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Abstract

Machine Translation(MT), one of the several applications of Natural Language Process-

ing(NLP) enables an automatic translation of sentences or documents from one language

to another. It aims at reducing the language barriers of human communication belong-

ing to different linguistic backgrounds. Language perplexity has a tremendous impact on

several aspects of human subsistence, which can be mitigated with effective use of MT. It

endeavours at minimising the involvement of human-being. Although machine-generated

output may differs from human translation, it is easily understandable. It manifests its

effectiveness by producing grammatically and semantically fluent output.

The work presented in this thesis is a modest endeavour to study in detail the extant

modelling techniques of MT. It provides a chance to deeply understand the various issues

and aspects of the current study. It also serves the purpose of finding the gap in the

research area and avoid duplication. It serves the developers with resource’s required for

modelling techniques such as corpus, domains, toolkits, models, features and their eval-

uation measures. Sanskrit-Hindi translation has been in existence since many years but

it lacks extensibility, generalizability and adaptability which have been overcome by the

proposed system developed in this research work.

In this work, we have proposed and presented a hybrid MTS for translating Sanskrit

to the Hindi language. The technique developed uses linguistic features from rule-based

feed to train neural machine translation system. The work is novel and applicable to

any low-resource language with rich morphology. It is a generic system covering various

domains with minimal human intervention. The performance analysis of work conducted

on automatic and linguistic measures. It has shown through results i.e., BLEU score of

61.02% of proposed and developed system outperforms earlier work for this language pair.

The proposed MTS is deployed further on the cloud to offer translation as a cloud service

and improve the quality of service (QoS). It is developed on TensorFlow and deployed un-

der the cluster of virtual machines in the Amazon Web Server (EC2). The significance of

this work lies in demonstrating the management of recurrent changes in terms of corpus,

domain, algorithm and rules. The accuracy, speed and response time of the MT system

are quite encouraging and satisfactory. The proposed hybrid model is faster and more effi-

cient than the existing rule-based systems. In non-rule match cases, the rule-based model

does not return any output however, the proposed model has always returned the best

xvii



solution. The existing model is quite complex for long sentences, and sometimes these

are practically infeasible but the proposed model is efficient in such cases also. OI98The

system on cloud is evaluated for different QoS parameters like response time, server load,

CPU utilization and throughput. The experimental results asserts, with the availability

of elastic computing resources in the cloud environment, the job completion time irre-

spective of its size can be assured to be within a fixed time limit with high accuracy.

The work presented in this thesis has been validated with a case study presented at

the end. It outlines the developed taxonomy of error analysis based on different lin-

guistic levels, i.e., orthography, morphology, lexical, syntax, semantics and pragmatics.

Consequently, the previous taxonomies were expanded to adapt the errors transpired in

morphological rich Indo-European languages. The MTS employed for the case-study is

developed as a service using linguistic analysis along with deep learning to aid the teach-

ing and learning process. As far as direct access to Sanskrit text is concerned, it requires

a good grammatical knowledge, manual access to the dictionary, knowledge of syntax and

semantics which is a tough and time-consuming process. This interactive interface will

assist the school as well as university students enrolled in distance education by promot-

ing self-learning. The main aim of the proposed system is to make the scriptures and

philosophical texts such as Gita, Ramayana and Upanishads, available in the Sanskrit

language, accessible to the common user. It also substantially provides future research

directions and aid in the human error analysis process.

xviii



Chapter 1

Introduction

India is a country of immense language diversity having more than 1.3 billion people,

30 official languages, and more than 1 million speakers. Linguistic diversity has its own

advantages; it transmits not only different cultures, but also helps in finding the best

solution to any problem. Thus, translating the content from one language to another is

of the utmost significance. The translation use case range from government, enterprise to

social.

Machine Translation(MT) is one of the key areas of Natural Language Processing

(NLP) and computational linguistics. It is important for breaking the language barrier

and facilitating inter-lingual communication. For a multilingual country like India, there

is a big requirement for such a system. With the advent of information technology, many

documents and web pages are available in a local language. So, there is a large need for

a good Machine Translation System(MTS) to address all these issues to establish proper

communication among the people of different backgrounds and cultures.

This chapter provides an overview of the current research work. It discusses the fun-

damental concepts related to machine translation and cloud computing. It further unfolds

its close alliance with other underpinning technologies and introduces the various issues

of this research area. Henceforth, it motivates the research, problem statement, objectives

and culminates with the discernment of the contributions and organization of the rest of

the thesis.

1



2 Chapter 1 Introduction

1.1 Machine Translation:An Overview

Artificial Intelligence(AI) aims at developing an intelligent system examined by hu-

mans intuitively[1]. Natural Language Processing (NLP) is one of many appli-

cations of AI. NLP is an area of research and application involving computers

to understand the text in natural language. It is a multidisciplinary field in-

volving computer scientist and computational linguistics as shown in Figure 1.1.

Figure 1.1: NLP

It builds a computational model

for its analysis and generation as

shown in Figure 1.2. It involves

technological, cognitive and lin-

guistic motivation for developing

intelligent computer systems such

as machine translation, informa-

tion extraction, sentiment analy-

sis, speech recognition, text clas-

sification, etc. It involves natural

language understanding and its

generation as in Figure 1.3. Ma-

chine Translation(MT)is one of

the key applications of NLP[2][3].

Figure 1.2: Natural Language Processing involving Translation

MT is a process of translating source language to target language using a computerised

system. Human translators or editors can be involved in the process of MT, although

minimal human aid is the goal of MT. The field of man-machine interaction involves

the processing of natural language. Some of the technologies that contribute to the

development of MT have been listed below:

� Computational Linguistics : It covers word formations and ordering, analysis of meaning

and other communication aspects.

� Knowledge Representation: It is an area that deals with formalisms used in logic, frames

and semantic networks.

� Semantic Network : It provides a linkage through relationships of concept collections.
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Figure 1.3: Natural Language Processing Applications

� Machine Learning : It is a field where the machine learns using different machine learn-

ing models for the accession of new knowledge from data.

� Search Algorithms : It assists in finding a solution to the problem and not getting stuck

in an infinite loop.

A translation provided by the Machine Translation System(MTS) involves both syntactic

and semantic aspects of language to be covered to provide the correct version of transla-

tion.

1.1.1 Machine Translation Approaches

The classical translation approaches delve the deep insight of linguistic knowledge of

source language and cognitively translate to target language word by word. The ap-

proaches for MT are categorized predominantly into Rule-based, i.e., based on linguistic

handcrafted rules[4] involving transfer-based mechanism [5] and interlingua mechanism [6],

corpus-based approach that is entirely based on corpus, i.e., statistical phrase-based[7],

and neural-based[8]. Even example-based[9] and Knowledge-based[10] are less used nowa-

days. MTS is built using various modelling techniques. It depends on the number of cri-

teria such as resource availability (parallel corpus, monolingual corpus, human resource,

lexical resources and technical resources), the background of the developer (linguists pre-

fer rule-based technique; translators prefer example-based technique; computer-scientists

prefer interlingua-based technique; statisticians prefer statistical-based technique; and

mathematicians prefer neural-based technique), and the goal or purpose of MTS (assim-

ilation, dissemination, one or more language pair, general or specific domain). MTS has
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been classified based on engineering involved for developing it either Human or Machine.

Human-engineered modelling techniques are Dictionary or direct modelling technique

and Rule-based modelling technique, whereas Machine-engineered modelling technique

is Corpus-based, and Hybrid-based modelling technique as shown in Figure 1.4.

Figure 1.4: Classification of Translation Modelling

1.1.1.1 Human-engineered Translation Techniques

These modelling techniques involve more human intervention as all the modules of these

systems require human insights. These can be classified as Direct and Rule-based mod-

elling technique.

� Direct MTS involves word to word translation using bilingual dictionaries. This is one

of the simplest and easiest ways to implement MTS. Syntactic structure and semantic

relations are not concerned with direct MTS to involve word to word translation using

bilingual dictionaries. The following steps may be followed[11]:

– Root word identification: The source document comprises of various words, of which

root word needs to be identified by removing the suffixes.

– Dictionary lookup: To fetch target document words, a look-up of the dictionary is

performed.

– Post-editing : Words are re-ordered to achieve the final translated target document.

� Rule-based MTS(RBMTS): The entire process (morphological analysis, syntax analysis,

semantic analysis, and Target language generation) of rule-based MTS depends on

rule specification. Therefore, it is termed as rule-based MTS. Rule-based modelling

technique converts parsing of the sentence to intermediate structure, which is further

converted into target[12]. Rule-based MTS is further divided into two types as below:
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– Transfer-based MTS(TBMTS): As stated earlier in the rule-based modelling tech-

nique, the parsing of the input sentence is an important step. In the transfer-based

system, the parsed input sentence is transferred to the target language parse tree.

The target-language text is then generated from the destination language parse tree.

There are three different steps followed by the transfer-based modelling technique,

i.e., analysis, transfer, and generation. This type of system is based only on syntactic

features[5].

– Interlingua-based MTS: It is another kind of rule-based system. In this, the source

language text is converted into an intermediate structure. Through the interlingua,

any target language can be generated with minimal efforts. Two steps are followed

to convert the source language to target language, i.e., analysis and synthesis. This

type of MTS is independent of the language pairs. The intermediate representation

that applies to all kinds of MTS is difficult[6].

1.1.1.2 Machine-engineered Translation

These modelling techniques involve more Machine intervention as all the modules of the

system require machine processing. It builds a translation model learned from the corpus

( monolingual and bilingual) as displayed in Figure ??. It is a process of converting

source language to an intermediate representation. The intermediate representation is

then converted into the target language. Different types of machine-engineered MTS are:

� Corpus-based MTS: It depends entirely on the corpus (bilingual, multi-text or parallel

corpus). MTS developes automatically with the help of corpus. In comparison to the

rule-based modelling technique, it requires more efforts as it is fully automatic. These

are further categorized into two types as below:

– Statistical-based MTS (SBMTS) This statistical model is used for developing MTS.

Its parameters are derived from parallel corpus by applying training and machine

learning models which generates a statistical table. The last step in building a sta-

tistical MTS is decoding. In this, the best MTS is used for source-language text.

The statistical modelling technique is further divided into these types: word-based,

phrase-based, syntax-based, and hierarchical phrase-based[13].

– Neural-based MTS: The neural modelling technique of MTS is gaining a significant

interest of researchers. It is also known as an Encoder-Decoder approach. It consists

of two components, viz. source sentence X and target sentence Y which are decoded.

The goal is to maximize the conditional probability of paired sentences of the parallel

training corpus. This forms a parameterized model. The conditional probability of

Y gives a source sentence X, i.e., arg MAX(Y) P(Y/X). A conditional distribution

is learned by the model for source sentence and the target sentence is generated.

Searching for the sentence maximizes conditional probability[14][15][16].
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� Hybrid-based MTS (HBMTS): These kinds of MTS combine both statistical and rule-

based modelling techniques. This method improves the efficiency of MTS as the limi-

tation of one technique is overcome by the second technique. There are two modelling

techniques that can be followed by the hybrid system. In the first technique, the rule-

based system output is fed to statistical-based modelling technique[17]. In the other

techniques, the statistical-based output is supplied to the rule-based modelling tech-

nique [18].

1.1.2 Properties of Machine Translation System

There are various properties of MT such as Quick translation, enhanced timeline, con-

fidentiality, cost, universality, consistency and online translation and translation of web

page content. The description of these properties covered in detail in Table 1.1.

1.1.3 Applications of Machine Translation

MT has widespread commercial, military, and political applications. For example, increas-

ingly, the web is accessed by non-English speakers, reading non-English pages. The ability

to find relevant information clearly should not be restricted by our language-speaking ca-

pabilities. Furthermore, we may not have sufficient linguists in any language of interest to

cope with the sheer volume of documents that we would like translated. MT poses several

interesting machine learning challenges: data sets are typically large, as are the associ-

ated models; the training material used is often noisy and plagued with sparse statistics;

the search space of possible translations is sufficiently large that exhaustive search is not

possible. Some of the translation use cases have been listed below:

� Government

– Administrative requirements

– Education

– Security

� Enterprise

– Product manuals

– Customer support

� Social

– Travel (signboards, food)

– Entertainment (books, movies, videos)
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Table 1.1: Properties of MTS
Properties Description

Quick Translation The use of MTS enables us to save our time while translating large
texts.

Enhanced Timeline A key benefit of MT is speed. It is significantly faster than human
translators. It is estimated that an average human translator can
translate around 2000 words a day, while multiple translators can
be assigned any given project to increase that output. It still pales
in comparison to MT. It can generate thousands of words every
minute.

Confidentiality Many people use MTS to translate their private emails because no
one would agree to give his private correspondence to a translator
whom he doesn’t know, or no one would entrust financial documents
to other people.

Cost The cost of MT is also significantly lesser than that of human trans-
lation. There are extremely advanced MT platforms now that are
accessible for free. Google translate for one is becoming more accu-
rate each year; users can also enter an unlimited amount of trans-
lation content for free.

Universality Usually, a professional translator becomes specialized in a defined
field, but the MTS can translate any text irrespective of the area.
For the translation of special terminology, we need to just switch
to a corresponding setting.

Consistency MT allows systems to memorize key terms and phrases that are
used within a given industry. This leads to increased consistency
across the entire text. If human translators are used for translating
a text, their translations may change slightly depending on several
factors, whereas an MT will not.

Online translation
and translation of web
page content

The advantage of online translation services is obvious. Online
translation services are at hand, and one can translate information
quickly with this service. Furthermore, one can translate any web
page content and query of the search engine by the use of MTS.

1.1.4 Need for Machine Translation Systems

The tremendous increase in industrial growth over the past decades has a significant im-

pact on the global MT market. It enables content to be available in all regional languages

across the globe. Computational activities have become mainstream nowadays. As the

internet opens up the wider multilingual and global community, research and development

in MT continue to grow at a rapid rate. MT system plays a role in small, medium and
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large organisations. Some deal with only a specific, but others provide services in mul-

tiple domains. Various fields are requiring domain-specific services such as government,

software and technology, healthcare, legal, military and defence, e-commerce, finance and

many more. The other online MTS, i.e., commercial deal with instant translation where

the source language is converted into target language for text, image and audio data.

These MT systems are generic, light-weight, cloud-based and have high accuracy. These

offer translations like text-to-text, speech to speech, text to speech, speech to text and

image to text. These commercial systems are not economical. Thus, it necessitates a need

for economic MT system providing translation services.The Sanskrit being one of the an-

cient and termed to be the father of all languages of India is diminishing its eminence.

