="cop"><tree label="VBZ">is</tree></tree><tree label="punct"><tree label="""">&apos;</

tree></tree><tree label="compound"><tree label="NNP">Cheti</tree></tree><tree label="NNP">Chand</tree><tree
label="case"><tree label="P0S">&apos;</tree></tree></tree><tree label="aux:pass"><tree label="VBD">got</tree></
tree><tree label="VBN">celebrated</tree><tree label="punct"><tree label=".">?</tree></tree></tree></tree>

Figure 4. 8: Snapshot of Converted Tree data of PD & UD based to train of Deep-to-Tree-
Str SMT Systems

<tree label="sent"><tree label="root"><tree label="discourse"><tree label="UH">No</tree></tree><tree
label="punct"><tree label=",">,</tree></tree><tree ||| Hemwaaaa@ieTas||110.01020410.0257132|||5-10-21-22-23-24-2526-2
5-35-45-5]|1981][[|[]|

<tree label="sent"><tree label="root"><tree label="discourse"><tree label="UH">No</tree></tree><tree
label="punct"><tree label=",">,</tree></tree><tree ||| SUHA@Ew AT @RS ||| 110.0102041 2.88785e-05 ||| 5-2 0-3 1-3
2-33-34-35-36-35-45-55-6 ||| 1981 ][] ||]

<tree label="sent"><tree label="root"><tree label="discourse"><tree label="UH">No</tree></tree><tree
label="punct"><tree label=",">,</tree></tree><tree ||| a% f-efee a <ar || 0.510.0102041 1[]|4-00-11-12-13-14-14-2524-3 || 2
981 III

<tree label="sent"><tree label="root"><tree label="discourse"><tree label="UH">No</tree></tree><tree
label="punct"><tree label=",">,</tree></tree><tree ||| TEod WE F 18 Wew FRETR wgel ||| 1 1 0.0102041 1.51168e-10 ||| 2-3 2-4
2-50-6 1-6 2-6 3-6 4-6 5-6 6-6 ||| 198 1 ||| ||

<tree label="sent"><tree label="root"><tree label="discourse"><tree label="UH">No</tree></tree><tree
label="punct"><tree label=",">,</tree></tree><tree ||| Tadwsa,d a1 ||0.510.0102041 1| 3-0 4-1 4-24-33-4 0-51-52-53-54-55-5|
29811l

<tree label="sent"><tree label="root"><tree label="discourse"><tree label="UH">No</tree></tree><tree
label="punct"><tree label=",">,</tree></tree><tree ||| Fadgham=1&gat||0.210.0102041 1][2-00-11-12-12-21-31-41-5]||598 1 |||
Il
<tree label="sent"><tree label="root"><tree label="discourse"><tree label="UH">No</tree></tree><tree
label="punct"><tree label=",">,</tree></tree><tree ||| W9 TgfeA e s @ we & | ||| 1 10.0102041 1 ||| 5-0 0-1 1-1 2-1 3-1 4-1 51
6-15-25-35-45-55-6([1981]||[I|

<tree label="sent"><tree label="root"><tree label="discourse"><tree label="UH">No</tree></tree><tree
label="punct"><tree label=",">,</tree></tree><tree ||| 3L ?]||0.510.01020411]]|0-01-02-03-04-05-1][298 1 ]| ||

<tree label="sent"><tree label="root"><tree label="discourse"><tree label="UH">No</tree></tree><tree
label="punct"><tree label=",">, </tree></tree><tree ||| WEF 18 Few FRwaR wel ||| 1 10.0102041 2.25624e-06 ||| 2-2 2-3 2-4
®-5 1-5 2-5 3-5 4-5 5-5 6-5 ||| 198 1 ||| ||

Figure 4. 9: Screenshot of Phrase-Table of the Dep-Tree-to-Str based EB-SMT System

In order to build the Dep-Tree-to-Str systems, there is a need to extract rules. To meet this

requirement, Moses (Williams and Koehn, 2012) implements GHKM (Galley et al., 2004;
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Galley et al., 2006), which otherwise is used in the process of syntax-augmented SCFG
extraction from phrase-structure parses (Zollmann and Venugopal, 2006). It is the same
rule extraction process that has been applied to dependency parses in a way so that there
is no mandatory restriction to a particular set of node labels. The remaining part of system
training (including PD and UD based) steps are the same as followed in the
PBSMT/HPBSMT system. A sample of rule-table is provided in Figure 4.9 substantiating
similarity to the HPBSMT.

4.3.3 Tuning

Tuning is the last step in the process of creating SM system. Different machine-produced
translations (known as n-best hypotheses) are weighed against each other in order to
deduce a group of best possible translations. Minimum Error Rate Training (Och et al.,
2003) is an in-built tuning algorithm residing in the MOSES decoder'® with the task
objective to tune a separate set of parallel corpus. To complete this process, 1000 parallel
sentences (see tuning/dev set under Table 4.1) were used which was implemented with all
of the above developed systems using the ‘mert-moses.pl’ script. There is an additional
parameter “--inputtype 3” which was included with the ‘mert-moses.pl” script to tune the
Dep-Tree-to-Str based EB-SMT systems. The MERT performs three tasks with the aid of
tuning set: (a) Combining features set using the algorithm combines a set of features (b)
determining contribution of each feature weight to the overall translation score and (c)

Optimizing the value of feature weights to maximize the translation quality.

' The task of decoder is to identify the best-scoring translation from an exponential number of options
available for any given source language sentence. Examining an exhaustive list of possible translations,
score each of them, and pick the best one out the scored list is computationally expensive for even a
sentence of modest length. Moses provides a solution in the form of a set of efficient techniques called
heuristic search methods whose task is to find the best possible translations (from the LM, phrase-
table/rule-table and reordering models, plus word, phrase and rule counts). These methods are able to
prevent two kind of errors: a) Search error — it refers to the failure to locate the translation with highest-
probability, and b) Model error - when the translation with highest probability is not a good translation
according to the model. Therefore, the end goal of MT is to provide translations which is able to deliver the
meaning of source sentence and is also fluent in target language (Further details can be accessed from:

http://www.statmt.org/moses/?n=Advanced.Search or follow Neubig and Watanabe, 2016’s article

“Optimization for Statistical Machine Translation: A Survey”).

89



4.3.4 Testing

As discussed in section 4.2, 1000 sentences were used to evaluate the results of the fully-
developed English-Bhojpuri SMT (including EB-PBSMT, EB-HPBSMT, EB-FBSMT
and Dep-Tree-to-Str) systems. The BLEU scores are reported in section 4.4.

4.3.5 Post-processing

After obtaining output from the SMT systems, the tasks of de-tokenization and
transliteration of the names are performed in a bid to further enhance the accuracy rate of

the EB-SMT outputs.
4.4 Experimental Results

In the current research, 24 EB-SMT systems were trained using the Moses on English-
Bhojpuri with different phrase-based, hierarchical phrase-based, factor-based and
dependency based tree-to-string translation models on various LMs. Figure 4.10, 4.11,
4.12 and 4.13 demonstrate results of these systems at the Precision, Recall, F-measure

and BLEU metric.

Out of these systems, PD and UD-based EB-SMT systems achieves highest BLEU,
Precision, Recall and F-Measure score compare with others system while HPBSMT
systems lowest. But in the PD and UD, PD’s BLEU score were increased +0.24. A
perspective of evaluation of the reordering based model ‘lexicalized reordering’ based
EB-SMT systems performance is very low compared with others reordering model while

hierarchical reordering results are better.
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Figure 4. 10: Results of Phrase based EB-SMT Systems
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Figure 4. 11: Results of Hierarchical based EB-SMT Systems
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Figure 4. 12: Results of Factor based EB-SMT Systems
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Figure 4. 13: Results of PD and UD based Dep-Tree-to-Str EB-SMT Systems
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4.5 GUI of EB-SMT System based on MOSES

Figure 14 demonstrates user interface of the EB-SMT system which is accessible at:

http://sanskrit.jnu.ac.in/eb-smt/index.jsp to test the system. Initially, user gives input text

or uploads English texts file. Once it has entered or uploaded, it goes for preprocessing
such as tokenization, lowercasing of source language sentences. When it is finished, input
text goes to developed tuned model file where the “moses.ini” using the related decoder
generates best translation of the input sentence. After that translated sentences go for

post-processing and that will be displayed on web interface.

Computational Linguistics R&D

School of Sanskrit and Indic Studies
Jawaharlal Nehru University

New Delhi

&L&arning‘ Corporale-Text | | Research Students

Home ‘Language Processing TonlsH Lexical Resources |

English-Bhojpuri SMT (EB-SMT) System

The "EB-SMT System" has been developed as part of a doctoral work by Atul Kr. Ojha during
2013-2018 under the supervision of Prof. Girish Nath Jha. The system takes English text in utf-8
and returns Bhojpuri translated text. The dissertation is titled "English-Bhojpuri SMT System:
Insights from the Karaka Model". Feedback may be sent to Atul Kr. Ojha at
shashwatup9k@gmail.com or Prof. Jha at girishjha@jnu.ac.in.

Source Language  English v Target Language Bhojpuri v

Translate

Figure 4. 14: Online Interface of the EB-SMT System
4.6 Conclusion

This chapter has discussed in detail of experimental part of the developed different SMT
systems for English-Bhojpuri language pair which was followed on various translation

model: phrase-based, hierarchical phrase-based, factor-based and dependency-based tree-
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to-string. Hierarchical and Factor based SMT were implemented with two different the
KenLM and SRILM LM toolkits while Phrase-based was implemented on three LMs
including IRSTLM LM toolkits. The KenLM based LMs have been used to develop
dependency-based tree-to-string SMT (PD and UD based).

Out of these discussions, the chapter has also explained language model, word-based, and

word-alignment models with the Bhojpuri examples.

Finally, the BLEU score of 24 EB-SMT systems (including 12 PBSMT, 2 HPBSMT, 8§
FBSMT and 2 Dep-Tree-to-Str) have been presented. The last section gives a brief idea of
online-interface (GUI) of the English-Bhojpuri SMT systems with the web-link. Detailed
evaluation and linguistic analysis of the best EB-SMT systems will be discussed in

chapter 5.
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Chapter 5

Evaluation of the EB-SMT System

5.1 Introduction

Evaluation is inevitable in the development of an MT system. Without credible evaluation
of the final generation text, on the parameters of accuracy, fluency, and acceptability, no
claims can be made on the success of the MT system in question. An evaluation task
validates how the results of MT systems are inaccurate or insufficient. It is, in fact, a
mandatory task for all NLP applications. In comparison to other NLP tasks, MT
evaluation is complicated and tougher in whose development several unexpected issues
crop up. One of the reasons is the lack of a single method to determine the perfect human
translation. For instance, an English sentence can generate multiple sentences in Bhojpuri

when translated with the aid of various human translators (as discussed in chapter 3).