We envisage Sanskrit to Hindi machine translation can provide a platform to study the

detailed analysis of any Sanskrit text to Hindi. Even the ancient literature such as Vedas,

Upanishads, Ramayana, Mahabharta etc of Sanskrit which doesn’t have an existing Hindi

translation could be made accessible.

1.1.5 Characteristics for Sanskrit Language Processing

According to the Census of India 2018, Sanskrit is the mother tongue of 24,821 people and

Hindi of 52,83,47,193 people, i.e., 43% of total languages in India[19]. The main reason to

choose Sanskrit for translation is the richness of its scientific literature with extensiveness

and comprehensive analysis, structured approach and traditional grammar[20]. There are

numerous characteristics of this language. Some of these are listed As hereunder:

� It is also considered as the ’donor’ of almost all the Indian languages. Most of the

languages have been derived from Sanskrit, either partially or fully.

� The vast reserves in this language could be converted into other languages[21]. As

this language comprises of rich literature, Ayurveda, Vedas can be produced in other

languages also to improve their accessibility.

� It holds a rich grammar confined by Panini near 2500 years ago formulating 3,949 rules,

which extended later on[2].

� It has the strongest and non-ambiguous grammar[22]. Many people have attempted to

write a grammar for Sanskrit language using the Paninian framework and used it to

develop translation system[23].

� Panini focused on decoding the information contained in the language string of partic-

ularly given input language by Karaka (syntax-semantics) relations and non thematic

roles[24]. The framework also highlights the importance of case markers, postpositions,

and word-order. The central element of a semantic model in Paninian framework is that

every verbal root (dhaatu) denotes an action consisting of an activity (or vyaapara),
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and a result (or phala). The result is a state reached after completion of an action.

An activity consists of steps that are performed by different participants or Karakas

involved in the action.

� The concept of Karaka relation is a central theme to Paninian grammar. These Karaka

relations refer to syntactic-semantic relations, and on a surface level, it highlights syn-

tactic information and also captures semantic information at a deeper level.

� The Sanskrit grammar is termed as ’Father of Informatics’ as it builds a relationship

between speech and utterance of speaker and meaning derived by the listener[25].

� The primary objective of Sanskrit Paninian grammar is to form a theory of human

natural language communication.

� Sanskrit and Hindi belong to the same Indo-Aryan family[26]. They both have struc-

tural and lexical similarity as Hindi inherits from Sanskrit.

� Sanskrit has the rich and structured grammar in the form of Panini Astadhayayi,

whereas in Hindi such parallel grammar does not exist. Therefore, it becomes diffi-

cult to map the divergence between these two languages.

� The non-existence of parallel grammar leads to exceptional cases which uncover lin-

guistic generalisations such as Vibhakti in Hindi. The cases where Vibhakti in Sanskrit

and Hindi diverges [26] are optional, exceptional, differential, alternative, non-Karaka,

verb, and complex-predicate divergence.

Despite these features, choosing Sanskrit as a source language is difficult on using both

rule-based as well as neural-based approach. In the rule-based approach, parsing fails due

to its synthetic nature in which single word can run up to 32 pages. Whereas in the case

of training, the translation system using NMT approach leads to the high occurrence of

Out-of-vocabulary words. These words are morphologically rich words, carrying multiple

meanings according to the context. The work presented in this thesis clearly outlines

these challenges and overcomes them by providing a sound translation.

1.2 Cloud Computing: An Overview

Cloud computing has emerged as a new paradigm of distributed computing that has mi-

grated the computing and the data from desktops, into data centres [27]. It is an internet-

based approach for empowering suitable, on-demand network access to a communal pool

of computing resources like networks, servers, storage, applications, services etc. These

resources can be provisioned quickly and de-provisioned with nominal management or in-

teraction of service provider which, in turn, stimulates accessibility [28] [29] [30] [31] [32].

To rapidly and effortlessly adjust the capacity of data centres, the scalable IT resources,
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as well as the underlying infrastructure, are offered on pay-per-use basis over the Internet,

thereby, accommodating the changes in demand and helping any organization to avoid

the capital costs of software and hardware [33] [34] [35]. The National Institute of Stan-

dard and Technology(NIST) has defined, ”cloud computing as a model that facilitates

expedient and dynamic access to a large pool of computing resources that can be shared,

dynamically allocated, and discharged without much managerial involvements or service

provider assistance” [36] [37] [38].

Cloud computing architecture establishes itself on certain key characteristics, a few of

which are overlapping with Grid, Utility, Cluster and distributed computing [39] [31] [32].

These characteristics enlisted as follows:

� Multi-tenancy: The services owned by multiple cloud providers in a cloud environment

are co-located in a single data centre, which is called multi-tenancy. The layered archi-

tecture of the cloud computing paradigm naturally divides the responsibilities, where

each layer focuses only on the respective objectives of that layer. Multi-tenancy along

with its benefits also brings the difficulties in managing and coordinating interactions

among various involved stakeholders.

� Shared Resource Pooling: The cloud infrastructure provider, generally, offers a big pool

of computing resources such that they can dynamically be assigned and re-assigned to

the multiple cloud service consumers. This capability of dynamically assigning the

resources enhances flexibility in managing the resource utilities and operating costs of

the cloud service providers.

� Geographic Distribution & Ubiquitous Network Access: The services of the cloud are

accessible through the Internet, and hence, use the Internet as a network for delivering

the services to cloud users. Moreover, to offer improved network performance, most

of the cloud data centres are distributed geographically. Thereby cloud vendors can

benefit from this geo-diverseness, and thus, realize the higher utility of services.

� Service-Oriented: The cloud paradigm employs a service-driven operating model, and

therefore, strongly emphasizes on the service management. Each service vendor offers

IaaS, PaaS & SaaS cloud services by the negotiated Service Level Agreement (SLA) with

the clients. Thus, every cloud service provider ensures integrity and service provisioning

with SLA assurance.

� Dynamic Resource Provisioning: This is a key characteristic of cloud computing, where

computational capability can be acquired and released dynamically. Contrarily, the

conventional computing involved resource provisioning as per the extremum demand.

The resource allocation carried out dynamically facilitates service deliverers in obtain-

ing the resources as per the required demand. This aids in lowering operating costs

significantly.
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� Self-Organizing: The resource allocation and de-allocation are done on a demand basis,

empowering the service providers to manage their resource utilization as per their needs.

The programmed resource management feature enables the service vendors to quickly

react to the prompt changes in the service demand as surge computing.

� Utility-based Pricing: A significant characteristic of the cloud is that it offers a pay-

per-use pricing model. Although the pricing schemes vary according to the requested

services, the utility pricing models considerably lower the operating costs because the

users are charged on a per-user basis. This feature of cloud computing introduces

complexities in controlling the operating cost.

After giving an overview of cloud computing and its key characteristics, the following

subsections deal with the various service models, deployment models, and the components

of cloud computing respectively.

1.2.1 Cloud Service Models

Cloud computing services have been classified into three categories as shown in Fig-

ure 1.5.The three types of cloud service models offered by cloud computing are described

below [31] [32] [40]:

Software-as-a-Service (SaaS): It is a multi-tenant platform for offering applications on

the Internet, boxed as a distinguished service for users to access, for example, Google

Docs, Facebook, etc.

Platform-as-a-Service (PaaS): It is a framework that provides a specific computing

platform where applications and services are developed, i.e. it is a model that offers

building, testing, deployment, and hosting environments for applications created by

users. e.g. Microsoft Azure and Google App Engine.

Infrastructure-as-a-Service (IaaS): It is a framework that provides entire computing

resources through a service. Users can hire or purchase required computing resources

for use without operating or managing infrastructure [41]. Examples include Amazon

EC2, Eucalyptus, and Nimbus.

The further classified cloud services can be Hardware-as-a-Service (HaaS) and Data-

as-a-Service (DaaS) [42] [43] [44].

1.2.2 Cloud Deployment Models

Cloud computing is mainly classified (as shown in Figure 1.6) based on variation in the

physical location and distribution, i.e., the cloud can be implemented through various

types of deployment models as described below [31] [32]:
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Figure 1.5: Three Service Models of Cloud Computing

� Public Cloud: It can be defined as ”a cloud that is made available in a pay-as-you-go

manner to the general public” [27]. These clouds are accessed by the common people

and are maintained by cloud service providers like Microsoft, Google, Amazon, etc.

by charging the users according to their usage. These are applicable when the service

provider wants users to access all the resources over a network.

Figure 1.6: Deployment Models of Cloud Computing

1.2.3 Cloud Computing Components

Cloud computing constitutes a virtualized pool of infrastructure resources with applica-

tions and services that can be used directly through a self-service portal. Cloud computing

architecture consists of the following components [31] [32]:
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� Clients: A client interfaces with a cloud through a pre-assigned, subtle layer of abstrac-

tion. This layer carries out communication between the user requests and the displayed

data which is returned simply and intuitively for the user, e.g., Web Browser or a thin

client application.

� Data Centers: It is a collection of the different type of servers where the application is

deployed and is available to various clients upon subscribing. It is a repository, either

virtual or physical, used for the storage, management and distribution of the data as

well as the information organized in the context of a particular topic.

� Distributed Servers: These are the servers which are present in geographically dis-

tributed locations, thereby, enabling the service providers more flexibility in terms of

operations as well as security. The implementation of the distributed servers requires

various techniques for maintaining the central control as well as the coordination of the

information related to the configuration of the involved servers.

� Cloud Network: A network is a link connecting the wide user-base with the available

cloud service providers. Undoubtedly, the Internet is the most straight-forward and

popular choice to act as a cloud network. Although, advanced network services, such

as compression, encryption, decryption during data at rest and data at transit will be

beneficial for both the cloud user as well as the cloud service provider.

� Cloud API: A cloud Application Programming Interface (API) contains a set of pro-

grammable instructions and techniques that provides an abstraction over a cloud

provider. It encompasses a customized or a discrete provider call which may be used

to increase the amount of control over the implementation of cloud. API calls are used

to build applications for communicating with and accessing cloud services.

After reviewing the fundamentals of cloud computing such as its key characteristics,

service & deployment models and its components, the next section unfolds its need in

machine translation as represented in Figure 1.7.

1.2.4 Need of Machine Translation Deployment on Cloud

Cloud computing is a model which enables ubiquitous, convenient, on-demand network

access to a shared pool of configurable computing resources (networks, servers, storage,

applications and services) that can be rapidly provisioned and released with minimal

management efforts or service provider interaction[45]. Clouds are classified based on

service type or deployment type[46]. It consist of three service models SaaS, PaaS and

IaaS.[47][48]. Numerous applications are being deployed on cloud nowadays as listed in

Table 1.2. It includes MT application offered through the cloud and its outcome achieved

by reducing the deployment time and auto-scaling of applications. Many factors gov-
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Figure 1.7: Need for Cloud Computing in Machine Translation Systems

ern the need for MTS deployment on the cloud such as deployment faster and easier,

handling of frequent updates, manageability, speed, reliability, Quality of Service(QoS),

enhancement, rapid provisioning, elasticity and resilience. An experiment of deploying

MT system (Hindi to Punjabi) on the cloud was conducted. It took a book of 70 pages

to translate on stand-alone machine 71 minutes whereas on the cloud it turned down to 5

minutes,[49]. Hence, deployment of MT systems on the cloud is a viable option for future

users.

As the workload increases, change in the deploying environment is needed for such com-

plex compute-intensive applications. It improves throughput, response time and reduces

deployment time. These systems are offered by both academic and commercial organisa-

tions and have been providing services to the end-users.

1.3 Problem Statement

India is a country of enormous language diversity, with more than 1.3 billion people who

have 22 official languages and more than 12 scripts; hence there is a need to provide

a translation of the content from one language to another language. According to the

census of India 2018, Sanskrit is the mother tongue of 24,821 and Hindi of 52,83,47,193
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Table 1.2: Existing Deployment of Applications on Clouds

Domain Specific Application Outcome achieved

Natural lan-
guage processing

Machine translation
system[49]

→ Deployment time reduced.
→ Provision for auto scaling of
application.

Cloud-based ap-
plication

3-D Application[50] → Virtual graphics processing op-
timised.
→ Cloud-based framework for 3-
D virtual appliance.

Geo-spatial Re-
search

Model processing[51] → It takes task of model process-
ing field.
→ open source software is used.

Operating sys-
tem

File system related
development[52]

→ Virtual machine can be mi-
grated.
→ Cache for unified buffering.
→ File system is portable.

Educational
field

Teaching operating
system[53]

→ Helpful to students for assign-
ment as it can be deployed on
their computers.
→ Can be practised without the
facility in labs, and gives kernel
level project experience.

Server depen-
dencies

Legacy distributed
system[54]

→ Generates graphs with depen-
dency representation.
→ Optimum deployment on
server framework.

i.e. 43% of total languages in India; hence we choose this language pair to translate from

Sanskrit to Hindi[19] We formulate our problem statement pointwise.

� Firstly, machine translation systems are required for people to communicate with the

enormous language diversity in India. There are various contents on the web, which

are in Sanskrit language such as blogs, stories, poems, literature, news etc., which are

dynamic in nature and can be easily translated to their regional language using MT.

� To the best of our knowledge, not all the life-transforming stories (epics, vedas, upan-

ishads, ramayana, mahabharata) are available in Hindi with the detailed analysis of the

source text.

� Detailed analysis can be done with the linguistic tools of Sanskrit to capture its mor-

phological rich feature; hence we term it as a complex system as it consist of pipeline

architecture. Deploying such a system on standalone itself requires NLP prerequisites,

memory and much time for usage.
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Even this system requires frequent updates in terms of algorithm, corpus, dictionary,

rules, linguistic tools which is cumbersome and time consuming. To overcome such a

problem, the system can be deployed for experimental purposes on cloud to provide

quality of service and better performance.

1.4 Research Motivation

The research motivation of this work, was to serve the community with in-depth analysis

of Sanskrit to Hindi language translation. We have elaborated the motivation behind the

research work pointwise.

� We envisage to serve as a platform for learning and accessing Sanskrit language for

in-depth analysis. We empirically believe that Sanskrit being, enriched with scientific,

extensive and comprehensively analysed structured grammar is losing its eminence in

today’s fast paced world. This would call for a hybrid sanskrit-hindi machine translation

system which combines the best of both the rule-based and neural-based approaches.

However, to apply a neural-based approach to build such a system requires an adequate

amount of parallel corpora which is not available to the best of our knowledge.

� We also believe a Sanskrit-Hindi machine translation system, can provide assistance to

students learning through distance education and virtual interactions going mainstream

to the world adapting to the new normal in the Covid-19 pandemic. Even various

contents on the web, which are in Sanskrit language such as blogs, stories, poems,

literature, news etc., which are dynamic in nature and can be easily translated to their

regional language using MT.

� The deployment of such a system requires prerequisite knowledge of NLP, which we

have dealt in this work by deploying the system-as-a service on cloud. There is also

a much common problem of frequent updates in terms of algorithms, linguistic tools,

rules, domain adaptation, corpora etc. to improve the quality of translation. Deploying

such a system on cloud will provide efficient, scalable, faster, manageable and reliable

system services.

1.5 Objectives of the Proposed Work

The main objectives of the proposed work are as follows:

1. To analyse and develop lexical resources for Sanskrit to Hindi machine translation

systems.
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2. To propose and develop a Sanskrit to Hindi machine translation system using a hy-

brid approach by incorporating various lexical resources required for the generation

of the target language.

3. To test the performance of the proposed machine translation system in a generic

and cloud environment for offering QoS (Scalability, manageability, performance,

etc.) to end-user.

To attain the first objective, a comprehensive investigation has been conducted to study

the various existing lexical resources; and their relative pros and cons have also been

identified. The existing survey provides that the lexical resources present for the Sanskrit

to Hindi language pair are quite less. Thus the current work is a modest attempt to

manually develop a parallel corpus of Sanskrit to Hindi for Bhagavad Geeta. Based on

the findings of the literature survey, the research problem has been defined.

To achieve the second objective, a Sanskrit-Hindi Hybrid Machine Translation System

(SHH-MTS) model has been proposed and developed. The developed technique uses

linguistic features from rule-based feed to train neural machine translation system. The

work is novel and applicable to any low-resource language with rich morphology. It

is a generic system covering various domains with minimal human intervention. The

performance analysis of work has been performed on automatic and linguistic measures.

The results achieved exhibit that the proposed and developed approach outperforms the

earlier works undertaken in the field.

To accomplish the last objective, the proposed machine translation system is deployed

on the cloud to offer translation as a cloud service and improve the quality of service (QoS).

It was developed on TensorFlow and deployed under the cluster of virtual machines in

the Amazon Web Server (EC2). The significance of this objective lies in demonstrating

the management of recurrent changes in terms of corpus, domain, algorithm and rules.

Further, the work also compares the MTS as deployed on a stand-alone machine and on

the cloud for different QoS parameters like response time, server load, CPU utilization

and throughput. The experimental results assert that in the translation task, with the

availability of elastic computing resources in the cloud environment, the job completion

time irrespective of its size can be assured to be within a fixed time limit with high

accuracy. It also assists in the deployment of MT application without requiring knowledge

of NLP, making it convenient for a common user to utilise such a complex application.

1.6 Thesis Contribution

This research contributes significantly in the following ways:

� An extensive literature survey of the work carried out in the area of machine transla-
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tion was undertaken to identify the gaps in the research area for devising an effective

MT technique. The review of different modelling techniques with the perspective of re-

sources has been covered in this work. It serves the developers with resources required

for modelling techniques such as corpus, domains, toolkits, models, features and their

evaluation measures. A comparison of research works on different Indic language pairs

based on modelling techniques was performed. The survey of modelling techniques in-

volves Indian languages such as Punjabi, Bengali, Marathi, Telugu, Tamil, Assamese,

Urdu, Malayalam, Gujarati, Sanskrit, Kannada, Dogri, Sinhala, and Devnagari. The

conclusion drawn after the synthesis that works for the Sanskrit language was minimal

despite being such a rich literature. Therefore, this work contributes to the research of

MTS for processing the Sanskrit language. The critical technical and linguistic chal-

lenges that are likely to be faced in building MTS for the Sanskrit language have been

reported in depth.

� Parallel corpus available from different sources gathered while the rest of the data

manually curated for building a Neural Model using Encoder-Decoder architecture with

an attention mechanism.

� A NMT system was designed trained and tested with different models, activation func-

tions, training data, epochs, sentence lengths to yield better accuracy of the proposed

work. The linguistic tools output was merged from the classical rule-based approach

as features embedding matrices in NMT to test whether it guided to get an accurate

translation of words as these may have different meanings in some other context. It

also verifies whether the proposed system helped to reduce the data sparseness and

performed meaningful tokenisation.

� Performance testing carried out to compare rule-based, neural and hybrid systems on

four measures, i.e. BLEU, F-measure, METEOR, Word-Error-Rate. Various Sanskrit

to Hindi MT sentences evaluated corresponding to reference translation based on BLEU

score, Precision, Recall, F-Measure, WER, F-mean, Penalty, and Meteor. Human-

based evaluation was performed by taking into consideration the grammatical category.

As many as 15 cases were included to form the grammatical categories and tested

the system translation corresponding to them. The existing system for Sanskrit-Hindi

translation was compared with the proposed work.

� A web-interface was developed for better user-interface. The web-interface was deployed

on AWS cloud with EC2 which eased time, knowledge and complications. It even

becomes challenging for a common user to utilise such a complex application. It elevated

the MTS performance by managing recurrent changes in terms of either corpus, domain,

algorithm and rules.

� This thesis contributes a case study of the proposed error taxonomy was also made to
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test the performance of the proposed machine translation system to achieve an effective

translation from Sanskrit to Hindi.

1.7 Thesis Organization

After providing an overview of the research problem and the thesis in chapter 1, the rest

of the thesis is organized as:

Chapter 2 Literature Survey : This chapter discusses the various MT modelling tech-

niques followed by a detailed survey of the existing MTS based on these techniques.

Then it highlights the challenges in the field of translation. It serves the developers with

resources required for modelling techniques such as corpus, domains, toolkits, models, fea-

tures and their evaluation measures. It makes a comparison of research work on different

Indic language pairs based on modelling techniques. This chapter reviews the frequently

used approaches of RBMT and SMT. However, the accuracy and efficiency of NMT and

HBMT techniques were better. It also provides future research directions in the field of

MT for work processing Sanskrit language. It carries out a discussion on the research

work for the Sanskrit language. Then, it carries the chapter further by contributing to

open issues, technical and linguistic challenges along with future research directions in

the field of MT for processing the Sanskrit language.Chapter 2 is partially derived from:

� Singh M, Kumar R, Chana I. Machine Translation Systems for Indian Languages: Re-

view of Modeling Techniques, Challenges, Open Issues and Future Research Directions.

Archives of Computational Methods in Engineering. 2020 Jun 17:1-29.

� Muskaan Singh, Ravinder Kumar, and Inderveer Chana, “Corpus based Machine Trans-

lation System with Deep Neural Network for Sanskrit to Hindi Translation”. Procedia

Computer Science 167 (2020): 2534-2544.

� Muskaan Singh, Ravinder Kumar, and Inderveer Chana, “Encoding-Decoding Methods

for Neural Machine Translation”. 2nd International Conference on Intelligent Comput-

ing, Instrumentation and Control Technologies (ICICICT),Kerala, India, Vol. 1. IEEE,

2019.

Chapter 3 Proposed Sanskrit-Hindi Hybrid Machine Translation System(SHH-MTS):

The proposed Sanskrit-Hindi hybrid machine translation system involves three differ-

ent translation models (Rule-based, Neural-based and hybrid) that have been produced

and analyzed for Sanskrit-Hindi. MT is a challenging job; hence, the model becomes

compounded and time-consuming. Earlier works lack extensibility, generalizability and

adaptability which have been overcome by the proposed system. The work developed and

presented here is novel and can be applied to any low-resource language pair with mini-

mum linguistic knowledge. The work extracts features from the linguistic rules and further
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passes these features to train the recurrent neural network. Performance evaluation made

on the automatic and human measure has resulted in improving the performance of the

hybrid systems. In the non-rule match case, the rule-based model provides no output.

The proposed model has always given the best solution. The existing models are complex

for long sentences and are practically infeasible, but the proposed model is efficient in

such cases also. The future work would involve multiple linguistic languages converted

into the single target language and multi-lingual platform for the same purpose. Chapter

3 has been derived from:

� Singh, M., Kumar, R. & Chana, I. Improving neural machine translation for low-

resource Indian languages using rule-based feature extraction.Neural Computing & Ap-

plication(2020). https://doi.org/10.1007/s00521-020-04990-9.

� Muskaan Singh, Ravinder Kumar, and Inderveer Chana, “Improving Neural Machine

Translation Using Rule-Based Machine Translation”. 7th International Conference

on Smart Computing & Communications (ICSCC),Curtin University, Miri, Malaysia,

IEEE, 2019.

� Muskaan Singh, Ravinder Kumar, and Inderveer Chana, “Hybrid Machine Translation

System Using Deep Learning”. ASM Sc. J., 13, Special Issue 2, 2020 for ICSCC2019,

31-45

� Muskaan Singh, Ravinder Kumar, and Inderveer Chana, “Neural-Based Machine Trans-

lation System Outperforming Statistical Phrase-Based Machine Translation for Low-

Resource Languages”. Twelfth International Conference on Contemporary Computing

(IC3), Noida, India, IEEE, 2019.

Chapter 4 Deployment of Sanskrit-Hindi Machine Translation on cloud

platform(CBSHH-MTS): This chapter provides the discussion on the deployment of SHH-

MTS on the cloud platform. SHH-MTS integrates linguistically-rich approach rule-based

with prominent result-oriented approach neural-based and gaining significant attention

nowadays. It is a complex application with a large number of modules. Deploying such a

complex application on a standalone machine is a time-consuming task. The earlier work

struggle with many drawbacks such as slow speed, less data accuracy, and low response

time. All these factors adversely affect the performance of the system. A local server takes

more time to respond and provides lesser accuracy. Therefore, offering MTS as a cloud

service is a better proposition for increasing performance and response time. Auto-tuning

for neural-based MT is not possible at the local host due to memory issues, but it is pos-

sible on the cloud. Several layers add up automatically to attain maximum accuracy and

high speed. The proposed CBSHH-MTS provides better response time, CPU utilization,

throughput, rule matching probability and server load. Chapter 4 has been derived from:
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� Singh, M., Kumar, R. & Chana, I. A forefront to machine translation technology:

deployment on the cloud as a service to enhance QoS parameters.Soft Computing(2020).

https://doi.org/10.1007/s00500-020-04923-7

� Muskaan Singh, Ravinder Kumar, and Inderveer Chana. ”CDFM-based Secure & Effi-

cient Architecture for Data Management in Cloud Computing.” 2019 2nd International

Conference on Intelligent Communication and Computational Techniques (ICCT).

IEEE, 2019.

Chapter 5 Validation of the Proposed System: This chapter demonstrates the verifica-

tion details, experimental set-up and testing results of the proposed Sanskrit to Hindi

hybrid machine translation system. The proposed work has been tested and validated by

carrying out a case study of error taxonomy. The performance of the proposed system has

been compared with the three standard approaches rule-based,neural-based and hybrid

along with their deployment on cloud. The proposed system has been evaluated on au-

tomatic measures, i.e., BLEU, METEOR, WER and F-measure and human measures by

performing a case study across 15 cases. The results have exhibited that the performance

of hybrid is the most satisfactory among the three for processing Sanskrit to Hindi. The

performance testing was also carried out on AWS cloud based on the average response

time of rule matching probability and number of matching action rules, CPU utilization of

packet arrival rate, cost of resources, throughput, time concerning the number of virtual

machines and server load concerning time. The hybrid system has performed better on

the cloud as well deployed a hybrid machine translation system was deployed on the cloud

as a service. Chapter 5 has been derived from:

� Muskaan Singh, Ravinder Kumar, and Inderveer Chana. “Machine Translation Intelli-

gent System as a Service: An aid to Teaching and Learning Process” ,Computer, IEEE

Computer Society.[Major Revision]

� Muskaan Singh, Ravinder Kumar, and Inderveer Chana. “A Error Taxonomy for

Morphologically-Rich Languages: A Case Study on Sanskrit-Hindi language”, Trans-

action for Asian and Low Resource Language Information Processing, ACM [Under

Review]

Chapter 6 Case Study on the Proposed Machine Translation System: This chapter out-

lines the developed taxonomy of error analysis based on different linguistic levels, i.e.,

orthography, morphology, lexical, syntax, semantic and pragmatics. Consequently, the

previous taxonomies were expanded to adapt the error transpired in the morphological

rich Indo-European languages. This work substantially provides future research direc-

tions and aid in the human error analysis process. The proposed system has examined

the errors generated from the rule, neural and hybrid-based approaches. These approaches
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exhibited different challenges in performing a case study on the translation of Sanskrit to

the Hindi language. In this chapter, an MT system as a service for Sanskrit to the Hindi

language has also been developed using linguistic analysis along with deep learning to aid

the teaching and learning process. It makes the user free from the cumbersome process

of accessing to the dictionary and gaining knowlege of syntax and semantics for Sanskrit

language which is a tough and time-consuming process. This interactive interface will

assist the school as well as university students enrolled in distance education by promot-

ing self-learning. The main aim of the proposed system is to make the scriptures and

philosophical texts such as Gita, Ramayana and Upanishads, available in the Sanskrit

language, accessible to the common user.

Chapter 7 Conclusion and Future Work : This chapter concludes the work by high-

lighting its significant contribution to the research. It also provides valuable directions

for future directions on the research in the field under investigation.



Chapter 2

Literature Survey

The previous chapter provides a detailed level of view for thesis. It discusses the funda-

mental concepts related to MT and cloud computing. It further unfolds its close alliance

with other underpinning technologies and covers different challenges of this research area.

Henceforth, it motivates the research, problem statement, objectives and culminates with

the discernment of the contributions and the organization of the rest of the thesis.

The current chapter primarily aims at reviewing the existing literature on the subject

under study i.e., Machine Translation(MT). It is a modest endeavour to study in detail the

extant modelling techniques of MT. It provides a chance to deeply understand the various

issues and aspects of the current study. It also serves the purpose of finding the gap in

the research area and avoid duplication. The main objective of this chapter is to assists

the developers with resource’s required for modelling techniques such as corpus, domains,

to toolkits, models, features and their evaluation measures.

This chapter introduces modelling techniques for MT and its details have been or-

ganised into following different sections. Section 2.2 contains challenges pertaining to

Sanskrit languages. It covers different linguistic and technical challenges. Section 2.3

compares modelling techniques on the resource requirements while Section 2.4 compares

MTS for different ancient languages. The synthesis derived from this comparison resulted

in minimal work for Sanskrit which is further reviewed in Section 2.5. At the last, this

chapter also reviews the MTS on cloud and finally the conclusion of this chapter in Section

2.7.