There is no consistency in human translations which makes it very difficult to create
universally accepted methods for the evaluation of MT systems. Hence, there are no
globally agreed and trustworthy methods available (AMTA, 1992; Arnold et al., 1993;
Falkedal, 1994). However, there is a common hypothesis and agreement on the basic
structures (Hutchins & Somers, 1992; Arnold et al., 1994) of the same. The two most

common practices for the MT evaluation are Automatic and Manual/Human evaluation.

In the last chapter, experiments conducted for development of the EB-SMT systems were
discussed. Results of 24 EB-SMT systems were reported on Precision, Recall, F-Measure
and BLEU metrics. The present chapter evaluates only top two EB-SMT systems based
on their performance: PD-based Dep-Tree-to-Str and UD-based Dep-Tree-to-Str EB-SMT
systems. These two EB-SMT systems are compared with each other on the basis of error
analysis (Automatic and Human evaluation) and linguistic perspectives (Human

evaluation).

This chapter is divided into five sections. The second section briefly discusses the
methodology of automatic evaluation. It reports the results of PD and UD-based Dep-
Tree-to-Str EB-SMT (based on the automatic evaluations) with a focus on error analysis.

The third section gives a brief idea of Human evaluation and the methodologies followed
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to evaluate the systems. This section also reports and discusses the comparative results of
the EB-SMT systems based on two human evaluators. The fourth section presents
comparative error analysis of the best two EB-SMT systems i.e. PD and UD-based EB-
SMT. The fifth and final section concludes the chapter.

5.2 Automatic Evaluation

This method evaluates quality of the MT system through a computer program. The
primary objective behind this method is to rapidly capture performance of the developed
MT systems and being less expensive in comparison to Human evaluation. There are
several tested MT evaluation measures frequently used such as Precision (Melamed et al.,
2003), Recall (Melamed et al.,, 2003), F-Measure (Melamed et al., 2003), BLEU
(Papineni et al., 2002), WER (Toméds et al., 2003), METEOR (Denkowski and Lavie,
2014), and NIST (Doddington, 2002) etc. These methods which have been used to
evaluate EB-SMT systems using the reference Corpus1 (the Precision, Recall, F-Measure,
and BLEU metrics scores are already reported for all 24 EB-SMT systems in chapter 4)

are briefly explained below.

e Precision, Recall and F-Measure
Precision and Recall metrics are widely used in NLP applications such as MT, POS
tagger, Chunker, search engine, and speech processing etc. The precision metrics
compute correct translated words from the MT output by dividing it with the output-
length of the system while the recall metric divides the correct words by the length of
reference translation or reference-length. The F-measure metrics is a harmonic mean of
the precision and recall metrics or to put it simply, it is a combination of precision and
recall (Koehn, 2010). In the MT application, precision metric is more important than the
recall metric. A notable drawback of the precision metric is its sole focus on word-
matches while ignoring the word-order. WER has to be borrowed from speech

recognition to account for word-order. The F-measure is formed to reduce the double

1 Reference corpus is known as gold corpus. This type of corpus is prepared by Human. In the case of MT,
reference sentences are translated by human instead of computer.
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counting done by n-gram based metrics such as BLEU and NIST. These metrics can be

computed on the following formulas® (taken from Koehn, 2010):

correct

Precision = ——
output —lengt h (5 1)

Recall = —=C____ (5.2)

reference —lengt h

recision *recall
F — measure = -2

(precision *recall )/2 (5 3)
or
t
F —measure = e
(output —lengt h+reference —lengt h)/2 (5 4)

To understand concept of the precision and recall, let us take an example below:

Reference Translation: 9 9g< @ AT ST |

System A: ZH % AT FgL AT ATS |
System B: H AT 918 ST & ATl |
System C: TH qEL G ATS 1 |

In the example illustrated above, System C's output exactly matches with the reference
translation which shares all six tokens, while the outputs of System A and B matches one
and two tokens (out of six tokens) respectively. The precision results then become:
A’s:14.28%, B’s: 28.57% and C’s: 100%. While in the recall, these scores would be:
A’s:16.6%, B’s: 33.33% and C’s: 100%.

e BLEU (Bilingual Evaluation Understudy)
BLEU is an n-gram based metric, popularly used in the automatic evaluation of an MT
system. For each n, where n ranges from 1 to 4, the BLEU score counts the number of
occurrences of n-grams in the candidate translation (MT output). It should display an
exact match in the corresponding set of reference translations (human translation) for the
same input. BLEU score is commonly computed on an entire test corpus and not on the
sentence level. The number of matching n-grams is directly proportional to a higher
BLEU score. This score ranges from 0 to 1, where the higher the score the closer the

match between reference and candidate translations. A key anomaly of using BLEU is

2 to know details of these metrics see following articles or book: Tomas et al., 2003 “A Quantitative
Method for Machine Translation Evaluation”; Melamed et al., 2003 “Precision and recall of machine
translation”; Koehn, 2010 “Statistical Machine Translation”
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that it assigns a low score despite a candidate translation being able to express the source
meaning fluently and precisely but using different lexical and syntactic choices which,
although, are perfectly legitimate but are absent in one of the reference translations. Due
to these problems, it fails to measure the recall metric.® Tt is also erroneous in the
evaluation of the English-Hindi language pair (Ananthakrishnan et al., 2007; Gupta et al.,
2010).

e WER (Word Error Rate)
WER is the first automatic evaluation metric which is applied to SMT (Koehn, 2010). It
is adapted from speech recognition systems and considers word order for evaluation.
WER works on the ‘Levenshtein distance’ (Koehn, 2010), and can be defined as the
minimum number of editing steps (including insertions, deletions and substitutions). In
short, it is the ratio of words, which should be inserted, substituted or deleted in a
translation to achieve the reference sentence (Tomas et al., 2003). The WER is computed

using the formula,

substitutions +instertions +deletions
WER = (5.5

reference —lengt h or lengt h of reference translation

e METEOR
METEOR is another extension of BLEU metrics used to extract the best evaluation report
of the MT system. It incorporates the recall metric in the evaluation of the MT system
which BLEU doesn’t consider. According to Denkowski and Lavie (2014), it evaluates
“translation hypotheses by aligning them to reference translations and calculating
sentence-level similarity scores”. The major advantage of this metric is that it matches
MT output to reference translation on the stemming, synonyms or semantically-related
word levels which help to retrieve more accurate score as compared to BLEU metric. It
also allows the use of Wordnet to disambiguate similar forms or synonyms of the target
words. But a drawback of this method is that its formula and method are more

complicated than BLEU.

3 To know the drawbacks and BLEU methodology see following articles: Ananthakrishnan R et al., 2007 *
Some Issues in Automatic Evaluation of English-Hindi MT: More Blues for BLEU”, Papineni et al., 2002,
“BLEU: a method for automatic evaluation of machine translation”).
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5.2.1 PD and UD-based EB-SMT Systems: Automatic Evaluation Results

In this section WER and METEOR automatic evaluation results of PD and UD-based EB-

SMT systems are reported. This section also compares these systems on sentence level

based on the scores achieved from the automatic evaluation metrics.

(a) WER and METEOR Results of the PD and UD-based EB-SMT Systems
As Figure 5.1 demonstrates, WER results show that the UD-based EB-SMT
system generates more error at the word level as compared to PD-based EB-SMT
system. At the overall METEOR accuracy, the PD-based EB-SMT system
performance is +0.00359 units higher than the UD-based EB-SMT system.

08
0.7
06
05
04 - Ay WER
03 L mMetear
0.2
01 4

0

PD based EB-SMT
UD based EB-SMT

vy

Figure 5. 1: Results of PD and UD based EB-SMT Systems at the WER and Meteor

(b) A Comparative Analysis of PD and UD based EB-SMT Systems on the METEOR
metric

When we compare the MT output of test data of these systems at the sentence level
(Figure 5.2) on the METEOR metric, PD-based EB-SMT’s performance is much better
reported than UD-based EB-SMT which is analyzed next.

If we analyse Score (Figure 5.2), Precision, and Recall performance of the two systems,
then PD-based EB-SMT system has outperformed the UD-based EB-SMT at most
instances. There is only one exception seen in the segment range of 150 to 200, in which

UD’s performance is better than PD. Similarly, the analysis of fragmentation-penalty
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(Frag) also shows that PD performance is higher as compared the UD (the only exception

is in the segment range of 350-400).

When we anlayse these systems at the sentence-length level, the performances of PD and

UD-based EB-SMT systems show some variation in the performance at different word-

length levels which is described below (shown in figure 5.3):

(@

(i)

(iii)

@iv)

1-10 words length level: the PD-based EB-SMT system has reported
highest score at the segment range of 7-10 while the UD-based EB-SMT

system reports better performance at the segment range of 6-8.

11-25 words length level: the UD-based EB-SMT system has reported
highest score at the segment range of 80-140 while the PD-based EB-SMT

system reports better performance at the segment range of 20-60 and

above 140.

25-50 words length level: At this level, the UD-based EB-SMT system has
reported the highest score at the segment range of 60-75 and 100-120
while the PD-based EB-SMT system reports better performance at the
segment range of 80-100.

51+ words length level: At this level, the UD-based EB-SMT system has
reported highest score at the segment range of 6-9 and 16-18 while the PD-

based EB-SMT system reported better performance at the segment range

of 2-4 and 12-16.

(¢c) A Comparative Analysis of PD and UD-based EB-SMT Systems at the sentence

levels based on the BLEU, Precision, Recall and F-Measure metrics

Figures 5.4 and 5.5 demonstrate some comparative examples using the above metrics

score, out of the 100 best sentences (for (c) and (d), MT-CompareEval toolkit has been

used (Klejch et al., 2015)). One analyzing these figures we find most of the time PD

achieves 70-100% scores on all metrics (except brevity penalty) as compared to the UD-

based EB-SMT system. Even there is a huge difference on the UD-based EB-SMT system

output except in Figure 5.5’s first and last examples.
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(d) A Comparative Analysis of PD and UD based EB-SMT Systems at the Confirmed

and Un-confirmed N-gram levels

A confirmed N-gram refers to the correct match of system output with respect to the
reference translation, while an unconfirmed N-gram refers to the incorrect match of the
system output with respect to the reference translation.

Figure 5.6 presents the statistics of confirmed N-grams (1 to 4 gram) of PD and UD-based
EB-SMT systems (Dep-Tree-to-Str). For each N-gram level (1-4 the top ten N-gram are
provided, for both the systems. If we consider top ten 1-gram, then UD has more function

words as compared to PD.