23
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2.1 Machine Translation Modelling Techniques

This section briefly reviews the pre-eminent MTS modelling techniques. These tech-

niques have been classified based on engineering involved for developing it either manually

or mechanically. The techniques have been majorly categorised into human-engineered,

machine-engineered, and combination of both, i.e., hybrid. The human-engineered mod-

elling technique is rule-based, while machine-engineered is corpus-based. These techniques

have been further classified as shown in Figure 2.1 and reviewed in further subsections.

Figure 2.1: Classification of Translation Modelling

2.1.1 Human-engineered Translation

This modelling technique involves rule-based MTS which can be built using dictionary-

based, transfer or interlingua approach. It involves more human intervention as all the

modules of this system require human insights.

2.1.1.1 Rule-based Machine Translation (RBMT) Modelling

The RBMT modelling technique is one of the oldest and is still being used for less-

resourced languages [55]. This technique depends on the linguistic features of the

source and target language. The linguistic information along with grammatical prop-

erties(morphological, semantic and syntax) is acquired from lexical resources such as

bilingual, unilingual or multilingual corpus, dictionaries and rules. As provided with the

source sentence, it is processed through many linguistic phases for collecting all the gram-

matical information, and then words are disambiguated to generate the target sentence.

The syntax is mapped with the help of parsing. It depends on colossal lexicons and lin-

guistic rules. The translation quality can be enhanced by adopting contextual reference

of a word in the sentence. This technique supersedes the MTS default settings of linguis-

tic rules of each word. The MTS using the rule-based technique can be built using the

dictionary, transfer and interlingua approach.
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i Dictionary-based MT : This technique provides direct transfer of meaning from

source to target language words based on dictionary entries. It does not cover

syntactic structure and semantic information of the language pair. It is one of the

simplest and easiest techniques. It identifies the root word with the removal of suf-

fixes and look-up the bilingual dictionary for the meaning of source word into the

target word. The final output can also be post-edited by re-ordering the sentence[11]

ii Transfer-based MTS : This technique transfers the source language parse tree into

target language parse tree. It covers the syntactic aspect of the language pairs. It

performs the analysis of source language structure and transfers it to the target

language, and finally, generates the target sentence[5].

iii Interlingua-based MTS : This technique converts the source language into an in-

termediate or interlingua structure to generate target translation. It analyses the

source sentence and performs synthesis to convert it into the target sentence. The

idea is to capture the meaning in the interlingua. It is independent of the lan-

guage pair. The transfer of interlingua is performed on the semantic level as well as

syntactic level [56].

RBMT is the oldest modelling technique applied to develop MTS. Some of the recent

research works using a rule-based approach have been reviewed along with the evaluation

measures as shown in Table 2.1. Table 2.2 exhibits methodology used by these RBMT

systems along with their domains. The analytical study performed for MTS build using a

rule-based approach concludes that most of RBMTs are for English-Hindi language, and

English to Marathi as shown in Figure 2.2.

Table 2.1: RBMT Systems based on their Language Pair with the Respective Accuracy
Author Year Language Parameters/Accuracy

BLEU Accuracy
Kavirajan et al.[57] 2017 English - Tamil NA 71.80
Rana and Antique[58] 2016 English - Hindi NA 81.70
Darbari et al.[59] 2015 English-Hindi 64.6 NA
G V Garje et al. [60] 2014 English-Marathi 44.29 49.78
Chethan Basavaraddi et al.[61] 2014 English-Kannada NA NA
Abhay Adapanawar et al. [62] 2013 English-Bengali NA 82.92
Abhay Adapanawar et al.[62] 2013 English-Marathi NA NA
Devika Pisharoty et al.[63] 2012 English-Marathi NA NA
Latha R Nair[64] 2012 Malayalam-English NA NA
Batra and Lehal[65] 2010 Punjabi-English NA 85.33
Rajan et al.[66] 2009 English - Malayalam NA 79.60
Sinha[67] 2009 English-Hindi 34.12 NA

English-Urdu 35.44 NA
Sinha and Jain[68] 2003 English-Hindi NA 90
Shachi Dave et al.[6] 2001 English-Hindi NA NA
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Figure 2.2: Rule-based Modelling for Different Languages

2.1.2 Machine-engineered Translation

These modelling techniques involve more machine intervention as compared to human-

engineered as all the modules of the system require machine processing. It builds a

translation model using machine learning from the corpus (monolingual and bilingual).

The machine-engineered MTS includes a corpus-based modelling technique which has

been further classified into statistical and neural-based.

2.1.2.1 Corpus-based MTS

The approach depends entirely on the corpus (bilingual, multi-text or parallel corpus).

MTS can be developed by training the corpus to perform translation. In comparison to the

rule-based modelling technique, it requires fewer efforts as it is more machine-dependent.

This technique has been further classified into statistical and neural-based.

I Statistical Machine Translation (SMT) Modelling Technique

It produces translation-based on the statistical model while learning from paral-

lel and monolingual corpus. It was introduced in the late 1950s[72] and had been

performing quite well until the present time. The statistical model assumes the

presence of aligned large quantity and high-quality data. It encodes the data in-

formation in the language and translation model which is decoded by the decoder

to generate the translation. The models of language and translation are produced

using the given source and target sentence. The language model is built using the

monolingual corpus of the target language. It also assigns the probability to each

string by calculating the relative frequencies. While the translation model is built

using parallel corpora by assigning probability, i.e., the source sentence is a trans-

lation of the target sentence. Mathematically, using Bayes theorem in Eq.(2.1)[7],
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P (s|t) =
P (s)× P (t|s)

P (t)
(2.1)

The highest probability sentence is chosen as the best translation using Eq.(2.2)

ˆemax = argmaxP (s)P (t|s) (2.2)

In the decoding phase, a source sentence chooses a translation sentence with maxi-

mum probability as in Eq.(2.3),

argmaxP (t|s) = argmaxP (t)× P (s|t) (2.3)

The decoding phase substitutes the phrases from left to right to produce the trans-

lation. It provides a dynamic programming solution by applying the beam search

algorithm. The fluency of translation output depends on the language model, and

adequacy of translation is derived by translation model. Though decoding is a com-

plex process, it provides the output sentence along with re-ordering .

There are different models of SMT based on segmentation of source sentence into

words[73][74], phrase[75], syntax[76][77] and hierarchy[78]. The SMT systems utilise

data and human resources in a better way. It is better than rule-based as it does

not require human-formed linguistic rules which are time-consuming and language-

specific. It demonstrates to have higher productivity and quality for domain-specific

translations such as news, official documents and literature.

The survey performed on some of the recent research works using the statistical ap-

proach has been presented in the subsequent tables. Table 2.3 compares the various

SMT-based MTS in terms of different evaluation measures used for computation of

accuracy. SMT systems are developed using different methodology having several

toolkits. These are described in Table 2.4. The corpora details along with their

domains are mentioned in Table 2.5. The analytical study performed for Indic lan-

guages using SMT modelling technique has been shown in Figure 2.3 for various

languages, and concluded that maximum work has been done to translate different

languages into English and Hindi.

II Neural Machine Translation(NMT) Modelling Technique

NMT is the most recent technique for MT and is said to make a substantially more

accurate translation. It depends on the model of neural systems in the human

cerebrum and with data being sent to various ”layers” to handle before output. It

utilises deep-learning procedures to guide itself to translate content given existing



2.1 Machine Translation Modelling Techniques 29

Figure 2.3: Statistical Modelling for Different Languages

reference translation and build models. It forms the technique faster as it requires

a single sequence model rather than multiple models as in SMT. It also produces

higher quality output. It models the source sentence s1, s2, s3......s(m) to target

sentence t1, t2, t3.......tn with conditional probability modelling context vector c as

in Eq(2.4)

logP (t|s) =
n∑
i=1

logP (yi|y < i, c) (2.4)

The basic form of NMT consists of encoder and decoder components. The encoder

encodes the source sentence into a context vector c, while decoder decodes this

context vector and generates one word at a time. NMT requires minimal domain

knowledge. The sequence to sequence learning proposed by Sutskever et al., [103]

and Cho et al., [15] employed by Luong et al., and Jean et al., [104][105], i.e.,

reads a sentence till the end and output one word at a time. It produces good

translation results. It has the drawback of encoding source sentence into a fixed-

size vector which deteriorates in quality when exposed to longer sentences. However,

this drawback can be overcome by attention mechanism[8]. There are two different

architectures for constructing NMT.

i Recurrent Neural Network(RNN): It has been producing good quality transla-

tion results. RNN is composed of encoder and decoder with a similar working of

sequence to sequence learning. Different RNN architectures are experimenting

different models, [14][106][107][108][105][109] [110].

ii Convolution Neural Network(CNN): It has achieved surpassing results for the

word-based MTS, but along with RNN [14][111]. These works have applied

convolution layer on the bottom of the recurrent layer which hinders the per-

formance. The bottleneck was handled by implementing the fully convolutional
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Table 2.3: SMT System for Languages with their Respective Accuracy
Author Year Language Parameters/Accuracy

BLEU NIST TER
Subalalitha et al.[79] 2018 English-Hindi NA NA 73.43
Shishpal Jindal[80] 2018 English-Punjabi 87.67 NA NA
Raj Nath Patel et al.[81] 2018 English-Malayalam 8.25 NA 21.57

English-Hindi 19.43 NA 37.77
English-Punjabi 23.09 NA 44.06
English-Tamil 7.56 NA 23.62

Khan et al.[82] 2017 Bengali-English 19.70 3.78 NA
Hindi-English 19.30 37.79 NA
Malayalam -English 11.10 NA NA
Tamil-English 12.80 NA NA
Telugu-English 14.20 NA NA
Urdu-English 24.70 4.26 NA

Patel et al.[83] 2016 Bengali-Hindi 31.3 6.80 46.06
Marathi-Hindi 38.71 7.36 41.38
Telugu-Hindi 28.51 6.26 50.80
Tamil-Hindi 19.19 5.01 62.90
English-Hindi 20.75 5.61 61.70

Patel and Pimpale[84] 2016 Bengali-Hindi 33.77 7.19 45.52
Marathi-Hindi 41.20 7.93 39.25
Telugu-Hindi 29.72 6.66 49.26
Tamil-Hindi 20.38 5.34 62.25
English-Hindi 24.00 6.12 58.99

Das and Baruah[85] 2014 Assamese-English 11.32 NA NA
Ali et al.[86] 2014 English-Urdu 9.03 NA NA
Khan et al.[87] 2013 English-Urdu 2.90 6.36 NA
Ali et al.[88] 2013 English-Urdu 37.10 NA NA
Kumar and Kumar[89] 2013 Punjabi-English NA 97.00 NA
Aasim Ali et al.[86] 2010 English-Urdu 9.03 NA NA
Anwar et al.[90] 2009 Bangla-English NA 92.53 NA
Udupa and Faruquie[91] 2005 English-Hindi 13.44 4.57 NA

model as suggested by Kaiser et al., [112] and Kalchbrenner et al., [113]. It

later formed stacked convolutional layers[114] with GPU version of the neural

model. The performance and accuracy was improved with a number of models

[113],[115][116][114].

NMT makes it easier to train large models and generalise long sentences. It doesn’t

have to store phrase tables, language models, score tables as in SMT.
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Figure 2.4: Neural Modelling for Different Languages

The survey performed on some of the recent research works using a neural-based

approach has been presented in the form of subsequent tables. There are different

toolkits available for developing the NMT system experimenting with methodolo-

gies as shown in Table 2.6. The experiment is conducted on different corpora and

domains mentioned in Table 2.9. These systems are evaluated with different mea-

sures such as automatic or human, which have been presented in the Table 2.7. The

analytical study performed for Indic languages using neural-based techniques has

been shown in Figure 2.4, and concludes that English to Hindi translation system is

more prominent as compared to other languages. It is because more parallel corpora

exist for this language pair than other Indic languages.

2.1.3 Hybrid Machine Translation(HBMT) Modelling

HBMT is a preferred translation technique as it combines the best of human-

engineered and machine-engineered approach. It is characterised by the use of

multiple MT modelling techniques within a single MT system. The motivation

for developing a hybrid approach stems from the failure of any single technique to

achieve a satisfactory level of accuracy. Many HBMT systems have been successful

in improving the accuracy of the translation systems.

The HBMT architecture is guided by the human-engineered approach, i.e.

rule-based using corpora to build[[117][118][119][120][121][122][123][124]], using

corpus-based tool for weighing the RBMT output[[125] [126][127][128][129][130]],

RBMT is guided by statistical post-editing[[17][131][132][133]]. Corpus-

based HBMT uses rules at pre-processing and post-processing suggested by
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[[134][135][136][137][138][139]], incorporating dictionaries and rules in corpus-based

MTS [[140][141][142][143][144][145][146][147]] and building HBMT using corpus with

statistical approach[[148][18][149][150] [151] [152] [153]]. These several works demon-

strate that HBMT provides better translation quality. Most of the techniques con-

catenate rules and data, whereas fewer works are combining machine-engineered

approaches. Some of the recent work incorporates additional information to guided

RBMT or guided corpus-based technique. The hybridisation technique has grown to

speech translation, cross-lingual information retrieval and computer-aided and post

edited systems. The survey performed on some of the recent research work using the

Figure 2.5: Hybrid Modelling for Different Languages

hybrid approach has been presented in the form of subsequent tables. The HBMT

developed for Indic languages using different experiment or methodology along with

toolkits is depicted in Table:2.10. These system developed with corpus along with

domains is mentioned in the Table:2.11. Evaluating these systems with different

evaluation measures is shown in Table:2.8. The analytical study performed for In-

dic languages using hybrid approach has been shown in Figure.2.5 and concludes

that English to Marathi, English to Hindi, Bengali to Hindi, and English to Punjabi

have notable more systems as compared to other languages.
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Table 2.7: NMT Systems with their Language Pairs and Respective Accuracy
Author Name Year Language Parameters/Accuracy

BLEU Accuracy
Saurav Jha et al.[93] 2018 Hindi-Bhojpuri 90.89 90.23
Himanshu Choudhary[94] 2018 English-Tamil 8.33 NA
Pathak and Pakray[95] 2018 English-Hindi 52.54 NA
Ramesh and Sankaranayanan[96] 2018 English-Tamil 5.53 NA

English-Hindi 3.97 NA
Singh et al.[97] 2018 English-Punjabi 26.07 NA
Jigar Mistry[98] 2018 English-Hindi 26.88 NA

Bengali-Hindi 33.87 NA
Gujarati-Hindi 53.95 NA

Revanuru et al.[99] 2017 Punjabi-Hindi 46.47 NA
Gujarati-Hindi 35.69 NA
Urdu-Hindi 22.47 NA
Tamil- Hindi 7.56 NA

Aggarwal and Sharma[101] 2017 English-Hindi 9.23 NA
Tennage et al.[100] 2017 Sinhala-Tamil 7.50 NA

Tamil-Sinhala 12.75 NA
Yerra et al.[102] 2016 Bengali- Hindi 20.41 NA

Table 2.8: Hybrid MT based on Language with its Respective Accuracy
Author Year Language Parameters/Accuracy

BLEU Accuracy
Dhariya et al.[154] 2017 Hindi-English NA 86.50
Salunkhe et al.[155] 2016 English -Marathi NA 83.00
B and Joseph[156] 2013 English-Malayalam 69.33 75.30
Kaur and Laxmi[157] 2013 English-Punjabi NA 81.67
Dhore and Dixit[158] 2011 English-Hindi NA 97.25

English-Marathi NA 97.00
English-Gujarati NA 96.50

Chatterji et al.[159] 2011 Bengali-Hindi 29.45 NA
Shahnawaz and Mishra[160] 2011 English-Urdu 69.54 NA
Chatterji et al[161] 2009 Bengali-Hindi 22.57 NA
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2.2 Challenges of MTS for Processing Sanskrit Lan-

guage

This section reviews the types of challenges that one must consider in developing an MTS.