The statistics of unconfirmed top ten N-grams (1 to 4 gram) of the PD and UD-based EB-
SMT systems are displayed in Figure 5.7. As observed in the confirmed N-gram, the top
ten unconfirmed 1-gram have more function words in UD output as compared to PD
output. One interesting observation is that in case of PD n-gram statistics (Figures 5.6 and

5.7), the punctuation - question mark ‘?’ - appears only in unconfirmed n-gram.
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Figure 5. 2: METEOR Statistics for all sentences of EB-SMT System 1 (denotes to PD
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Source | had to visit an institution .

Reference T B W ST s |
UDbased Dep- 7 Tl ¢ &¥l & Tl
Tree-to-Str
PD based Dep-
Tree-to-Str

BREVITY-PENALTY BLEU
UD based Dep-Tree-to- 1 657
Str
PD based Dep-Tree-to-5tr i 73.98
Diff 10.0000 04100
Source | shall return within an hour .
Reference 6 @ b 4 7S g |

UDbasedDep- & 7 777 & i 08 41 & 8
Tree-to-Str

PDbased Dep- 74 0@ el IEiECg

Tree-to-Str

BREVITY-PENALTY BLEU
UD based Dep-Tree-to- i 9.2
5tr
PD based Dep-Tree-to-5tr i 800
Diff 0.0000 71,6200
Source [ needn 't get up early tomorrow .

Reference 0 T 9 3 % oo TR F |

UDbased Dep- ¥ 7 & H@Wan 9 (GFF F
Tree-to-Str

PDbasedDep- & el 7l E@

Tree-to-Str

BREVITY-PENALTY BLEU
UD based Dap-Tree-to- 0.3824969025 11.59
Str
PD based Dep-Tree-to-5tr i B6.33
Diff 01175 -T4.7400

BLEU-cased

6.57

75.08

£69.4100

BLEU-cased

029

809

-11.6200

BLEU-cased

11.50

86.33

47400

PRECISION

357

16.25

-T2.6800

PRECISION

10.28

81.01

-10.7300

PRECISION

16.07

86.36

-70.2900

RECALL

417

76.25

-T2.0800

RECALL

14.88

gL

-56.1300

RECALL

1424

B6.36

-72.1200

F-MEASURE

185

76.25

-T2.4000

F-MEASURE

12.16

g1

-£68.8500

F-MEASURE

151

B6.36

-71.2600

Figure 5. 4: Example-1 of Sentence Level Analysis of PD and UD EB-SMT System
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Source How can you make a request ?

Reference 1 758 W@ il @ 9o 7
UDbased Dep- 7 =i 7% Fa 7 7
Tree-to-Str

PDbasedDep- 7 7 1@ fii a5 ¥l 7
Tree-to-Str

BREVITY-PENALTY BLEU
UD based Dep-Tree-to- 1 5081
Str

PD based Dep-Tree-to-Str i 100
Diff 0.0000 -49.1900
Source Mary sold the car for susan yesterday .
Reference 5 ¥ @R Do DR 49 7 |
UDbased Dep- @1 &7 & T @ dl

Tree-to-5ir

PDbased Dep- ¥ 9w @i [ERl#w @@
Tree-to-Str

BREVITY-PENALTY BLEU
UD based Dep-Tree-to- 08664778098 78
Str
PD based Dep-Treeto-Str (2668778008 729
Dif 0.0000 450100
Source Why are you weeping ?
Reference q 7R oW 794 7
UDbased Dep- @1 7 ¥4 754 7

Tree-to-5ir

PD based Dep- [ e 754 7

Tree-to-Sir

BREVITY-PENALTY BLEU
UD based Dep-Tree-to- 1 5081
Str
PD based Dep-Tree-to-Str 1 100
Diff 0.0000 -48.1800

BLEU-cased

081

100

-49.1800

BLEU-cased

2789

728

45,0100

BLEU-cased

081

100

-49.1800

PRECISION

5742

100

-42.0800

PRECISION

38.03

84.58

-45.8500

PRECISION

525

100

-47.5000

RECALL

57.82

-42.0800

RECALL

1363

74

-37.7700

RECALL

67.92

-32.0800

F-MEASURE

57.82

J

100

-42.0800

F-MEASURE

36.00

7743

-41.3400

F-MEASURE

-40.7800

Figure 5. 5: Example-2 of Sentence level Analysis of PD and UD EB-SMT System

105




1-gram

PD based Dep-Tree-to-Str wins

EEEEHRIE

176 - 69 = 107

34-24=10

13-6=7

41-35=6

84-78=6

10-4=6

38-33=0

27-22=5

10-5=5

J-0=5

3-gram

PD based Dep-Tree-to-Str wins

& s faF
T T g
T FE-
HAT TS
T HA wEs
HAER F FSH
& THE FESH
e & TS
wsT fi 3

o wmT

7-0=7
6-0=6
5-0=5
5-0=5
5-0=5
5-0=5
4.0=4
4-1=3
3-0=3

3-0=3

UD based Dep-Tree-to-Sir wins

CRRAE NN IE AR IF T

81-56=25

23-2=21

71-08=13

195- 183 =12

T4-67=7

22-16=6

18-13=9

33-28=5

13-8=5

12-7=35

UD based Dep-Tree-to-Str wins

TP BEE ?
e T30 ?
AT,
wE A E
T TR EEH
T W
RIkc ]

F i A

e

M-7=4
9-5=4
3-0=3
3-0=3
3-0=3
3-0=3
3-0=3
2-0=2
2-0=2

2-0=2

2Z-gram

PD based Dep-Tree-to-Sir wins

g
Bkl

& TS
s
&
g
AT
S
T FEeE

I

13-4=9

12-3=9

7-0=7

7-0=7

G-1=7

5-0=3

5-0=3

5-0=58

5-0=5

G6-2=4

4-gram

PD based Dep-Tree-to-Str wins

& FHA FisA ,
AR T FsH fF
e & TS FsE
T S Eie WY
HasAfE s

e e % T
TsH i 9 Arwat
fiF 3 TpeET B

T F TS T

IAFaaR E ,

5-0=5

5-0=5

UD based Dep-Tree-to-Sir wins

I

A7

23-2=21

43-30=13

G6-2=4

9-5=4

12-89=3

5-2=3

3-0=3

3-0=3

3-0=3

4-1=3

UD based Dep-Tree-to-Str wins

= T TN ?
e Har TE 9N
FEFE A |
TGS < 3

A H Hw A
e ved g9w 7
q it e v
U AR T8 9

T TR FEN T8

3-0=3
3-0=3
Z2-0=2
2-0=2

2-0=2

Figure 5. 6: Details of PD and UD at the Confirmed N-grams Level

1-gram

PD based Dep-Tree-to-Sir loses

q
e
GE)
e

T

e

36-3=33

34-16=18

25-13=12

21-9=12

19-8=10

9-2=7

27-22=5

37-32=58

§-4=5

10-5=5

3-gram

PD based Dep-Tree-to-Str loses

gF?
wE?

7 Wi i
el | it
1 oifE Haw
@ ?
g a1 el
Rcroht
wg?

Hiaw i wi

13-0=13

12-2=10

0-1=39

3-0=3

3-0=3
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3-0=3

3-0=3

3-0=3

3-0=3

UD based Dep-Tree-to-5ir loses

q
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]

FIEIEREE

325-219=110

284-221=63

290-175=31

50-15=31

21-7=14

24-10=14

25-13=12

111-98=12

G3-82=11

51-40=11

UD based Dep-Tree-to-Sir loses

ATE A
FA?

F Y

&

T 3T g
& T |
Eakaciid
a3
e a1 fi
g &

14-1=13
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PD based Dep-Tree-to-Sir loses
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PD based Dep-Tree-to-Str loses
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UD based Dep-Tree-to-5ir loses
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23-13=10
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16-7=89

UD based Dep-Tree-to-Sir loses

30-6=24 WG
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18-6=12 @&
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3-0=3

3-0=3

3-0=3

Figure 5. 7: Details of PD and UD at the Un-confirmed N-grams level
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5.3 Human Evaluation

Along with the automatic evaluation metrics, the human evaluation metrics are also
considered while evaluating MT outputs. But this strategy consumes more time and
incurs a higher cost as compared to automatic evaluation. Human evaluation is mostly
done on sentence-by-sentence basis which makes it cumbersome to issue a judgement on
the entire discourse. This anomaly is resolved in automatic evaluation as the measures
here are invaluable tools for regular development of MT systems. These measures are
only imperfect substitutions for human assessment of translation quality which reveals
interesting clues about the properties of automatic and manual scoring. Most MT
researchers/evaluators follow metrics of adequacy and fluency in order to judge the MT
output. It is very difficult to maintain a consistent standard for fluency and adequacy scale
for different annotators. The judgement of humans on several systems also contrasts
significantly with the quality of the different systems. But this method is the best strategy

to improve any MT system’s accuracy, especially for Indian languages.

5.3.1 Fluency and Adequacy

Human evaluation is a preferred methodology when more than one translation outputs are
available. Most human evaluators were assigned following five point scale (shown in the
Table 5.1 and 5.2) to evaluate at the level of fluency and adequacy of MT systems output
(taken from the Koehn, 2010; Ojha et al., 2014).

Fluency
5 Flawless of Bhojpuri sentence
4 Good Bhojpuri sentence
3 Non-native sentence (like Hindi)
2 Disfluent
1 Incomprehensible

Table 5. 1: Fluency Marking Scale

At this level, evaluator can evaluate the output of MT systems correctly on the given
scales. Generally, researchers use a quality scale of 1-5 for fluency and adequacy i.e. 1 for
incomprehensible/none, while 5 for flawless/all meaning. After fluency, adequacy is
evaluated. For adequacy, the translated output is compared with the reference translation

in order to know how natural is the output translation based on the quality scale of 1-5.

107



Therefore, this strategy has been adopted to evaluate the PD and UD-based EB-SMT

systems output.

Adequacy
5 All meaning
4 Most meaning
3 Much meaning
2 Little meaning
1 None

Table 5. 2: Adequacy Marking Scale

1)) Suggestion for Evaluators to evaluate the Systems outputs:

The following instructions are given to evaluator for evaluation of the EB-SMT systems
output:

e Look at the MT translated output first.

e Evaluate each sentence for its fluency.

e Mark it on the scale 1-5 (according to table 5.1 and 5.2).

e Look at the original source sentence only to verify the faithfulness of the

translation (only for reference).