These challenges have been examined along with two dimensions; the first on different

types of linguistic considerations (e.g. syntactic word order and semantic ambiguity), and

the second on different types of operational or technical considerations.

2.2.1 Linguistic Challenges

The pattern of divergence between two languages needs to be recognised before building

an MTS. The challenges for translation are specific to language pair as it is difficult to

build a general approach applicable to all languages. The work studying the deviation of

languages by Dorr [162][163] has formed a basis for further research for Indian languages.

The challenges to translate English-Sanskrit-Hindi MT[164], English-Hindi[6] and English-

Sanskrit[165] have also been considered. These linguistic challenges are specific to Sanskrit

language and need to consider before building MTS for Sanskrit to English language or

Sanskrit to the Hindi language.

� Sanskrit contains complex or compound words being influenced by oral tradition, i.e.,

continuous strings of characters without word boundaries or punctuations. It becomes

difficult to guess the boundaries as they undergo euphonic changes[166].

� In Sanskrit, there is a special category of verbs requiring special treatment termed

as thematic divergence. The subject Noun Phrase(NP) in Sanskrit and Hindi is the

dative case, while in English is the nominative case which causes a divergence in

translation[164].

� Sanskrit is rich in inflectional and morphology. This richness makes a difference in the

last character of the word, its gender and makes it difficult to remember different forms

of word inflections[166].

� The vocabulary of almost all the Indian languages has been derived from Sanskrit.

There have been cases of meaning shift, reduction and expansion. It makes it diffi-

cult to understand the Sanskrit text without the prior knowledge of original meaning.

There are various trends in Sanskrit literature for commentaries. The presentation of

commentaries in the Sanskrit language is in a nested form which makes it difficult to

understand for modern scholars[166].

� The structure difference between languages leads to problems in translation. Sanskrit

and Hindi are Vibhakti and Karaka-based languages while in English whenever Noun

Phrase is encountered Vibhakti place is replaced with prepositions or null[164].
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� Sanskrit consists of complex words resulting in the translation of two to three words

of English in the one-word translation of Sanskrit. This Conflational and Inflation

divergence is encountered for Sanskrit and Hindi translation as well[164].

� Though Sanskrit is a free-word order language, still, there are cases where the change

in the word order changes the meaning of a sentence for translation of language pair

Sanskrit and English[164].

� Sanskrit and Hindi language pairs have most commonly passive voice while English has

active voice sentences. This change of voice leads to problems in translation for specific

language pair[164].

� There is a categorical and lexical divergence for Sanskrit-English and Sanskrit-Hindi

language pairs. The categorical divergence occurs in case of mismatch in parts of

speech of translation pair languages. In the translation process when an exact match

is not mapped from one language to another leads to lexical divergence. In Sanskrit, a

different meaning are generated with the addition of upsarga to the verb[164].

� In the translation of Sanskrit to English/Hindi, there are different adjuncts and clauses

which cause divergence in translation. This divergence changes the sentence construc-

tion of language pair[26].

� Sanskrit has honorific features containing verb endings with adjectives and nouns.

These plural verb and plural pronoun infections are caused because of socio-cultural

aspects of languages[26].

� The mapping of time from English to Sanskrit and Hindi causes a problem as a.m. and

p.m. in English cannot be mapped in Sanskrit as afternoon and morning. The terms

a.m. and p.m. cannot be translated as such in Sanskrit and Hindi[26].

� There is formal grammar defined by Panini for Sanskrit but no such parallel grammar

exists for Hindi or other European languages. In the absence of such parallel grammar,

exceptional cases are covered by forming linguistic rules. There are cases where Vibhakti

diverges from Sanskrit to Hindi such as optional, exceptional, differential, alternative,

non-Karaka, verbal and complex-predicate divergence[26].

2.2.2 Technical Challenges

This section aims at studying the technical challenges of Sanskrit-based MTS. The chal-

lenges are encountered while developing and applying modelling techniques for MTS.

� Domain Mismatch: In NMT-based system, if the content is not from the same domain,

then it exhibits poor performance. It has a low quality for out of domain text; as for
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fluency, it sacrifices adequacy. The translation misguides the user by visualising the

fluent output in case of information gisting[167][168].

� Amount of Training Data: It performs well for high-resource languages as compared to

low-resource languages as its learning depends on the amount of training data. NMT

system trains millions of data, showing direct proportionality to accuracy [169][170].

� Noisy Data: NMT system is not robust to noisy data in corpora such as misaligned

sentences[171], poorly translated sentences, and content in wrong languages. In such

cases, NMT fails to predict the relationship between the language model and the input

data context. Even varying the training ratios, the problem does not dissolve as it

produces inadequate output.

� Word Alignment: Aligning input words to output words was served by the atten-

tion model of NMT[8]. The performance of attention-based NMTs is very poor in

case of more substantial sentences, and it does not provide accurate word alignment.

Incorporating discrete translation and lexicon dictionaries[172] for improving system

with fertility and coverage modelling[173]. The attention mechanism may produce bet-

ter alignment if provided with guided learning[174][175]. The source sentence can be

translated into many target sentences in SMT as well. Aligning of phrases in the target

concerning source becomes cumbersome. An efficient alignment algorithm is required

after translation. There are several techniques such as a template for aligment[148][176],

Hidden Markov Model(HMM)[177], toolkits [178][179][180]. Despite various attempts

to enhance alignment in SMT systems, it does not fulfil the role and shows divergence.

� Beam Search: The decoding process generates the translation of highest probability. For

highest probability translation, a search operation performed from all possible transla-

tions. In NMT, the size of all possible translation is termed as beam size for each input

word. It is not directly proportional to the accuracy of the system as after a point it

starts degrading. It requires manually normalizing of scores by the sentence length.

Falling out of the optimal range(30-50) of beam size the translation quality starts de-

grading. The wider beams deteriorate the quality with shorter translations[181].

� Longer Sentences and Inflectional Category Words: In complex and large sentences,

quality is low as compared to small sentences. Even words which are of low frequency

are not easily translated with NMT-based Systems[181].

� Parallel Corpus: Corpus-based modelling techniques require a large amount of parallel

and monolingual corpus but it is costly and time-consuming. Training data is directly

proportional to the model constructed. A collection of millions of monolingual sen-

tences yields a better language model producing fluent output. The translation model

is trained using parallel corpus producing an adequate translation. Even with huge
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corpora, translation quality is very coarse. This modelling technique does not apply to

many Indic languages as there is very less or no parallel corpora for some low-resource

languages[181].

� Idioms and Multiword Expressions: The properties exhibited by idioms and multiword

expressions make it difficult for them to translate. The corpora should be customised

for a specific idiom for a particular language pair to be most effective. Even then, SMT

requires pre-processing and post-processing steps for handling such cases[13].

� Time Consuming and Expensive: SMT and RBMT can also be expensive as they

requires a lot of upfront costs. In this, both the processes, i.e., pre-processing and

corpus creation are expensive and time-consuming. It also requires collaboration with

computer scientists, translators, linguists and statisticians[182].

� Learning: For the learning of the system, every phase requires continuous error detec-

tion. It is harder to fix mistakes in the system once they have been implemented. With

models like RBMT, you can fix errors and remove certain words quite easily. With

SMT, you need to retrain the whole system and check if other errors have emerged or

not[13].

� Linguistic Issues: Even training the SMT system with 100 million words, it produces

a partially excellent translation. It suffers from various linguistic issues such as man-

gled grammar, wrong word choices, name translation, unknown words and syntactic

transformations[183]

� Linguistic Knowledge: Some linguistic information still needs to be set manually (such

as rules, part of speech). This requires human intervention and linguistic knowledge of

the source and target language[183].

� Generalized System: It is hard to deal with rule interactions in big systems, resolve

ambiguity and handle idiomatic expressions. It is difficult to build a generalized system

handling all the aspects of a language pair[182].

� Domain Adaptability:RBMT systems provide a mechanism to adapt to new data with

the help of rules and lexicon but it is time-consuming effort. Adapting to new domains

also requires extensive knowledge of language and human effort as each word requires

a rule to disambiguate its meaning[182].

� Resources: The resources required for developing RBMT are linguistic rules, dictionar-

ies, language-specific tools, morph-analyser, parser and generator. It is an expensive

process as it requires much human effort and knowledge. There is also a requirement of

efficient corpora for a particular language. Some languages do not have sufficient data

and preparation of these data is a challenging task and time-consuming process[182].
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Figure 2.6: Overall Percentage of Various Modelling Techniques

� Modification: Existing RBMT system modification requires to process as an alteration

in the rules. It is more expensive as compared to generating new rules[182].

2.3 Comparison of Various Modelling Techniques

In MT research for Indic languages, RBMT and SMT are the methods which are used

most frequently. Though RBMT is the oldest approach to achieve good results, the de-

velopment is very time-consuming as linguistic rules need to be fixed manually for every

word in a sentence. In terms of investment, the customisation cycle needs to reach the

quality threshold which can be quite long and costly in terms of human resources. The

RBMT systems are built with fewer data as compared to SMT systems, along with dic-

tionaries and language rules to translate. It does not produce fluently translated output.

Also, language is constantly changing, which means rules must be managed and updated

wherever necessary in RBMT systems. Moreover, SMT systems require much less time

and linguistic knowledge. SMT models require more computer processing power and stor-

age capacity to build and manage large translation models. Figure 2.6 shows that SMT

systems are mostly used by the researchers for the translation of different languages. On

the other hand, neural and hybrid-based systems are very less used for Indic language pair

due to insufficient parallel data. The performance of these modelling techniques is good

with fluent output. The computational requirement for these techniques is more than

human resource requirements. Machine learning and linguistic knowledge apply to these

techniques to improve performance. These techniques sometimes exhibit out of domain

quality. The error analysis is difficult to perform for these techniques. So, these systems

need to be tested for future translations. Table 2.12 compares the performance of some

of the MT modelling techniques for different quality parameters. The year-wise usage of

these techniques is exhibited in Figure 2.7.
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Table 2.12: Comparison of MTS Techniques based on Various Parameters
FEATURES RBMTS SMTS EBMTS NMTS
Performance Good Medium Good Good
Fluency Less Medium High Medium
Robust Yes No Yes No
Human resources requirement High Less Medium Less
Computational resources requirement Less Medium Medium High
Machine Learning Applicability No Yes Yes Yes
Linguistic knowledge requirement Yes No Yes Yes
Use of grammar Yes No No No
Out of domain quality Medium Low High Low
Predict Quality Good Similar Very well Similar
Consistency High Low Medium Low
GPU requirement No No No Yes
Language dependency Yes No No No
Maintenance Difficult Easy Easy Easy
Model Size Huge Huge Moderate Small
Error analysis Easy Difficult Difficult Impossible
Parallel corpus requirement No Yes Yes Yes
Dictionary and Rule requirement Yes No No No
Extendable Difficult Easy Easy Easy

Figure 2.7: Modelling Techniques based on the Year of their Development
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2.4 Comparison of Machine Translation Systems

MT aims to translate one language to another by utilising different resources. The prin-

cipal objective is to fulfil the language gap between two distinct languages involving

individuals, groups or nations. In India,there are different languages and web-contents

extensions which needs massive language translations. The Table 2.13 and Table 2.14 pro-

vide the classification of MTS based on human and machine-engineered approach along

with their features and outcomes. These tables carry the information like the modelling

techniques used, features of the technology, and outcomes along with different language

pairs. An analysis of the percentage of work performed for different languages is shown

in Figure 2.8. In the field of MT, more systems have been developed to translate Hindi

and English languages as per the analysis presented graphically in this figure. The details

of research work for other ancient Indian languages such as Punjabi, Bengali, Marathi,

Telugu, Tamil, Assamese, Urdu, Malayalam, Gujarati, Sanskrit, Kannada, Dogri, Sinhala

and Devnagari are provided in Table 2.15. It can be observed that work for the Sanskrit

language is minimal despite huge corpora and literature.



44 Chapter 2 Literature Survey

T
ab

le
2.

13
:

H
u
m

an
-E

n
gi

n
ee

re
d

S
y
st

em
s

D
ev

el
op

ed
fo

r
V

ar
io

u
s

L
an

gu
ag

es

A
u

th
o
r

C
o
rp

u
s

L
a
n

g
u

a
g
e

P
a
ir

F
e
a
tu

re
s

O
u

tc
o
m

e

T
ec

h
n

iq
u

e:
R

u
le

-b
as

ed

A
d

ap
a
n

aw
ar

et
a
l.

[6
2]

G
en

er
al

D
at

a
b

as
e

E
n

gl
is

h
-M

ar
at

h
i

O
p

en
so

u
rc

e
N

L
P

to
o
ls

ar
e

u
se

d
fo

r
d

ev
el

op
in

g
th

e
sy

st
em

.
D

at
ab

as
e

of
ru

le
s

u
si

n
g

a
b

il
in

gu
a
l

d
ic

ti
on

ar
y

is
u
se

d
fo

r
m

ap
p

in
g

T
h

e
re

se
ar

ch
re

p
re

se
n
ts

a
th

eo
-

re
ti

ca
l

an
d

g
ra

m
m

a
ti

ca
l

fr
am

ew
or

k
w

h
ic

h
is

ex
te

n
d

a
b

le
.

A
d

ak
[7

0]
P

ar
al

le
l

co
rp

u
s

E
n

g
li

sh
-B

en
ga

li
U

se
a

so
ft

co
m

p
u

ta
ti

on
al

te
ch

n
iq

u
e

w
h

er
e

th
e

fu
zz

y
If

-T
h

en
ru

le
is

a
p

-
p

li
ed

to
ch

o
os

e
a

le
m

m
a

fr
om

p
ri

o
r

k
n

ow
le

d
ge

.