¢ If the marking needs revision, modify it to the new marking.

e After marking at the fluency level look at reference sentence and mark it on

adequacy level at the scale of 1-5.

(ii) Methodology of EB-SMT Systems testing:
The same test data® was used (which is used for automatic evaluation methods) to
evaluate the PD and UD-based EB-SMT systems. Their outputs were then assigned to
two evaluators who marked the PD and UD-based EB-SMT systems outputs based on
adequacy and fluency levels. If marking is done for N sentences and each of the N
sentences 1s given a mark based on the above scale, the two parameters (on the 5.6 and

5.7) are calculated as follows>:

(Number of sentences with scores)
4 (5.6)

Adeuacy =

Fluency = YN, Si/N 5.7

4 See chapter 4 for details
> To know more, see Ojha et al., 2014 “Evaluation of Hindi-English MT Systems”.
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5.3.2 PD and UD-based EB-SMT Systems: Human Evaluation Result

On the basis of human evaluation methodology described above, the PD and UD-based
EB-SMT systems have been evaluated. Figure 5.8 demonstrates a comparative result of
the PD and UD-based EB-SMT systems of the two evaluators. In this, PD-based system
achieves highest fluency for both evaluators. At the adequacy level, on the other hand, the
UD-based EB-SMT system received highest scores by evaluator-1 while evaluator-2 gave
the highest score to PD-based EB-SMT system. When we take averages of the adequacy
and fluency scores of both evaluators, we find that UD’s adequacy score (approx.
80.46%) 1s higher as compared to the PD-based EB-SMT system’s adequacy score
(approx. 75.77%) while at the level of fluency, the PD’s system performance is higher
(approx. 62%) as compared that of the UD (57.63%).

When we closely observe the PD and UD-based EB-SMT systems’ evaluation report of
fluency (shown in figure 5.9) at each level, we find that PD has received a score above
50% for the ‘2’ scale (except the evaluator-2 score). Another observation is that PD-based
EB-SMT system received lowest score for ‘4’ scale by all evaluators as compared to the

UD-based EB-SMT system.
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PD by PD by up by up by
Epaluator-1 Epaluator-2 Epaluator-1 E paluator-2

Figure 5. 8: A comparative Human Evaluation of PD and UD based EB-SMT Systems

On the other hand, the analysis of adequacy scores on each level shows that UD-based
EB-SMT system received the highest score by all the evaluators for ‘2’ scale as compared
to that of the PD-based EB-SMT system (shown in figure 5.10). In another instance, the

UD system did not receive any score for ‘3’ and ‘1’ scale by evaluator-2.
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A similarity observed for both systems is that the overall score received from both the

evaluators is not above 10% for ‘5’ scale, for both systems.

D by Evaluator-1
BFD by Evaluator-2

UD by Evaluator-1
BUD by Evaluator-2

EFD by Evaluator-1
BFD by Evaluator-2

UD by Evaluator-1
BUD by Evaluator-2

Figure 5. 10: PD and UD-based EB-SMT Systems at the Levels of Adequacy
5.4 Error Analysis of the PD and UD based EB-SMT Systems

In the translation process, the text of source language gets decoded, which is then
encoded into the target language. One of the main challenges for translation is the
linguistic divergences between the source and target languages at several levels. In case
of MT, several others problems are also encountered. These problems occur at the level of

decoding which raises several challenges for MT.

110



The errors in the translated MT outputs are categorised into the following three main
levels (Chatzitheodorou et al., 2013). Each of these three main error categories is sub-

divided into several sub-levels as explained below:

e Style: The level of ‘Style’ is concerned with style and formatting of the MT
output. The stylistic issues are related to incorrect formats of addresses, dates,
currency, errors of incorrect accents, misspelled words, incorrect punctuation,
incorrect capitalisation and abbreviations, etc.

e Words: The level of ‘Words’ deals with vocabulary usage. This level is also
divided into various sub-categories. For instance, single words error, the errors of
wrong translation of idioms, un-translated words which are not found in the data,
literal translation etc.

e Linguistic: The linguistic level focuses on the linguistic and grammatical aspects
of the MT outputs. It consists of sub-levels of inflection errors (nominal, verbal
and others), the error of wrong category selection, error in function words

translation like articles and ad-positions, and the errors related to agreement.

The analysis of the EB-SMT outputs also results in several problems primarily related to
agreement (like gender agreement), Named Entity Recognition (NER), structural
mapping, and nominal inflection error (plural morphemes).

The following errors were encountered during the evaluation of PD and UD-based EB-

SMT systems:
(A) Errors on Style Level:
(a) Generation of Extra Word(s):

In this category, an error is made because a few extra word(s) are generated in the MT

output. For instance, in the example (I), if we compare UD and PD EB-SMT outputs with
the reference translation, the word ‘¥ is found to be an extra in both UD and PD-based

EB-SMT outputs. Similarly, in the example (II), the UD EB-SMT output generates extra

words ‘T&H1T %g@’.
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(I) Talso have to go to the market. (SL)

ZHE * AT TSI STTH 5 | (PD-EB-SMT Output)
hamahU ke bhl bAzAra jAeska ha . (ITrans)
20 | 9T F S0 % O (UD-EB-SMT Output)
hama bhl bAjAra ke jAe ke pa.DI . (ITrans)

Reference Translation of the TL: THg % FSITL SATU 5 |

[Trans of the reference Translation: hamahU ke bajAra jAeska has.

(I) I'regret but I am compelled to deny. (SL)

ZHh AT g5 AT gH AR L -
& TSl 3=l (PD-EB-SMT Output)
hamake aphasosa has lekina hama inakAra kare ----

ke majabUra halM. (ITrans)

TH SITehe STRHTE AR ¥ o A9 25| THE B8l (UD-EB-SMT Output)

hama lekina aphasosa inakAra kare ke majabUra halM. ----

nakAra dehala . (ITrans)

Reference Translation of the TL: g% STHETE a1 AT gH TAHIL HL REERS EER

ITrans of the reference Translation: hamake aphasosa bA lekina hama inakAra kare ke

majabUra halM.
(b) Spelling and Punctuation Errors:

This error type classifies the errors related to the spelling and punctuation in the MT

output. The punctuation errors can be illustrated with the help of examples in (II) and
(III). In (II), the UD EB-SMToutput has an extra punctuation mark ‘I’ and in (III), both

PD and UD EB-SMT systems outputs have generated an extra punctuation ‘|’ at the end

of the output sentence.

The spelling error is observed in the example (III), in which both UD and PD EB-SMT

systems outputs have ‘q’ in place of ‘T’ of the reference translation.
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(ITT) You are the chieftain of the central panchayat. (SL)

T HeE T T & AT g9 2 | (PD-EB-SMT Output)
tU kendariya pancAyata ke mukhiyA haua ? (ITrans)
q Fea T T & qIEAaT g3 2 | (UD-EB-SMT Output)
tU kendariya pancAyata ke mukhiyA haua ? . (ITrans)

Reference Translation of the TL: T Fwai¥d TeaTId & GAT 3T ?

ITrans of the reference Translation: tu kendariya pancAyata ke mukhiyA haua ?
(B) Errors on Word Level:

Two types of word level errors have been observed: WSD (word sense disambiguation)

and Un-translated and Multi-word units error. These errors are further explained.

(¢) WSD error:

WSD error occurs when the EB-SMT output is unable to disambiguate the source text and

therefore provide wrong word in the EB-SMT output. This is illustrated clearly in (IV), in

which “F9TZ” of the reference translation is wrongly translated as ‘H&T in both UD and

PD-based outputs. An explanation of this error could be the inability of both the EB-SMT

systems to disambiguate two different senses of source language word ‘head’.

(IV) Ifeel a severe pain in my head. (SL)
THTE FUTE AT TO2Tsd qEaT | (PD-EB-SMT Output)
hamAra kapAra bhayAnaka pirAsta mukhiyA . (ITrans)
AT AT TUTsd qEaT | (UD-EB-SMT Output)

hamAra mukhiyA bhayAnaka pirAsta. (ITrans)

Reference Translation of the TL: SHTT FHqTT HITh forersal

ITrans of the reference Translation: hamAra kapAra bhayAnaka pirASta.
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(d) Un-translated and Multi-word units error

In the example (V), ‘becoming’ and ‘impudent’ are not translated by both EB-SMT

systems. Error in multi-word units also occurs in the same example: ‘3Ter® & TTer®” of

PD-EB-SMT output has occurred instead of ‘Sgd” of the reference translation.

(V) You are becoming more and more impudent day by day.  (SL)
FT T becoming T & 31T impudent 3¥ e &1 (PD-EB-SMT Output)
kA tU becoming adhika se adhika impudent aura dina dina . (ITrans)
d becoming gTT #e 37 fa7 &7 impudent e (UD-EB-SMT Output)

tu becoming dvArA aura Dhera dina dina impudent dihala. (ITrans)

Reference Translation of the TL: fmafem ag%r TIH BT T2d 83 |

[Trans of the reference Translation: tu dina ba dina bahute besharama hota rahata haua .
(C) Error on Linguistic Levels:

At the linguistic level, we have found errors in inflection and structure which are

described below.

(e) Issues with Inflections

In the example (VI), ‘BHY of the reference translation is translated as ‘gH° by both PD

and UD EB-SMT system outputs. These inflectional errors occur in the output because
the target language ‘Bhojpuri’ is morphological richer than the source language ‘English’.
One of the reasons of such errors could be the fact that there is no linguistic information

provided for the target language (generation part).

(VI) Ithink Ram is going to marry Sita. (SL)
2H 9r=a T HiaT & f5ame Y A15d 85 | (PD-EB-SMT Output)
hama socata rAma sitA se biyAha kare jAsta has . (ITrans)
H BT | OH | AT | 54718 HL 75 85 | (UD-EB-SMT Output)
hama khyAla se rAma sitA se biyAha kare jAsta has. (ITrans)

Reference Translation of the TL: A< BT & T1H AT & ﬁ?ﬂg L ATST B5 |

[Trans of the reference Translation: hamare khyAla se rAma sitA se biyAha kare
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JASta has.

(f) Structural Issues

In example (VII), in the UD-EB-SMT output ‘d1” should occur after ‘89’ instead of

occurring at the end of the sentence.

(VII) I also don't know. (SL)
H T Tar AT | (PD-EB-SMT Output)
hama bhl patA nA . (ITrans)
H 91 S T | (UD-EB-SMT Output)
hama nA jAnata bhl . (ITrans)

Reference Translation of the TL: gHg TS SATHISA

[Trans of the reference Translation: hamahU nAlI jAnlsla.

5.4.1 Error-Rate of the PD and UD-based EB-SMT Systems

The Tables 5.3, 5.4 and 5.5 describe all the error sub-levels (of main error levels: Style,
Word and Linguistic) for the PD and UD-based EB-SMT systems.

At the style error level (Table 5.3), both PD and UD systems produce maximum errors in
the sub-level of ‘Generation of Extra Words’ while the lowest number of errors occur in
the sub-levels of ‘Spelling errors and Country standards’ (for PD EB-SMT system) and in
the sublevel of ‘Punctuation’ (for UD EB-SMT system).

Sub-Levels of Style PD-EB-SMT System | UD-EB-SMT System
Acronyms and Abbreviations 34 108
Generation of Extra words 81 156
Country standards 8 25
Spelling errors 8 54
Issues with Accent level 15 39
Punctuation 17 7

Table 5. 3: Statistics of Error-Rate of the PD and UD based EB-SMT Systems at the Style

Level
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The Table 5.4 provides the error details of both PD and UD-based EB-SMT systems at
the ‘Word’ error level. The error sub-level ‘Single words’ has received maximum errors
for both PD and UD systems while the lowest number of errors occurs in the sub-level of

‘Conjunctions’ for both PD and UD EB-SMT systems.

PD-EB-SMT System UD-EB-SMT System

Single words 213 348
Multi-word units 126 72
Terminology 4 51

Un-translated words 118 136

oov

(Out of Vocabulary) 30 23
Ambiguous translation 54 58

Literal translation 178 111
Conjunctions 1 3

Table 5. 4: Statistics of Error-Rate of the PD and UD based EB-SMT Systems at the
Word Level

At the linguistic error level (Table 5.5), both PD and UD-based EB-SMT systems
produce maximum errors in the sub-level of ‘Verb inflection’ while the lowest number of
errors occur in the sub-levels of ‘Article and Agreement’ (for PD EBSMT system) and in
the sub-level of ‘Agreement’ (for UD EBSMT system).

PD-EB-SMT System UD-EB-SMT System

Verb inflection 123 216
Noun inflection 21 3

Other inflection 148 201
Wrong category 49 51

Article 1 165
Preposition 108 89
Agreement 1 2

Table 5. 5: Statistics of Error-Rate of the PD and UD based EB-SMT Systems at the

Linguistic Level
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5.5 Conclusion

In this chapter, out of the 24 (12 PBSMT, 2 HPBSMT, 8 FBSMT and 2 Dep-Tree-to-Str)
EB-SMT systems developed, top two - PD and UD-based on Dep-Tree-to-Str EB-SMT
systems have been evaluated and compared using various automatic and human
evaluation methods. In these evaluations, we can analyze that the performance of PD’s
system is slightly better than UD’s system. Out of automatic and human evaluations, the
systems generated output were deeply anlaysed on three broader translation error levels,
namely, style, word and linguistic level, which are explained with outputs of both
systems. Finally the chapter has reported statistics of error-rate on the error levels of three

translations.
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Chapter 6

Conclusion and Future Work

MT has always been the focus of research and development in NLP. New ideas and
methodologies have shaped and contributed towards the advancement of the field of MT.
One of the important MT types is the SMT which has become very influential in the last
two decades. The present PhD research concerns itself with the development of twenty
four SMT systems for the English-Bhojpuri language pair. This research is quite
significant as there is no SMT system available for this language pair. Another
significance of the research is the creation of LT resources for the target language
‘Bhojpuri’ which is a low-resourced language. Various issues and challenges faced and
tackled during the course of the research work have also been discussed. A brief
explanation to the thesis has been provided below by providing a brief summary of the

chapters.

Chapter 1 introduces this PhD research by detailing the motivation of the study, the
methodology used for the study and the literature review of the existing MT related work

in Indian languages.

Chapter 2 explores the feasibility of the Karaka model (Paninian Dependency) for
enhancing the linguistic information which would help in better performance of the SMT
system. The chapter also takes into account the usefulness of another popular dependency
framework ‘Universal dependency’ which has been recently used for several cross-lingual

tasks.

Chapter 3 gives details of various LT resources created for Bhojpuri. It should be
mentioned here that although Bhojpuri is spoken by a large population, there is no
publically available corpus for monolingual Bhojpuri or parallel English-Bhojpuri
language pair. The initial resources created for the present study were a monolingual
Bhojpuri corpus and a parallel English-Bhojpuri corpus. Both of these corpora were
annotated with BIS-based POS tag-set. For the parallel English-Bhojpuri corpus, the
source language English was also annotated at the dependency level. Two dependency

frameworks were used for annotation: the Karaka model based dependency (Paninian
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Dependency) and Universal Dependency (UD). The tools and methodology employed in
this chapter have proven to be quite useful. Since the LT resources created for Bhojpuri
and English are initial efforts, further enrichment of these resources for further research

work is planned.

Chapter 4 discusses in detail the various experiments conducted for the development of
24 EB-SMT systems. These systems were developed using various translation models
which are explained in this chapter. The statistical information of the data used for
training, tuning and testing has also been provided. This chapter also reports the results of

the 24 EB-SMT systems at the Precision, Recall, F-Measure and BLEU metrics.

Chapter 5 focuses on the evaluation task of the top two EB- SMT systems (PD based
Dep-Tree-to-Str and UD based Dep-Tree-to-Str EB-SMT systems) which have given the
best performance. For the purpose of evaluation, both Automatic and Human evaluation
methods were used. One of the important result that came out this study is the better
performance of the PD based EB-SMT system which performed better than all other EB-
SMT systems.

Future scope or extension of the study:

1. One of the future goals is to improve the accuracy of the existing EB-SMT system
by using transliteration, NER and hybrid methods (such as Placeholder method
etc.).

2. In order to keep the scope of this study restricted, I have provided dependency
annotation only for the source language, English. The next task would be to
annotate target language, Bhojpuri, of parallel English-Bhojpuri corpus with
Paninian Dependency framework and to develop SMT system using tree-to-tree
and string-to-tree models.

3. As mentioned earlier, the corpus created in this study is first of its kind which will
be made available publically. The date size of parallel corpus will be further
increased to 100K sentences to enhance accuracy and capture variation in
Bhojpuri.

4. The present study focuses on the SMT methods. A future goal is to conduct the

experiment using the Neural/Deep learning methods.
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5. An extension of the present research to develop the SMT system for the Bhojpuri
— English language pair will contribute to develop the bi-directional SMT system
of this language pair.

6. There are many Indian languages which are low-resourced. One of the proposed
future works is to explore the contribution of the present research for conducting a

similar work in other Indian languages.

This PhD work has been a fruitful research endeavour in which SMT system for English-
Bhojpuri language pair has been developed. Experiments with various methods and
approaches were conducted to explore their feasibility for this work. The results and
output of the research have been satisfying, however, there is still scope of improvement

and further research work.
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Appendix 1

Home Page of EB-SMT System with Input Sentence

Computational Linguistics R&D
School of Sanskrit and Indic Studies

Jawaharlal Nehru University
New Delhi

Home ||Language Processing Tools || Lexical Resources ||e-Learning (| Corporale-Text || Research Students

Feedback

English-Bhojpuri SMT (EB-SMT) System

The "EB-SMT System" has been developed as part of a doctoral work by Atul Kr. Ojha during 2013-2018 under the
supervision of Prof. Girish Nath Jha. The system takes English text in utf-8 and returns Bhojpuri translated text. The
dissertation is titled "English-Bhojpuri SMT System: Insights from the Karaka Model". Feedback may be sent to Atul Kr.
Ojha at shashwatup9k(@gmail.com or Prof. Girish Nath Jha at girishjha(@jnu.ac.in.

Source Language | English ¥ Target Language | "Bhojpuri® ¥

What did you do to your hair!

Why did you leave the job?

Store all your jewellery and money in
some safe location before you leave on
your trip.

You do not pay enough attention to your
child.

I wonder whether Michael walked the dog.

Translate |

Online interface of the EB-SMT system is accessible at http://sanskrit.jnu.ac.in/eb-smt/index.jsp
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Computational Linguistics R&D

School of Sanskrit and Indic Studies

Jawaharlal Nehru University
New Delhi

Home ||Language Processing Tools|| Lexical Resources ||e-Learning || Corporale-Text || Research Students

Feedback

English-Bhojpuri SMT (EB-SMT) System

The "EB-SMT System" has been developed as part of a doctoral work by Atul Kr. Ojha during 2013-2018 under the
supervision of Prof. Girish Nath Jha. The system takes English text in utf-8 and returns Bhojpuri translated text. The
dissertation is titled "English-Bhojpuri SMT System: Insights from the Karaka Model". Feedback may be sent to Atul Kr.
Ojha at shashwatup9k(@gmail.com or Prof. Girish Nath Jha at girishjha(@jnu.ac.in.

Source Language |English ¥ Target Language | "Bhojpuri” ¥ |

What did you do to your hair!

Why did you leave the job? q I T EF T WA A

: . A TR Brea 7

Store all your jewellery and money in g

some safe location before you leave on e TR AW T § e g AGK T AR T
¥ourdtripi et Transiate | (ERE 7@ ® @ 7E |

cﬁlijld(.) not pay enough attention to your R R

I wonder whether Michael walked the dog. AT & AW 5 ggw & 9 e o WG

Output of the EB-SMT system

124




Appendix 2
Sample Set of Bhojpuri Monolingual Corpus

ID Sentences

BHSDO1 G I 8RR JRI et - » § HeRI oft , Siiq IS8T Yo 19T §9 o Tadhl a1+ o
AR @ qRIIAT 97 {3 379 3TFT | EART U8 WRQ¥T & el B - It , e - Senr et Hea
H Ean, SHA A AT

BHSD02 & ok AR el § U el |

BHSD03 &R &t oFTeft |

BHSD04 e 31T ot &1 715 |

BHSDO05 IR S B T BT B , 99 R el V& |

BHSD06 T e P TSl — U St | Nerg &b Jl ST IR el ST hoR RER T hgol j2
STA < SIfRTeITen ST ARSI &R Sl a1 |

BHSD07 S+t % HeRI ART 159 BT st & 99 9o &R 756 |

BHSD08  §&d forihR =1 yer et |

BHSDO09 S STa STUAT STgeet & Sficel IR, RT3 31U faes 31 At J % Sitd forged |

BHSDI0 379 g7 Heftyifal ST g1 b TR qRaTT 31e 1ferept fa Sivieit & 1efie =11 <8 b |

BHSD11 UG dgch AERT cIoft 9 Sec did wie Tget |

BHSD12 o gdRR, U8 TIeT 3 Y337 MU 81 TS 21 b &7 g AR & 91 &8 |

BHSD13  &H Bxd Ml - Wit TRIR & ey 31fiep A1 - G 31 TR 19+ J1gHTeT o ffRer
PIEfp ST WIR IR TR 37 ATHTST 19 § ha=t 3ieR 73 |