T
h

e
p

ro
p

os
ed

sy
st

em
w

or
k
s

w
el

l
in

se
n
te

n
ce

tr
a
n

sl
at

io
n

fr
o
m

E
n

gl
is

h
to

B
en

ga
li

a
n

d
th

ey
ob

ta
in

8
2.

9
2%

F
-

m
ea

su
re

b
a
se

d
on

th
ei

r
te

st
ca

se
a
n

a
ly

si
s.

P
is

h
ar

ot
y
et

a
l[

6
3]

G
en

er
a
l

D
a
ta

b
a
se

E
n

g
li

sh
-M

ar
at

h
i

F
or

im
p

ro
v
in

g
th

e
p

er
fo

rm
a
n

ce
of

th
e

sy
st

em
,

gr
am

m
a
r

an
d

sp
el

l
ch

ec
ke

r
ca

n
b

e
u
se

d
.

T
h

e
se

n
ti

m
en

t
an

al
y
si

s
m

o
d

u
le

ca
n

al
so

b
e

u
se

d
.

T
h

e
ad

d
it

io
n

a
l

fu
n

ct
io

n
a
li

ti
es

h
av

e
im

p
ro

ve
d

th
e

sy
st

em
a
cc

u
ra

cy
,

al
-

th
ou

gh
th

er
e

is
a

tr
ad

e-
off

of
ti

m
e.

G
a
rj

e
et

a
l[

6
0
]

1
0
00

se
n
te

n
ce

s
E

n
g
li

sh
-M

ar
at

h
i

S
em

an
ti

c
an

d
m

or
p

h
ol

o
gi

ca
l
p

ro
p

er
-

ti
es

ar
e

m
ai

n
ta

in
ed

in
th

e
le

x
ic

o
n

G
ra

m
m

at
ic

al
st

ru
ct

u
re

o
f

th
e

ta
rg

et
la

n
gu

ag
e

gi
v
es

im
p

or
ta

n
ce

fo
r

b
et

-
te

r
tr

an
sl

at
io

n

T
h

e
ac

cu
ra

cy
o
f

th
e

sy
st

em
u

si
n

g
T

D
IL

co
rp

o
ra

is
44

.2
9
%

an
d

fo
r

h
u

-
m

a
n

tr
an

sl
a
ti

on
is

49
.7

8
%

B
as

av
a
ra

d
d

i
et

a
l[

61
]

G
en

er
al

D
at

ab
as

e
E

n
gl

is
h

-K
an

n
ad

a
C

om
p

le
x

m
or

p
h

ol
og

y
of

th
e

ta
rg

et
la

n
gu

ag
e

h
an

d
le

d
b
y

th
e

m
o
rp

h
ol

o
g-

ic
al

ge
n

er
at

or
.

S
y
n
ta

x
re

or
d

er
in

g
ov

er
co

m
es

sy
n

-
ta

ct
ic

d
iff

er
en

ce
s.

D
iff

er
en

ce
s

w
er

e
fo

u
n

d
in

th
e

sy
n

-
ta

ct
ic

m
o
d
u

le
(w

or
d

or
d

er
an

d
m

or
-

p
h

o
lo

g
ic

al
le

ve
l)

T
ec

h
n

iq
u

e:
T

ra
n

sf
er

B
as

ed

N
a
ir

an
d

P
et

er
[6

4
]

1
0
00

se
n
te

n
ce

s
M

a
la

y
al

am
-E

n
gl

is
h

A
rt

ifi
ci

al
in

te
ll

ig
en

ce
te

ch
n

iq
u

es
u

se
d

fo
r

sy
st

em
d

ev
el

op
m

en
t.

S
p

li
tt

er
fo

r
sp

li
tt

in
g

co
m

p
ou

n
d

w
or

d
s,

b
il

in
gu

al
d

ic
ti

on
ar

y,
th

e
m

or
p

h
ol

og
ic

al
p

ar
se

r

T
h

e
sy

st
em

w
a
s

te
st

ed
fo

r
1
00

0
d

if
-

fe
re

n
t

se
n
te

n
ce

s
an

d
re

p
or

te
d

tr
u

e
re

su
lt

fo
r

th
e

se
n
te

n
ce

s
w

h
ic

h
h

a
d

tw
o

su
b

o
rd

in
a
te

cl
a
u

se
s.

T
h

e
sy

st
em

is
ea

si
ly

ex
te

n
d

ab
le

fo
r

o
th

er
la

n
gu

ag
e

p
ai

rs
.



2.4 Comparison of Machine Translation Systems 45
T

ab
le

2.
14

:
M

ac
h
in

e-
E

n
gi

n
ee

re
d

S
y
st

em
s

D
ev

el
op

ed
fo

r
V

ar
io

u
s

L
an

gu
ag

es

A
u

th
o
r

C
o
rp

u
s

L
a
n

g
u

a
g
e

P
a
ir

F
e
a
tu

re
s

O
u

tc
o
m

e
T

ec
h

n
iq

u
e:

S
ta

ti
st

ic
a
l

B
a
se

d
K

u
m

ar
an

d
K

u
m

ar
[8

9]
10

00
n

am
es

P
u

n
ja

b
i-

E
n

g
is

h
S

y
st

em
h

a
s

tr
a
in

in
g

to
le

a
rn

a
n

d
tr

a
n

sl
it

er
a
ti

o
n

.
T

h
e

a
cc

u
ra

cy
a
ch

ie
ve

d
b
y

th
e

sy
st

em
is

9
7
%

T
es

t
se

t
g
iv

es
th

e
B

L
E

U
sc

o
re

3
2
.1

1
.

A
li
et

a
l

20
17

3
S

en
te

n
ce

P
ai

r
E

n
g
li

sh
-U

rd
u

M
o
se

s
is

u
se

d
fo

r
la

n
g
u

a
g
e

tr
a
in

in
g

w
it

h
m

o
d

el
in

g
to

o
lk

it
IR

S
IL

M
N

A

T
ec

h
n

iq
u

e:
P

h
ra

se
-B

a
se

d
S

ta
ti

st
ic

a
l

P
in

ga
li

an
d

V
as

u
d

ev
a[

18
4]

43
,5

00
se

n
te

n
ce

s
T

el
u

g
u
-E

n
g
li

sh
M

o
d

u
le

s:
la

n
g
u

a
g
e

m
o
d

el
,

tr
a
n

sl
a
ti

o
n

m
o
d

el
,

a
n

d
d

ec
o
d

er
T

h
e

sy
st

em
ex

h
ib

it
s

b
a
se

d
o
n

g
eo

m
et

ri
c

av
er

a
g
e

fl
u

en
cy

o
f

2
.6

9
3

a
n

d
A

d
eq

u
a
cy

o
f

2
.9

3
T

ec
h

n
iq

u
e:

T
ec

h
n

iq
u

e:
H

ie
ra

rc
h

ic
a
l

p
h

ra
se

-b
a
se

d
K

h
an

et
a
l[

87
]

E
M

IL
L

E
C

or
p

u
s

(1
25

00
S

en
te

n
ce

s)
E

n
g
li

sh
-U

rd
u

E
M

IL
L

E
co

rp
u

s
is

u
se

d
.

O
n

U
rd

u
m

o
n

o
li

n
g
u

a
l

co
rp

u
s

la
n

g
u

a
g
e

m
o
d

el
is

b
u

il
t.

U
si

n
g

S
R

IL
M

to
o
lk

it
N

-g
ra

m
m

o
d

el
is

u
se

d

B
L

E
U

sc
o
re

fo
r

th
e

sy
st

em
in

5
-f

o
ld

te
st

d
a
ta

,
4
0
%

(P
h

ra
se

-b
a
se

d
)

a
n

d
2
9
%

(H
ie

ra
rc

h
ic

a
l-

b
a
se

d
)

N
IS

T
sc

o
re

fo
r

th
e

sy
st

em
is

7
3
%

(P
h

ra
se

-b
a
se

d
)

a
n

d
6
3
%

(H
ie

ra
rc

h
ic

a
l-

b
a
se

d
)

T
ec

h
n

iq
u

e:
H

y
b

ri
d

N
it

h
ya

an
d

J
os

ep
h

[1
56

]
56

3
se

n
te

n
ce

s
M

al
ay

a
la

m
-E

n
g
li

sh
A

st
a
ti

st
ic

a
l

m
et

h
o
d

is
a
p

p
li

ed
to

th
e

co
rp

u
s

a
n

d
a
p

p
ly

in
g

m
a
ch

in
e

le
a
rn

in
g

te
ch

n
iq

u
es

fo
r

tr
a
n

sl
a
ti

o
n

.

B
L

E
U

sc
o
re

fo
r

th
e

b
a
se

li
n

e
sy

st
em

w
a
s

6
8
.1

4
a
n

d
fo

r
th

e
h
y
b
ri

d
sy

st
em

w
a
s

6
9
.3

3
D

h
or

e
an

d
D

ix
it

[1
85

]
10

00
W

or
d

s
E

n
g
li

sh
-D

ev
n

a
g
a
ri

T
h

e
M

u
lt

il
in

g
u

a
l

d
ic

ti
o
n

a
ry

is
cr

ea
te

d
u

si
n

g
1
0
0
0

b
a
n

k
in

g
g
lo

ss
a
ry

,
w

h
ic

h
is

av
a
il

a
b

le
o
n

th
e

R
B

I
w

eb
si

te
.

C
la

n
g
u

a
g
e

is
u

se
d

fo
r

th
e

le
x
ic

a
l

a
n

a
-

ly
ze

r.
F

o
r

ru
n

n
in

g
th

e
sy

st
em

B
is

o
n

to
o
l

is
u

se
d

T
h

e
m

u
lt

il
in

g
u

a
l
d

ic
ti

o
n

a
ry

is
im

p
ro

v
ed

a
n

d
se

m
a
n
ti

c
ru

le
s

in
th

e
p

a
rs

er
d

es
ig

n
h

av
e

a
ls

o
im

p
ro

v
ed

N
ai

r
et

al
[6

4]
G

en
er

al
d

at
ab

as
e

E
n

g
li

sh
-H

in
d

i
N

ew
R

u
le

s
h

a
s

b
ee

n
a
d

d
ed

T
h

e
p

ro
p

o
se

d
sy

st
em

d
es

ig
n

sh
ow

s
th

e
a
cc

u
ra

te
re

su
lt

s
th

a
n

o
th

er
sy

st
em

s
th

a
t

a
re

9
4
%

.
G

o
d

as
e

an
d

G
ov

il
ka

re
t

a
l[

18
6]

D
ic

ti
on

ar
y

D
at

ab
as

e
E

n
g
li

sh
-M

a
ra

th
i

B
il

in
g
u

a
l

co
rp

u
s

is
u

se
d

fo
r

tr
a
in

in
g
.

P
a
rs

in
g

is
u

se
d

b
y

th
e

sy
st

em
It

m
a
ke

s
re

so
u

rc
es

av
a
il

a
b

le
to

ev
er

y
o
n

e
b
y

p
re

se
n
ti

n
g

a
co

m
p

le
te

a
rc

h
it

ec
tu

re
a
n

d
se

v
er

a
l

a
lg

o
ri

th
m

s
fo

r
th

e
sy

st
em

S
in

gl
a

an
d

B
ag

h
la

[1
87

]
15

00
0

S
en

te
n

ce
s

E
n

g
li

sh
-P

u
n

ja
b

i
U

si
n

g
ru

le
-b

a
se

d
m

o
d

el
li

n
g

te
ch

n
iq

u
e

p
a
rs

in
g

is
p

er
fo

rm
ed

b
y

th
e

sy
st

em
T

h
e

a
cc

u
ra

cy
a
ch

ie
ve

d
b
y

th
e

sy
st

em
is

8
1
.6

7
%

T
ec

h
n

iq
u

e:
E

x
a
m

p
le

B
a
se

d
S

in
h

al
an

d
G

u
p

ta
[1

88
]

67
7

S
en

te
n

ce
s

E
n

g
li

sh
-H

in
d

i
C

o
m

p
a
ri

n
g

se
n
te

n
ce

to
ex

tr
a
ct

th
e

tr
a
n

sl
a
ti

o
n

.
P

a
ra

ll
el

co
rp

u
s

is
u

se
d

fo
r

T
ra

in
in

g
.

U
se

s
va

ri
o
u

s
m

o
d

u
le

s
su

ch
a
s

si
m

il
a
ri

ty
m

a
tr

ix
,

tr
a
in

in
g

m
a
tr

ix
,

ta
g
g
in

g
m

a
tr

ix

T
h

e
sy

st
em

p
ro

v
id

es
9
6
.0

7
%

w
o
rd

st
re

n
g
th

a
n

d
8
6
%

p
re

ci
si

o
n

fo
r

6
7
7

se
n

-
te

n
ce

s

A
n
u

j
an

d
M

an
o
j

K
u

m
ar

[1
89

]
G

en
er

al
D

at
ab

as
e

M
a
la

ya
la

m
-E

n
g
li

sh
P

h
a
se

s
o
f

th
e

sy
st

em
a
re

a
n

a
cq

u
is

it
io

n
,

m
a
tc

h
in

g
,

a
n
d

re
co

m
b

in
a
ti

o
n

S
ea

rc
h

in
g

m
ec

h
a
n

is
m

is
u

se
d

fo
r

se
a
rc

h
-

in
g

fr
a
g
m

en
ts

o
f

M
a
la

y
a
la

m

B
es

t
tr

a
n
sl

a
ti

o
n

q
u

a
li

ty
is

g
iv

en
b
y

th
e

7
5
%

te
st

a
n

d
re

o
rd

er
in

g
p

ro
b

le
m

s



46 Chapter 2 Literature Survey

Table 2.15: Comparison of Modelling Techniques for Indic Language Pairs

Language Pair SMT RBMT NMT Hybrid
Bengali-Hindi 3 7 3 3

Marathi-Hindi 3 7 7 7

Telugu-Hindi 3 7 7 7

Tamil-Hindi 3 7 3 7

English-Hindi 3 3 3 3

Assamese-English 3 7 7 7

English-Urdu 3 3 7 3

Punjabi-English 3 3 7 7

Bengali-English 3 7 7 7

Hindi-English 3 7 7 3

Malayalam -English 3 7 7 3

Tamil-English 3 7 7 7

Telugu-English 3 7 7 7

Urdu-English 3 7 7 7

Bangla-English 3 7 7 7

English-Malayalam 7 3 7 3

English-Tamil 7 3 3 7

English-Dogri 7 3 7 7

English-Marathi 7 3 7 7

English-Bengali 7 3 7 7

English-Kannada 7 3 7 7

Punjabi-Hindi 7 7 3 7

Gujarati-Hindi 7 7 3 7

Urdu-Hindi 7 7 3 7

Sinhala-Tamil 7 7 3 7

Tamil-Sinhala 7 7 3 7

English-Punjabi 7 7 3 7

English-Gujarati 7 7 7 7

English-Devnagari 7 7 7 7

English-Sanskrit 7 3 7 3

Sanskrit-Hindi 3 7 7 7

2.5 Machine Translation System for Processing San-

skrit and Hindi Languages

In a large multilingual society like India, it is of great importance to have a translation

system which may convert the different languages into the language of individual interest.