BHSD14  gAR 39 9N fieT 15t , < 31 Fetch g1 &b ST 9 3fToTifad] fiet T8¢ |

BHSD15  <fo IR ! IS 379 SR A TSl BG4 Sf &9 T g b aa1ed] a1 |

BHSD16  <fo JgER TR Wi o ot Widl oo |

BHSD17 <391 §B A4 & A Jdhed Hgel 2y |
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BHSD18 Ul & el SiTell Wik TiRadlel 31 ANy STRATTEIe |

BHSD19  f9RR fAu==ay1 & I JT6ET ccanl HET o A1fh: AT fhvT & § HET 8Rel 9t Jaell fh
TRBR & I BT e B T |

BHSD20 &g WIftR I AR IR AN AT 31 SHFERT & ATAT HT IR Ufeel Yeel afchR
Afrent fORI < < & 3MiE Tell |1 IRbT BT UTST STAdhd IR 3T_Iell Jex] orsd ofls |

BHSD21 SAFERT & B1e1 T § a1 b SIPHaR T TRBRA & AR ABHAR T3 goieT |

BHSD22 I ST A SRIZA AeH I8l o IelT AT el ha = a1t 35 ST Hifan # w1 Raends
feragg & |

BHSD23 T SR 331 T SEd fob BRIg dRid ITRT TShT ATt b Uehx HIg Holdh lSeha |

BHSD24  3iig @l & SHR BIfRIeT I8l o el a1l , Hoa=il Wk o AT U1 & AIGT bl Reetds
AT & oligd] oI |

BHSD25 379 3Rl §¢ & Ufeel 89 TSNT A4 & Il SIedd SRexl THRId a11T foh &1 a0+ & el &3 of
IoTaT & AETTHfT et |

BHSD26 el & IIRAT H TSAT T A AfYepT B T SR e & AR F a1 5o+ Uap oK 59 15
T 37T o a7 7T |

BHSD27  dIfhR T § WRI UaRBRA ol SToxt AT 8RS o DATEN foh B GeIsTH a5 el
]TSTHeres et & TRWBERT et HT BHa=T el & Fawd &4 |

BHSD28 X fd A1 W3l 519 T HifSaT Uahx GelaTH 37U [RIRI H JMRAT & T 6l ey,
31T 91 H STehrIaT ST H 2Nfiet 8 T3 |

BHSD29 IR 76 o ST & oTel A (It aEx 1 FHd TTSel el S ST & (18T GeRapIRe
& SISTIRER TG 1T AT 3 &, |

BHSD30 M Sl Siox! 4S5 Sfhx 8H JMYENY & 91 e art |

BHSD31 I T I HRITCIDR TRBR A Aefel Uhx B3 JoF IR STSTU S ARG Sgwifl
STl T J1G] AT of YA IS [AaRERT & Gl 8@ Hgl |

BHSD32 379 3T TRBRA P TR hgel RIRM BT SHFER Bl A IN S 7 |

BHSD33  &hahR b clife A , R 3ligel TRY 711 |

BHSD34 IS ARPBR T oK1 o HSAT & AN b ERAER & WRYR HIehT fHerd g |
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BHSD35 RN @R UR ¥ fdeel g b Hich! el ST Igd 311 % @RT 3 of 379+ Hetfch= b
TROT ST R 2RI §91 TS |

BHSD36 U8 UCREPRA b o] 9% o § Mgl Tieh |1 Fiferar Tieft I Harel R Fhg |

BHSD37 (& a%E 3 I o oI VT Bl 31 STas]g U8 IV H SaTA-HIcRT o 0T 31T & fob
PP ol 158 |

BHSD38  f9gR A1 AT & Hichl IR s U8 fAahTss off Hig HIfSaT & Hican! TetaT™ ATel a1
IR Ha! TRBR H ST SHHGRT A58 91 3, Ufee! Sl o b SBR[ THaT
TSl T 388 3 a7 |

BHSD39 EFRT VST W BX TR 37 Il U W SRoxt 8 & 9T foh &Y RN & ufget
MR RISt A aRERT el ST o |

BHSD40 1Y & 3B SToN! BIY o AT b ATt |1 IRIIR BISAT BT §1& T I of U AN b
FHa IRBRY UG ABR |1 AT oI o AT A Siadd o1 |

BHSD41 T UTfeiahl & YT TG I IR ST Hgel STell IS9e] GoRaBINl &
T Tl IR TR TRBRI AN IR T[T ST R & A< 81 & AT |

BHSD42 3171 gfFram & Il W AR - faelT 38t Tt 9is |

BHSD43  UehR Ao § A1 WEel b STa= |91 ol &R - fa9Iw o1 38T & i - Sfia= | Rz arst
s S & Had - [Acger 94 forgdl STa , Sia JATSjalt 3791 Aikphcih TSR
CIRIF TPT A12T AT “FoTel * o JRIATT It TSt s |

BHSD44 et - I 3N ST & Ateh , RN SIfNeafad a H e 1 9eq - U= 3139
WY1 - Je &b G Fiad G H agc & 373l fagreh a1 |

BHSD45  $78 &S wTHIfdehdl Fars 3 UgdTsel AT o1 371 HEIST (? ) T STRFTI 1 1T
WY1 & Uil SUTERT &1 ST |

BHSD46 39+ ‘Rie - fafdne * AR @R &1 SHId 8§ Rt atenl ‘ot * & o7} fUsemo <
7|

BHSD47 3 @R 3T SAGCT 3SR 3T ST H AIGHINT & GHIdh RiRSTeiieran & &ifords -

TR o Al AT |

BHSD48 $ SR & AP fR=arst el “3richan H TebdlT * &b T bR AT STETeAT , d1fch 37+
NS TN 37T TS I9dell Gl TR |, 1+ehdl b R * 31 “FoTa * &b epvel §
319 M - THH e |

BHSD49 3¢ it - it (? ) &9 T Sich TS Rl o1 gaen & URATE 8% & |
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BHSD50 w&mw%mmﬁsmaaasmw%awwmmm
|

BHSD51 11 &1 4TS TR e1ach atetl § @I a1 <ferep! fraferd 1 8lel , ST S8l o 7Miel - AR A
ITEN b AT FRT AGT HINT BT R AR IFTHRET &b [REIH doveT |

BHSD52 HATE 37 SARIAR ATETH H |IT & ST oRE 9 folgdt ST & A8l , 899 A1 HSell & B
qoTg ST 9 |

BHSD53  &A+it &l Qg YT a1l - FIER AT HeATRT H HINT o FeliTS Sa Sif gl a1t o |

BHSD54  37u1 faer 31 Wgferdd o1 Alfeds WIST & 3TaR , {ReT 3 A1 o1 forgel qRaer | 37
T M|

BHSD55  gaTcs U4 37 Bagfohdl “UNC e * o WL o  aTl SIS 4 |

BHSD56 fewt & SFRoT # fore & e 1 HoTeRt o |

BHSD57 T T O * 37 ‘Ul > YT b1 TS 89 T SITURATS! 3T BSd<! & 3Teh] Sx<ad o7 |

BHSD58  &aeil fae , dha=il 31N 15 |

BHSD59 T & fe} Aivehiies a1 e 8 Xgdt &7 |

BHSD60  3iieh_1 HTfdeh TRaTe & 9T fagel S |

BHSD61 AT T 3NE T FRR &, ST 3701 A1t & & b Gahgel SThgel Iae |

BHSD62 3 dicl dTeid & Siiae - Al 31T <A1 & 3TRIRT GH T S/adel Yaet 3 S41 Tt NG -
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ST BT T |

BHSD400 % 1 9 9 TR GaR & BIC b [+ehTet o i RTS |1 Hig1 hael ST |

BHSD401 o1 &g |

BHSD402 =R &t g5 dS &M UR T8l oAl %8 & |

BHSD403 %l H 1Y H Bl Hied 8 &S |

BHSD404  MeR-MeARI IS X o I1h &, TS el o AIG IR Serel H 812 H -0 ot & %
EECRESREC N

BHSD405  fEm-fdgr sFR &g ST & & 919 3 &t et AR & |

BHSD406 <7 911 G3TR 98I & e o el 8Tl a1 & B H T I <81 & |

BHSD407 3R T AT, UgTEA § The® H A8l oIFTd I8 &S |

BHSD408  gusRar 4 ¥qel & <dTfel BIf+ & WiTel H T STeTTé] /ol e 8 & |

BHSD409  @eft 81 o1 Y&l &S Bl S7i-0+1t &b r<a™ Poil B A R_Iaroh |

BHSD410  7fq-S/aR GATS 31K AigNE™ a8l R UhSs! & BT |

BHSD411  &-ui= Bf0 3R 1 el & fAetel o 4-5 fbell €1 |1 Mgy o b Ffebel arferrac aToiN
% et ST <& € |

BHSD412  &d gHTS & EA € |

BHSD413  SaR-fSTell & Yaeh! Hefl ged 1 & § |

BHSD414  Sfd &R & g YR PV el Eiferdr & IR el X& € |

BHSD415 379 T g7l S |
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BHSD416  dTqSH, 91aT, ATS, ST, WS3T, HSSH, DI, PHleht, BT, F3ll, 7T, AR e g FASE 8]
&S &I T 91g, A | UgTS aRs |

BHSD417 &R & %M # &1 deas |

BHSD418  Sfig+ 8 qEeT & |

BHSD419  <ifch g 9 STl §FRT STeR I Y&l &S |

BHSD420  &ART g g1 Y&t &S &t Friar g3 GE <&t |

BHSD421 TR hTept, a1gsit AT o Raams @it 3738t 8AR g8 a1 38 |

BHSD422 379 T g1l Sf |

BHSD423 &R Y33l &1 GRS, Siebst IR 7 e TS, S o1 o7 ¥R 0_TS |

BHSD424  Ugrgdl-3Ngrs Bigat ! aTe) 1ot o FHgia= & a1, TgTs-forars & A1 93 @FIa ds
HaA! IR e |

BHSD425 37U+t 5R & M &S, ST -ARI hol T a1 A Hgll s |

BHSD426 -9} U5 o 3AGH! 8l S159S |

BHSD427 &l BIC-HIC SHHI-Hel WISt & &S oed 1S, 3R $Y IR 988 AR ds Tl Bie-Ale
BT Wieft & T331 7 |

BHSD428 R qIgSh & § U9 F1fct STex 1S 379X AEM &t b=l STeral STgott ot I 4 §¥ 81 o718 |