Sanskrit is the mother tongue of 24,821 people and Hindi of 52,83,47,193 people, i.e., 43%

of total languages in India according to the Census of India[19]. Sanskrit is considered as

the donor of almost all Indian languages[196]. The vast reserves in the Sanskrit language

can be converted into other languages[21]. The rich knowledge base in Sanskrit is its

grammatical tradition attracting Indian and western scholars. It is one of the spoken lan-
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Figure 2.9: Different Modelling Techniques for Sanskrit Language

guages and also at one time was known as ’Lingua Franca’ of the world intellectuals[24].

Sanskrit has the text of different domains ranging from Ayurveda, Philosophy and Astron-

omy. It holds a rich grammar confined by Panini nearly 2500 years ago formulating 3,949

rules which extended later on[2]. Sanskrit has the strongest and simple non-ambiguous

grammar[22]. It has the richness of scientific literature with extensiveness and compre-

hensive analysis, structured approach, and traditional grammar[20]. Many people have

attempted to write a grammar for Sanskrit language using the Paninian framework and

used it to develop translation system[23]. The Sanskrit grammar is termed as ’Father

of Informatics’ as it builds a relationship between speech and utterance of speaker and

meaning derived by the listener[25]. Hence, the primary objective of Paninian grammar is

to form a theory of human natural language communication. Sanskrit and Hindi belong

to the same Indo-Aryan family[26]. They both have structural and lexical similarity as

Hindi inherits from Sanskrit. Sanskrit has the rich and structured grammar in the form of

Panini Astadhayayi, whereas in Hindi such parallel grammar does not exist. Therefore, it

becomes difficult to map the divergence between these two languages. The non-existence

of such grammar leads to exceptional cases which uncover linguistic generalisations such

as Vibhakti in Hindi. Despite rich grammar, choosing Sanskrit as a source language is

difficult because parsing fails due to its synthetic nature in which single word can run

up to 32 pages. With the rich diversity of grammar, text and resources, it is perplexing

to find access to Sanskrit computational tools. One of the many reasons stated is diffi-

culty to access the literature as Sanskrit scholars have not yet turned towards computer

science. There are few systems for processing Sanskrit language and translating it to En-

glish or vice versa and also Hindi. These are depicted in Table 2.17. There are decidedly

fewer systems for translation of Sanskrit to Hindi as compared to English-Sanskrit as
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displayed in Figure 2.10. Different modelling techniques used for processing the Sanskrit

language are depicted in Figure 2.9. There is a lot of work done for RBMT systems for

the Sanskrit language, whereas no work has been done in Sanskrit Translation using Sta-

tistical modelling technique. The other techniques like example-based and hybrid-based

are equally used for Sanskrit translation. The performance of these techniques for the

Sanskrit language is exhibited in Figure 2.10. Hybrid has performed much better than

other techniques by achieving more than 37% improvement as compared to others.

37.5%Sanskrit-Hindi

62.5%English-Sanskrit

0% 10% 20% 30% 40% 50% 60% 70%
Percentage of Systems

Figure 2.10: Translation Systems for Processing Sanskrit

2.6 Existing Machine Translation System on Cloud

The neural network-based approach is being used prominently in the development of MTS.

It has significantly improved the results after statistical MT. These systems deployed on

the cloud provide a scalable service with various benefits. Some of the translation sys-

tems deployed earlier on the cloud have been discussed in this section. Kiyurkchiev et

al.,[197] developed a DisPeL Learning Portal which is an e-learning portal for learners

and tutors. It is implemented using a combination of Angular 4 and a proprietary SPA

framework based on jQuery and vanilla JavaScript. It provides better scalability and

cognitive services like automatic translations and search. The advanced reporting in-

struments via dedicated reporting databases and PowerBI. The application skeleton is

developed in NET Framework 4.6. The system provides a quick implementation of the

report generator job as another type of application supported by NET Core. Huang et

al. [198] provides a scalable model-parallelism library for training giant networks. The

single model has achieved 84.4% accuracy; the top-5 validation accuracy with single-crop

is 97%. The Re-computation time-23%, Load-Imbalance-3.2% and minimizes the perfor-

mance overhead. Chen et al., [199] provide a fully synthesizable C++ template library

with the considerations of FPGA implementation. An optimized system configuration

is developed to maximize overall performance. The software stack is merged with the

DNN accelerator to provide a complete system-level solution for the users who need ac-

celeration services. Vaswani et al., [200] developed a library by using Google Brain and
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DeepMind.This library of deep learning models and datasets designed to make deep learn-

ing research faster and more accessible Tensor to Tensor uses TensorFlow throughout the

implementation. It benefits the researcher to train models on CPU, GPU (single or mul-

tiple), and TPU, locally and in the cloud, usually with no or minimal device-specific code

or configuration. There have been a strong focus on performance as well as usability. The

future work may reduce this scaling factor of encoder and decoder model. Venugopal and

Zollman[201] proposed an end-to-end grammar-based Statistical MTS running on Hadoop.

This system was able to scale to build grammars for large scale in reasonable time frames.

Tordera et al. [202] proposed CloudLM, an open-source cloud-based language model in-

tended for MT with distributed architecture. This proposed system is stable, robust and

very efficient. Ahmad et al. [203] proposed a MapReduce-based framework for machine

translation which enhanced the throughput of the system. Kumar et al.[204] proposed

an MTS using MapReduce Framework to assure QoS. With the experimental analysis,

they showed that job completion time for any translation was within a fixed time limit

irrespective of its size. There are a few other MTS proposed with Cloud-based framework

[[205],[206],[49],[207]]to achieve better performance for current MTS. Another experiment

of deployment by Ahmad et al. [208] using Storm, a distributed computing framework

was used for deploying on cloud. It reduced job completion time, gave very good user

experience by web interface and response time. The elapsed time for a translation job

after its submission was 4 seconds. In a future modification of the storm topology to

apply parallelism at the word level processing, different MT systems developed on the

cloud were compared based on techniques used, technical specifications employed, and

the outcome achieved with the limitations and future work. A comparative analysis of

various cloud-based approaches for MT is presented in Table 2.18 and 2.19.

2.7 Conclusion

This Chapter, reviews the different modelling techniques and the resources required for

modelling the techniques such as corpus, domains, toolkits, models, features and their

evaluation measures.It further contributes to the research community by providing a com-

parative analysis of research work on different Indic language pairs based on modelling

techniques. The synthesis from the comparative analysis concludes that the work on

Sanskrit-Hindi language pair is minimal, despite holding an ancient scientific and com-

prehensive literature. As per the analysis, the translation systems for translating any

language to English and Hindi are greater in number than other languages. The litera-

ture survey leads us to conclude that the use of SMT-based MTS is more, i.e. 41%, as

compared to others, whereas the use of hybrid MTS is 14%; rule-based is 22%; neural-

based is 23%. Further, neural and hybrid approaches perform better as compared to

other techniques. Thus, these techniques may be considered for future use. RBMT and
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SMT are the approaches most frequently used, but their accuracy is low. Therefore, more

accurate and efficient techniques i.e., NMT and HBMT are required to be implemented.

The next chapter presents the developed Sanskrit-Hindi hybrid MTS. It layout the

description of the system by extracting features from rule-based and feeding them to the

neural network to form a hybrid system for translation from Sanskrit to Hindi.
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Chapter 3

Proposed Sanskrit-Hindi Hybrid

Machine Translation System

The previous chapter primarily aims at reviewing the existing literature on the subject

under study i.e., Machine Translation(MT). It was a modest endeavour to study in de-

tail the extant modelling techniques of MT. It provided a chance to deeply understand the

various issues and aspects of the current study. It also served the purpose of finding the

gap in the research area and avoid duplication.

This current chapter presents the proposed system that overcomes earlier works for

translating Sanskrit-Hindi which lack extensibility, generalizability and adaptability. This

proposed system extracts features from the rule-based system as linguistic rules and feeds

them further to train the recurrent neural network. This work is novel and applicable to

any low-resource language pair with minimum linguistic knowledge.

The chapter organised as follows: Section 3.1 presents the system description of our

proposed work. The experimental design presented in Section 3.2 while Section 3.3 shows

the performance evaluation followed by conclusion in Section 3.4.
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3.1 Proposed MTS Description

This section describes data pre-processing, addition of linguistic features, employing en-

coder for embedding source input sentence into vectors, decoder for converting the trained

vectors into target sentence.Further the developed translation is made accessible through

a web interface for users through the proposed MTS.

3.1.1 Data Pre-processing of Corpus

The Neural Machine Translation(NMT) has been gaining a significant interest of re-

searchers and prominently achieving better results compared to earlier approaches to

MT. To meet the requirement of parallel corpora for training an NMT model, gathered a

parallel corpus of 90-100k sentences. The corpus data is firstly converted to a suitable for-

mat for applying to the NMT model. It is a two-fold process, i.e. clean text and split text.

The cleaning of the text involves dividing the document into sentences. Then removing all

non-printable characters, punctuation markers, normalise Unicode characters to ASCII

value, changing upper case letters to lower case, removing any remaining tokens that are

not alphabetic or numeric. The current work performs these operations on each phrase

for each pair of dataset loaded. Secondly, the splitting operation has been performed on

cleaned data. The dataset contained different length sentence pairs, therefore, different

computation graphs. The sentences were sorted in a batch based on sentence pair by

length and broke similar-length sentences into mini-batches. Thus, the training corpus

was recurrently shuffled and broke the corpus into maxi-batches and again splitting in

mini-batches. These were processed by applying gradient for parameter update.

3.1.2 Rule-based Machine Translation System for Extracting

Linguistic Features

The proposed work has a pipeline architecture, which takes input from its previous phase

and performs computations and passes the output to the next step. Different tools divided

into different modules or phases developed under Sanskrit Consortium Project funded by

MIT using Anusaaraka[211].There are 10 modules in the rule-based pipeline architecture

of Sanskrit to Hindi translation[212]. All of the modules provide an individual output as

linguistic features to Neural based Encoder-Decoder to train the system more efficiently.

Engine[211] for translation.

� Pre-processing of user input: It takes input from the user, cleanses, normalise the text,

converts the input notations into WX notation, call and invokes MT system which

performs computation and shows the output result.
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� Tokenizer: Tokenizer receives a flow of character, and that character breaks into indi-

vidual words called as tokens (words, punctuation, markers). It removes the formatting

information and adds a sentence tag. Here the term morphology is used for linguistics.

It refers to a study of words, their internal process and their word meaning. The model

has a stream of words; those words tokenised first, and then morphology gives meaning

to those words[213].

� Sandhi-Splitter: It invoked when the input text contains Sanskrit sandhi words. It

splits these words as well as compound words[214][215][216].

� Morphological Analyzer: It split words into their roots and grammatical suffixes.

There are different units, and each unit provides meaning as well as grammatical func-

tion. It also provides inflectional analysis, prunes the answer, uses local morph anal-

ysis to handle unrecognised words and produce a derivational analysis of the derived

roots.[217][218][219].

� Parsing: Parser used as compiler and interpreter that breaks data into smaller units

for easy translation of one language to another. Parsers take input from the sequence

of words or tokens. These inputs translated in the form of a parse tree. It converts the

source language into target language in the form of a tree with labels of noun, verbs

and their associated attributes. Morph analysis according to context along with karaka

analysis is performed. According to computational Paninian grammar, it identifies and

names the relation between the verb and its participants. [220][221][222][223][224].

� Shallow Parsing: If the parser fails on any input it does minimum parsing of the sentence

and produces pruned morph analysis to next layer.[225][215][220][220].

� Word Sense Disambiguation(WSD): The modules perform word sense disambiguation

of input sentence words roots, vibhakti, and lakara. It identifies a correct sense of a

Sanskrit word[24].

� Parts of Speech Tag(POS): It adds parts of speech tags to each word such as adjective,

verb or noun. tags[226][227].

� Chunker: This phase performs a minimum grouping of words in a sentence such as

a noun phrase, verb phrase, adjective phrase. The rule base allocates an appropriate

chunk tag to it. [228].

� Hindi Lexical Transfer: The Sanskrit Lexicon is transferred to Hindi identifying root

words using the dictionary. The output formatted according to the Hindi Generator,

which generates the output in Hindi Language corresponding to the Sanskrit language.

This module also performs transliteration in case of translation fails[229].
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� Hindi Generator: This phase involves sentence level generator which performs agree-

ment between noun, adjective and verb in the target language. Addition of vibhakti

markers ’ne’ and dropping ’ko’ at required positions. Final generation involves root

words and their associated grammatical features, corresponding suffixes and concate-

nates them by generating words into a sentence[24].

Hence, a translation of each Sanskrit word to its corresponding Hindi word is performed as

per the linguistic rules and tools. Further, this data is passed on to the consequent phase.

Then, it is converted into Comma-separated values(CSV) format suitable for training,

model development and fitting the values for Neural-based Encoder-Decoder architecture

for predicting translation of Sanskrit word to Hindi word. These linguistic tool’s output

is embedded as features for input encoding of the source sentence as they help greatly in

the disambiguation of words.

3.1.3 SHH-MTS: Neural Network-based RNN Approach

The Sanskrit-Hindi Hybrid Machine Translation System(SHH-MTS) proposed and pre-

sented in this section. The previous section describes the extraction of linguistic features

from the pipeline architecture. This section describes the feeding mechanism of extracted

features into the neural network. In this work, employement of a recurrent neural network

with Gated Recurrent Unit(GRU) is used. The encoder-decoder recurrent neural network

consists of encoder reading a variable-length input sequence and decoder predicting a

variable-length output sequence. The dense output layer is used to predict each character

in the output sequence in one time rather recursively during training. Firstly, defining

a model; and once it fits, it can be used to make translation predictions. The model

defined for training has learned weights for this operation, but the structure of the model

is not designed for calling recursively to be generated one character at a time as presented

in Figure 3.1. The encoder model takes an input layer from the encoder in the trained

model, and gives the output as a hidden layer and cell state tensors. On the other hand,

the decoder needs hidden layer and cell state from encoder as an initial state for the model

defined. Both the encoder and decoder will be called recursively for each character that

is to be generated in the translation sequence[107].