BHSD429  &FRT gcl 9, ISREl IR 931 & IS gl TSI GIN o THRIaTs dhsel 3, A died
J, U TR J, 3R ST Ot F forR1-or8l shgel 9, el WISl 313K dall HIRE &
SIST Slael 9 3793 Fell-thdl AT &1 T SHTST 3183 ART-AR B3t A BREAd el fHerd
VA BS |

BHSD430  Sal-gell o1 Al UR ER 3t T-IR[57 IR SiferT & agt 988 & & |

BHSD431 g el A ST, BART STeR 718 |

BHSD432  Uepfed ATR-919 bt GHSE & 3MMTST 81 b §as <ol 3781 |

BHSD433  3gaf 37 & 51d G$oh! IR el b WRed, MR- WY &b TRel, Fed WIR Mg R & IR,

Ot &1 Tt BS-hs eIl fo+T 7N I8 & IRt S [T 3 =1 15 |
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BHSD434  3gcl & IR, TSl & IRATT 3TS]1 S8dl Ach ! GIR & FelH! Jofael & g |

BHSD435 i H13-919 & SR H14 o¥el J&e |

BHSD436 @<, Tt G ufg-fotRa of of T&e |

BHSD437 315, dhclHT RIS |

BHSD438 3R 3R T33! H A HEd dxell IS G USHT SRR AT il 313¥ Sal Sorht 9 |

BHSD439 =R #TS & 819 & I+1del W@ &b o fAferd |

BHSD440 &R &t @l & a1ef fAferds |

BHSD441 Al drarell 13l # SIRM J 47 |

BHSD442 g USH o SGHI 7 |

BHSD443  #g=cit & dTell HaT g [ & SINTg ey ofeT |

BHSD444 =R MR Pigd § BRIt BIe 31S<1 g8af S MeRT Bl |

BHSD445 &R T-HST SUSTdel, Sl H ST+ J5oiclt Hegd &R 313Xt 38 HHdT 38di dhgel o |

BHSD446 o<t 30N &l |

BHSD447 ¥R 314 Sa Hsdl S Wgel TR 319 AR ANT-oAgepT BR4 & |

BHSD448 <= Ag-d gH S8d1 raMl, S A 89 Jel-g=a 8Rd 1, 3= 8, 310 TR,
3O Bt §H 4 |

BHSD449 379 Udhad =1 TTSel 1 & "S99a1 9 Hidh O &1...T5d a1 | " 37el fART e f3apT of
NESKCIN

BHSD450 Wi 2 89 2rex | fies, 89 TN & G0N Ggab! IR 310 TS N7 it 38 |

BHSD451 3R B4R HTeR IhSIgd dS -l it ATel IR gaR1 dfed-act & okt SaiR i 5 |

BHSD452 3013 fa71 8ART 191t ATS-919 & 3 STeit TS} 371 T3, "a1el! ERaY J&! b, Ne=cht bS b, goreit
3 g U HHIA ST HebedT |

BHSD453  {{ dT&R ST & ST Hewll RSARS 3R JAht TEaT BRAl RS IS il Sich & |
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BHSD454 319 &N @t o0l A R&ds, 701t 7 o Hiferdh Tads | " Q= T 31N 4t qRew & 4t g
RTS8 S |

BHSD455 =T @IRT el fOh=ell &bt 4RT MRS U &S |

BHSD456  @hgel H 3131 Sl § el SfeR o |

BHSD457 &1 Qs Wgel & 52 Faictd a1 &t g & FHHSel b SATIPR T3 IS 310 FHHTE Wsot &
AR T |

BHSD458  <<F # SRISFIRI & St a1, [RicATs, ScRarg 3ie ¥ X7 X gl 7T |

BHSD459 & Sivfe TR fosareT |

BHSD460 Rt & T dTen g 754 |

BHSD461 &g & & WIRd Udh 1, Jaich I JAfIBR a1, TR $ Hod TNetl daal H Sidh arT |

BHSD462 S ¥R UR Q@ o dg<] SIRFATCT o1 |

BHSD463 g - 37T 1 g Tgel o |

BHSD464 3R PV @l & T sl Hgd i 181 g ST b AT _ig 73 2 |

BHSD465  #43 i T &I, Tiq § ORI &I o R ¢ ofdll 3SR S8l 1aal, S &l o) B vl |

BHSD466 511, 9 @I 31911 919+ & TgT UTSd |

BHSD467 &N, Wi iR, T[T Ugel OR 8T < |

BHSD468 &N, GRRI RIBT IR Heh AR SHIHT TR TR o 1S, 9 Siep &Y = |

BHSD469 <9 Udhar Sidh &1 Silsd |

BHSD470 9=+ & q1eT IR-aR G fhee g |

BHSD471 @ 9gd uifSeh-ATf=ieh 37aHt 38 |

BHSD472 30 ®R ¢H-4T9 § HReA R |

BHSD473  ©RYR, 22NIR, 99Tl 9 IE1E T2 |

BHSD474  3fieht BR # 950 @ 2 |
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BHSD475 BlcdgFAHARTSBIEF RS |

BHSD476  Teh &R 3 31aHT 3fehel 370+ after H 931 <7 |

BHSD477  Tdcichsl TN HeRRe Sl Rlad Mg |

BHSD478  31Ht 3f #8v1™ & 3l Id & HRA YBery |

BHSD479  #&vrs st & gd Uk g8, a0 et iR U 37set a1+t |

BHSD480 R Qg 8RR & SIIRIR, MU o 718-GelR IRg oh EART AT Ml ot Gor1 A1+ aRaR
39 TEN-T8 & 718 |

BHSD481 3 37aH! Tt 831 TSR el i Sieh 1 |

BHSD482 (U 313l T & IRe &, |

BHSD483 R (39 USS Pl 89R - SRS 7 2! |

BHSD484  €IgT ORER 7 i, greft g2fiNirel 31k 18 =T |

BHSD485 37t areHt & 3 a1fct 9+ & S fufty sreerfy ast %R d AR Usel ol s |

BHSD486  fthR 3 31GH dEeiiNI @ Sidh a1 I 37011 fRdTd 3 IS IR EARY BR o ST OR 370+
ToR Afel s |

BHSD487  fdufey At 73T |

BHSD488  fauch &t Ugdl Sch TS SRaTE &1 T |

BHSD489 =R # g 1 ¥4d |

BHSD490 €T, g1eft, Bd-a! gD ded--Tad 8l 75 |

BHSD491 =R # U=t 31 A1 ST bl TeRh! SR b T a1 Feh |

BHSD492 U< EleTd &I, URT IRAR Uaheal &lds, 31 J1H! | UBd It 31 Flls Bl ol Sfa?

BHSD493 3 31cH! HEeiN Pl HaRgel & dlh A8, BR H ST Teh-3MeT T IR Saet o1 3h S o

T, B ST 3Fed 3o T1Te-ER B &b GRR 11 T 3R Teel ST 1SR & D HHIal-
T K |
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BHSD494  3fies<t a1ftt & el &1 BR-URAR o &I Saiet aRa A i1 o 3 37t ot o-0e T
RTS1 B AR feyepet T |

BHSD495  Teid-der A & T8¢ |

BHSD496 S 3cH! UM U &t =12 Bk & 310+ ERaTer & Bl Pt 9] &b NIfey g9+ 9T 38
PICe SIS 3R B {987 e 3 ¢ 5713 |

BHSD497  <&q-8 <@ 3t 31aH! & 1 IRAR % Aew Igd ddel [ o <ged al |

BHSD498  Ua-3Merl ART-A¢E! faBT & BR &t 9§-gofi1+ ISR 0 o 9531 aged N |

BHSD499  Uah<l 91 3 31GH! ER & HERTs ol ¥ HEciNI i 316 g AN Il Idel o ool xS
T

BHSD500 3 Uk MSH o M o 1A & T Teb MTEH b U1 of 371 b Bolelyy |
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Appendix 3
Sample Set of English-Bhojpuri Parallel Corpus

ID

EN-BHO Sentences

EBHJNUDO1

Two thousand copies of the book were printed.|||[& TR g= fhare &

BIUe T8 18 |

EBHJNUDO02

The book which is on the table is mine.||[AST TR STa+ fhare &S S 89R
8S |

EBHJNUDO3

The cover of the book is soft.|||fFeTe o 3MERTT g HHA ES |

EBHJNUDO04

The ninth chapter of the book is very interesting. |||f3<a & =

HEGTY g ATT<1Ah &S |

EBHJNUDO5

The book is very interesting. ||fd<Td g 9P ES |

EBHJNUDO6

The book is new.|||fere AT &S |

EBHJNUDO7

The boy reading a book is rich.||[cTSeT STae fohdTe UG I8t &1 &1 8S |

EBHJNUDO8

I read the book.|||8H fordTe Uet |

EBHJNUDO09

The book is old.|||/ferdTe TR &S |

EBHJNUDI10

The book lies in a heap on the floor.|||f3<TE B & MR R I$A &S |

EBHJNUD11
EBHJIJNUD12

Even the book is good.||[<Tafds fodmd 3= &S |
The book does not belong to me. |||fFdTa & Hdel SRT A AT ES |

EBHJNUD13

The book belonged to me.|||/FaTE & el ERT A B |

EBHJNUD14

The book fell from the table to the floor.|||/FaTE #91 | Bd R R a1
|

EBHJNUD15

The book on the table. ||fFeTe 39T R &S |

EBHJNUDI16

The book is on the desk.|||fE S¥F R BS |

EBHJNUD17

The book lies on the table.|||f&dTe #9 IR IS 8S |

EBHJNUD18

The book is being sent.|||fS<TE & WeTet ST I8 o1 |

EBHJNUDI19

The book is green.|||[/&aTe 8T &S |

EBHJNUD20

Here is the book.||[TSST fopamE &S |

EBHJNUD21

Here is a book.|||[gg<T @ fehame €S |

EBHJNUD22

A book is being written by him.|||[TT feraTe S+epT RT foRae <11 I8

foram |

EBHJNUD?23

Of where has the post come ?|||@8T & Ug 3T &S |
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EBHJNUD24

Kipling was not born in London.|||/rafeii eig= & A1 8e1 W & |

EBHJNUD?25

Kim seems never to be alone.|||fdm# @t +{t 37cher 7 fo@ier |

EBHJINUD26

Kim had a coffee in the café while she waited for the post office to
open.|||f3FH & T HTHT T b H I8 STelfh S ASH! SIDHER &b Gel &b
SIOIR &R W2 |

EBHJNUDZ27

Kiri is said to be very rich.||[f6%} & S8 &=t et STreTl |

EBHJNUD?28

Kim must not drink the wine on the table.|||/5H &% ¥RTe <1 W= =1 {0
b A |

EBHJNUD29

Kim said he could have heard the news, but Lee said that he could

not.|||fA FEe foh S TR A Fdherd, oifch off heerd fd 3 =1 A
bl |

EBHJNUD30

Kim has danced, and Sandy has. ||| T3 Tger< oifchT A<t AT |

EBHJNUD31

Kim can dance, and Sandy can.||[f&FH & @R Fapet iR et W |

EBHJNUD32

Kim was dancing, and Sandy was.|||f5FH T Iz 8RR st 4t |

EBHJIJNUD33

Kim may not drink the wine on the table.|||/57 % ZRTe &1 = 71 o)
% A |

EBHINUD34

Don’t move Kim !|||3TF 7d 9 o !

EBHJNUD35

Fall !|||fR<T !

EBHJNUD36

Kiran took out the car and went straight to her sister’s office.|||f&==

PR forger IR N U= 9f2= P INfHhg o7 |

EBHJNUD37

The falling leaves made me think about the coming autumn.|||9<H &

UG EERICKIREA GRS CEIS T

EBHJNUD38

It is mean to crow over a fallen foe.||[®aT &% RS & Fled IS A
glel |

EBHJNUD39

In disgust he threw up his appointment. ||[E[°T & 3 319+ Ffad & Hhep
feger |

EBHJNUD40

A major feature of the fort and palaces is the superb quality of stone

carvings.|||fFeT T g & A=A iR IR AahTe & HEaH T ES |

EBHJNUD41

The castle is well worth a Visit.|||§ﬁ gﬁ & 3BT 1B &S |

EBHJNUDA42

Go then, said the ant, "and dance winter away."||[ST 3=} It & w8
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fop a1 SITeT T = |

EBHJINUDA43

An army of ants will attack large and ferocious animals.|||[dEa &

THE S T IR SR UR 3{[HRAT Db |

EBHJINUD44

The ants fought the wasps.||[Za A e | T 7 |

EBHJNUD45

How many brothers do Kishan have ?|||/eF09 doei=1 WS &S |

EBHJNUD46

How many sisters do Kishan have ?|||f< & de1 9841 88 |

EBHJINUDA47

Where is Kishan's brother ?|||fr=1 & H1E @1 &S |

EBHJNUD48

Who is the guest of Kishan ?|||fda= & a1fcieft & &S |

EBHJNUDA49

EBHJNUD50

Kishan was aking a question to teacher.|||f3= G URe 70U A
UBd % |

Kishan is about to come and I'll go with him.|||f/F== 3Tdaen &s 3R
B 3BT FI ST |

EBHJNUD51

Kishore is thinking of going to Ajmer. |||fF2IR SR SRIb A I8
q1 |

EBHJNUDS52

Kishore will come.|||fFeNR 3T$ |

EBHJNUDS53

Kishore will come, won't he ?|||ﬁo‘€ﬂ'<’ IS, AT |

EBHJNUDS54

Kishan does not get angry with anyone without thinking. |||fé= &t
W T A it B IR TR AT Bl |

EBHJINUDS55

Adolescents do not need specific sets of dietary guidelines .|||

TSIoRITe & faRIY IR AFTGRH g & JMaeeRd] 9 &S |

EBHJINUDS56

Prices start from $1.||[GH Y% &l SToR 1 9 |

EBHJNUD57

The price was ill.||[gF §BR B |

EBHJNUD58

Prices ought to come down soon.||[SH STeat & =2 311 37eh a1E! |

EBHJNUDS59

The cost is twelve rupees.|||[dH 12 SUAT &S |

EBHJNUDG0

A valuable ring was found yesterday.|||&Tet Teb! HodaT TSt fAetel 5
|

EBHJNUDG61

Who is the head of chemistry department ?||[RTRIM 9T & T& &
gS?

EBHIJNUDG62

There was a spy on the corner. |||3SSTT &A1 & TN SIS E |

EBHJNUDG3

A spy was on the corner. ||[&T SIS PTHE |

EBHJNUDG64

The hooks pierced his mouth. ||| M {[Ts’ &% B a5 |
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EBHJNUDG5

With whatever luxuries a bachelor may be surrounded, he will

always find his happiness incomplete, unless he has a wife and

children.||[S/aT # Wel & 3 JIRTAGE dTeT it I ok 815 oifded 3
FHEM AU RN S STERT UTdell A < Skl G Uit g aoell W &S |

EBHJNUDG6

The rat came in when the cat is away.||[TH 9 3 d o9 fdeett get

TR R |

EBHJNUDG7

The mouse tried to get out of the basket.||[ZgT Sl A e 37d &
PIRNET e R |

EBHJNUDGS

Taking pity on the mouse, the magician turned it into a cat.|||ggl TR

AIg WA STER 31 fdeett a1 Iga |

EBHJIJNUDG69

The mouse fed greedily on the corn.|||TgT FahT & Y | @IS |

EBHJNUD70

The mouse rejoiced in his good fortune.|||T&T YT ST HIIT IR TR

E |

EBHJNUD71

The mouse was killed by the cat. |||l fSeTE & RT AR figal Tt 2 |

EBHJNUD?72

The hen has laid an egg. ||| 37ST R oica 8 |

EBHJNUD73

When does the cock crow?||[/d ®1SdT HId & B &S |

EBHINUD74

Something unusual happened. || FTaTI® & ST |

EBHJINUD75

Some such seekers would grope in the way and would be taken to a

forest.||[@® TR & IR H Tleiel Il 3iR S Silel H of SIgd
TS |

EBHJNUD76

Some say one thing and others another.|||®% T =T g &R EGA ﬁ
QIR |

EBHINUD77

Few historians have written in more interesting manner than

Gibbon. ||| 3 31fSes A T F FB SRENIBR ol a4 |

EBHJNUD78

A few Americans have their offices in Kolkata.|||[z® MR®A &
PIApT H A ES |

EBHJNUD79

Very few boys are as industrious as Latif.|||[Fg $ dlefh T

PRI 39 1B P ORE |

EBHJNUDS0

A few Parsees write Gujarati correctly.||[5%® TR ORI Hal Richl
9 forderd |
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EBHJNUDS81

In no time, he had fallen to his death.|||@a=! THT § I 37U A &
TP 96 32 |

EBHJNUDS82

Show some superior ones. |||[qREH FIIRE H I U 2 |

EBHJNUDS3

Some praise the work, and some architect.||[&5g, ™ & JRET Hod o
FPEAA S |

EBHJNUDS84

Do you have any work ?||[G&xT & ®a<l &M T |

EBHJNUDS85

Something may be worth doing.||[$® Hc& & gD B ES |

EBHJNUDS86

There is nothing to do.|||[qgST oY PR B ATES |

EBHJNUDS87

Some poets are at least as great as Tennyson.||[®® id A HH U]

RNIG §%Ha= ST aF=A |

EBHJNUDS8

Some poets are not less great than Tennyson.||%® i A9 9 A

HEM AT 83Hd |

EBHJNUDS9

Some ants fight very fiercely.||&® AT a5 f&ae b | s
FRAE |

EBHJNUD90

Nothing special.||[Z5 AR A &S |

EBHJNUD91

Some milk was split.||® T blecl TEAE |

EBHJNUD92

Some were acquitted, and some punished.|||$® & RE1 & 8 A =
IR PB P v g AR |

EBHJNUD93

Some say he is a sharper.||[G® Hael b 3 Igd AT &S |

BHHJNUDY%4

How many old ages people cannot cross the road?|||&eT c 3eHl
TSh IR 9 B Fhe™ |

EBHJNUD95

Some were born great.||[p® A8 T YIS Y& |

EBHJNUD96

EBHINUD97

Few persons can keep a secret.||[dgc &H 3TeH! 38X & TRI G

Hhd- |
Some boys started singing.|||&S T$®T T4 I B <8 |

EBHJNUDS8

The wounded man was being helped by some boys. ||| JT&H &

PV TSP GRT eIl el Te X2 |

EBHJNUD99

Few boys are not amenable to discipline. || Tt 3TN & oid
ITRER 7 gha |

EBHJNUD100 At some places, I went for interview too, but it didn't work
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anywhere. ||| SFTE9 1R 89 IEHR GIR THd! clidh dal § HH =
Pz |
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Meteor Recall by sentence length
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Meteor Fragmentation by sentence length
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Appendix 5
A Comparative Sample Set of Human Evaluation Scores of the PD based EB-SMT System
Sentence Id Fluency:Eval-1 Adequacy:Eval-1 Fluency:Eval-2 Adequacy:Eval-2

1 3 2 2 2
2 2 1 2 4
3 1 1 2 5
4 3 2 4 5
5 2 2 4 5
6 1 1 2 2
7 2 3 4 5
8 1 1 2 2
9 3 2 4 4
10 1 2 4 4
11 2 3 2 2
12 3 3 4 5
13 2 3 4 4
14 3 4 4 5
15 2 3 5 5
16 3 4 4 5
17 2 3 2 3
18 4 5 5 5
19 4 4 4 4
20 2 3 5 5
21 2 4 4 5
22 2 3 4 4
23 2 4 4 5
24 2 3 4 5
25 2 4 5 5
26 5 5 5 5
27 2 3 4 4
28 2 3 2 3
29 2 3 2 2
30 2 3 2 4
31 2 3 2 3
32 5 4 5 5
33 2 4 4 5
34 2 3 4 4
35 2 3 1 1
36 2 3 4 4
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Appendix 6

A Comparative Sample Set of Human Evaluation Scores of the UD based EB-SMT System

Sentence Id Fluency:Eval-1 Adequacy:Eval-1 Fluency:Eval-2 Adequacy:Eval-2

1 2 2 4 4
2 4 2 4

3 4 5 2 2
4 2 4 2 3
5 2 4 4 4
6 2 5 2 2
7 4 4 4 4
8 2 5 2 2
9 1 3 4 2
10 1 4 4 2
1 1 4 2 2
12 2 4 4 4
13 2 5 2 2
14 2 4 4 4
15 2 4 4 5
16 1 3 4 4
17 1 2 2 2
18 2 4 4 4
19 2 4 2 3
20 3 4 4 4
21 1 4 4 3
22 1 4 1 1
23 2 4 4 3
24 1 3 4 3
25 2 5 4 4
26 4 4 4 4
27 2 4 4 3
28 2 4 4 2
29 2 4 2 2
30 1 4 2 2
31 1 4 2 2
32 4 4 4 4
33 2 3 2 2
34 2 4 2 2
35 2 2 1 1
36 1 3 4 2
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