The Neural Network Encoder-Decoder architecture with bidirectional RNN[8] is imple-

mented for predicting Hindi translation corresponding to Sanskrit translation. It consists

of Gated Recurrent Units(GRU) for computation. The implementation consists of input

sequence fed with linguistic features. Given a source sentence x = (x1, x2....xm) is read,

and computes hidden states for forward direction (~h1, ~h2, ~h3......~hn)and for backward

states( ~h1, ~h2..... ~hn). The detailed computations have been displayed in Algorithm 3.1 .

Both of these forward and backward computations are then merged to form an anno-

tation vector(hi) as explained in Algorithm 3.2. The encoder input was a combination
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of linguistic features formed as feature embedding matrices as computed in Algorithm

3.3. The decoder further predicts the target sequence y = (y1, y2, ....yn) based on context

vector(ci) computed in Algorithm 3.4 from weighted sum of annotations hi, recurrent

hidden state (si) and previously computed word yi−1.The alignment model (aij) models

the probability that xj is aligned to yi or not as in Algorithm 3.5. It is feed-forward single

layer network learned through back-propagation. The output is predicted using learned

distribution. The implementation is carried out with tensorflow[230] at back end with

keras[231] using Encoder-Decoder architecture for developing the system. In addition,

consideration of the state contraints in order to minimize the computational complexity,

and generalized the results inspired by the work [232].

di,iz = fi(ws) + Fi,z(Ws, ¯Ws − 1) (3.1)

where i = 1...n, ji = 1....si − 1, si > 1,n > 1; and both si, n are positive integers.

di,ji = di,ji+1 + Fi,ji(d̄), ji (3.2)

here, d = [di, ji.... ¯di,ji]
T represents the states of encoder and decoder mechanism. The

¯di,ji = [di1...di,ji]
T ∈ Rks

Wo = di, 1 (3.3)

where Wo denotes the output of system. Ws =∈ R̄( ¯Ws− 1 = [Ws...Ws− 1]T ) denotes the

system input. fi(Ws) denotes the hysteresis type of non-linearity. Fi,ji(W̄s, ji) denotes the

smoth function. For the proposed system, the state constraints are along with −Qi,ji <

di,ji < ¯Qi, ji which denotes the positive design constraints, where, i = 1....n, ji = 1....si.

The consideration of these state constraint for the propsoed system resulted in its stability.

Assuming µi,φi,ψi= design parameters; where, φi > 0 are slopes of lines and φi > ψi. It

will exhibit the change in equation(1), Here, the states are modified after the constraint

imposition as fi(ws)=φi(Wi(t))+ ρi(Wsi)

di,iz = fi(ws) = φi(Wi(t)) + ρi(Wsi) + Fi,z(Ws, ¯Ws − 1) (3.4)

where, ρi(Wsi) = bounded and satisfied. All other parameters of the system will remain

the same, and the proposed system satifies the state contraint for adaptive neural network

used for translating a sentence from source to target language.The developed system ex-

hibits BLEU, i.e., an automatic measure for translation accuracy as 61.02% on combining

Keras model with bi-directional layer using gated recurrent units along with Relu and

sigmoid activation function, and then performing the auto-tuning. Adam optimizer is

also used to optimize the neural model. The step-wise details have been given in further
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subsections.
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Figure 3.1: Deep Neural Network Architecture
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3.1.3.1 Encoder

Given a source sentence in Sanskrit Language Ws = ws1 , ws2 , ws3 ..wsz , si ∈ RKs and

target sentence in Hindi Language Wh = wh1 , wh2 , wh3 , .......whl , hx ∈ Rkh from the parallel

corpus. Here, Ks and kh are vocabulary sizes; and z and x are length of input sentence

and output sentence. The model first tokenizes Ws to form input representation, where

probability of a sequence of T (ws1 , ws2 , ....wsn) words is denoted as P1(ws1 . . . . . . .wst). It

is usually conditioned on window of words rather than all previous words. Since the

number of words coming before a previous word w1 varies depending on locations with

input document in Eq.(3.5).

P1(ws1 , ws2 ......, wstz ) =
t∏
i=1

P (ws1 .....wsi−1
) ≈

t∏
i=1

P (wsi |ws1 ....wsz−1)....wsz−1 (3.5)

As direct application of neural network to text data cannot be applied. Text is firstly

converted into numbers or integer-tokens which are further converted into vectors by em-

bedding layers. By setting the maximum number of words in the vocabulary, tokenizer for

source and target language is used. The dataset once converted into sequence of integers-

tokens are then padded and truncated, and saved as numpy arrays. The Encoder uses this

output of tokenizer as arrays, and computes embedded vectors ( ~ws1 , ~ws2 , ~ws3 ..... ~wsz) for

hidden layers computation. These vectors have values ranging between 1 and -1 having

similar semantic meaning words mapped to similar vectors.

Forward RNN reads input sentence from starting to end ~f and compute the hidden

states ( ~h1, ~h2, ~h3.. ~hτj). The backward RNN computes the hidden states( ~h1, ~h2..., ~hτj) by

reading the sentence in a reverse order. These hidden states, i.e., forward and backward

are combined to form an annotation vector Hi = [~hj
T

; ~hj
T

]. The traditional encoder

consisting of an embedding lookup of each input word sz and mapping steps through

hidden states ~hτand ~hτ in Eq.(3.6).

~Hj = f( ~hi − 1, ĒWsn) (3.6)

The encoder computations are deeply stacked in the following manner as in Equations

(3.6 and 3.7). For the first layer,

ht,1 = f1(ht−1, 1, wst) (3.7)

For i > 1

ht,i = fht−1,i,ht,i−1
(3.8)

where,
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ht−1,i: stands for previous time stamp value and ht,i−1: for previous layer in sequence

value.

The context vector si contains the summary of the input sentence computed by processing

backwards and forward RNN’s. For the proposed system, gated recurrent units have

been used for the function of encoder as well as decoder[233]. The Gated Recurrent

Units(GRU)’s have been designed in a manner to have more persistent memory, thereby

making it easier for RNN to capture a long-term dependency. Mathematically, GRU has

previous state ht−1 and input wst to generate the next hidden state ht.

For update gate in Eq.(3.7), reset in Eq.(3.8), new memory in Eq.(3.9), and hidden state

for all I words of a sentence in Eq.(3.10).

~upi = σ( ~WupĒsi + ~Oup
~hi−1) (3.9)

~resi = σ( ~WresĒsi + ~Ores
~hi−1) (3.10)

~hi = tanh( ~WĒsi + ~O[ ~resi � ~hi−1] (3.11)

hi = (1− ~upi)� ~hi−1 + upi � ~hi) (3.12)

Here, d is the dimensionality of word embedding and u is number of hidden units.

Ē ∈ Rd×ks.
~W, ~Wup, ~Wres ∈ Ru×d

~O, ~Oup, ~Ores ∈ Ru×u

σ is logistic sigmoid function. The backward states of bidirectional recurrent Neural

network are computed similarly for update gate in Eq.(3.11), reset gate in Eq.(3.12), new

memory in Eq.(3.13), and hidden state for all i words of a sentence in Eq.(3.14).

~upi = σ( ~WupĒsi + ~Oup
~hi−1) (3.13)

~resi = σ( ~WresĒsi + ~Ores
~hi−1) (3.14)

~hi = tanh( ~WĒsi + ~O[ ~resi � ~h− i− 1] (3.15)

hi = (1− ~upi)� ~hi−1 + upi � ~hi) (3.16)
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The forward and backward states are combined as hi = [~hi + ~hi]

3.1.3.2 Addition of Linguistic Features to Encoder

The framework of the current research integrates linguistic features[234] extracted from

the pipeline architecture of rule-based to train Recurrent Neural Network. Each feature

has a distinct vector word embedding szy. Combining all these word vectors form a feature

embedding matrix E ∈ Rdy×ky with dk as a summation of the dimension of all feature

embeddings and ky as vocabulary size of Kth feature.These embeddings are later concate-

nated with total embedding size as the length matches. The input embedded sentence

vectors are multiplied with these extracted linguistic features. All other functionality and

parameters of the model remain the same, only this change in the encoder is performed

as in Eq.(3.15) which result in exceptional improvement in the fluency of output.

hl = tanh( ~W
F∏
y

Ēyszy + ~O~hl−1) (3.17)

3.1.3.3 Attention Mechanism

The attention layer bridges the gap of Encoder that produces a sequence of word repre-

sentation hj = (~hi, ~hi) and decoder expecting Si context vector at each time step ti. It

calculates the association between input word Ws to produce the next output word wh

by calculating the impact of word representation (~hi, ~hi). The context vector is mathe-

matically calculated as a weighted sum of annotations hi. For this, first need to calculate

alignment model aij as in Equations(3.16-3.18), the score of output position around i to

input position around j. It takes hidden state di−1 and hj as jth annotation of input

Sanskrit sentence.

aij = Jτa tanh(Wadi−1 +Oahj) (3.18)

αij =
exp(aij)∑Ts
y=1 exp(aiy)

(3.19)

Si =
ts∑
j=1

αijhj (3.20)

Here, S is feed-forward Neural Network.

Wa ∈ Rn′1 , Oa ∈ Rn′×n, Ja ∈ Rn′×2n are weight matrices. The computed scalar attention

value is normalized using softmax activation function, so all input words adds up to 1.
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3.1.3.4 Decoder

The decoder at each time step t, takes sequence of previous hidden state di−1, some

representation of input context si and embedding of previous word output Ehi−1
to output

a new word prediction whi and new output decoder hidden state. The initial hidden state

is computed in Eq.(3.19).

d0 = f(Wd
~h1) (3.21)

where Wd ∈ Rd×d. The hidden state di is computed given annotation from encoder in

Eq.(3.20) and for update in Eq.(3.21), reset in Eq.(3.22).

¯di = tanh(WEhyi−1
) +O[resi + di−1] + Ssi) (3.22)

upi = σ(WupEhi−1 +Oupdi−1Supsi) (3.23)

resi = σ(WresEhi−1 +Oreshi−1 + SresSi) (3.24)

Where, E is embedded matrix of word for target language with u as number of hidden

units and d is word embedding dimension. W,Wup,Wres ∈ Ru×d,

0, Oup, Ores ∈ Rd×2d are weight matrices. The vector for prediction pi for a output word

is based on decoder hidden state di−1, input context si and embedding of previous output

word hi−1 as in Eq.(3.23).

pi = softmax(Ootdi−1
+ VotEhi−1 + S0si) (3.25)

Where, Vot ∈ R2l×d, OotR2l×u, CoR ∈ 2l × 2u are output word embedding matrices. On,

EWhi−1
condition is repeated and use di−1 rather than di as it fragments the encoder state

progress from di−1 to di for prediction of output word pi in Eq.(3.24). Here, a token for

output word whi is the highest value in the vector.

pi = [max ¯pi, 2j − 1, ¯i, 2j]τj=1...,l. (3.26)

Even training is performed accordingly as the network being aware of correct output whi
assigned a larger probability value as in Eq.(3.25).

prob(hi|di−1, si) ∝ (hτWopi) (3.27)
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Activation function softmax is used to convert the raw vector into a probability distribu-

tion having a sum of the values as 1. Relu[235] has also been used here that combines

input to yield the next hidden state. To predict the target variable more efficiently, acti-

vation function is passed to the model. It also works as a rectifier. The model follows a

deep output as suggested by GF Montufar et al. [236].

3.1.4 SHH-MTS: Hybrid Approach

The hybrid approach uses extraction of linguistic feature, and RNN to translate the

Sanskrit language to the Hindi language. In this translation model, the source language

is translated to the target language having a lexical gap. It is the process which undertakes

a deep analysis of the source language and then its lexical transfer to the target language.

Accuracy of the hybrid approach is more than that of the rule-based approach or phrase-

based approach. The SHH-MTS is capable of merging the best of both the approaches

as it merges linguistic rich features with prominent deep learning approach to provide

Sanskrit to Hindi translation. The flow of this system is depicted through Figure 3.2.

3.2 Experimental Design

The section describes corpora, model size, parameter initialisation, and training per-

formed. The experiment performed on different epochs, beams sizes and different sen-

tence lengths which lead to change in the update, BLEU score, training probability and

development probability have been discussed in detail in Chapter 5 of the work.

3.2.1 Corpora

The open-source manual corpora of Sanskrit was available as in Table 3.2 while parallel

corpora of Sanskrit-Hindi was minimal as shown in Table 3.1 of different domains[237].

On request, a parallel corpus of 50,000 was available from Indian Languages Corpora

Initiative (ILCI) [190]. It was not adequate to train the NMT system with this exist-

ing corpus. To overcome this difficulty, firstly a parallel corpus of Bhagavad-Geeta was

manually curated as shown in Table 3.2. Secondly, a synthetic parallel corpus curated

with technique suggested by[238]. Sanskrit prose sentences[239] were also available from

JNU. Various other Sanskrit books were available from ”Development of Sanskrit Compu-

tational Tools and Sanskrit-Hindi Machine Translation System (2008-2012)”, funded by

DeiTy, Government of India developed under the TDIL program [240]. Entire data was

pre-processed, and divided into training, development and test set as shown in Table 3.3.
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Algorithm 1: The Encoding of Input Sentence

input : Parallel corpus Pc and Monolingual corpus Mc,varaince = 0.01,
mean = 0,Vα = 0

output: Context Vector si as summary of input sentence

1 Encode Ws = ws1 , ws2 , ws3 ......wsz as si ∈ RKs;
// Ks is vocabulary size and z is input sentence length.

2 Encode Wh = wh1 , wh2 , wh3 , ...........whx as hi ∈ Rkh ;
// Kh is vocabulary; and x is the output sentence length.

3 for s = 1, s++, while s < z do
4 Tokenize the input sentenceT (ws1 , ws2 , ....wsn);
5 Compute probability

P1(ws1 , ws2 ......, wstz ) =
∏t

i=1 P (ws1 .....wsi−1
) ≈

∏t
i=1 P (wsi |ws1 ....wsz−1)....wsz−1 ;

// probability of a sequence of token words conditioned on

window words rather than all previous words

6 The dataset converted into sequence of integers-tokens(T (w(s1)...w(s(z)))) are
then padded and truncated and saved as numpy arrays(np).;

7 for np.w(s) do
8 Apply Bi-directional Recurrent Neural Network(RNN);
9 for <Ts = 1, Ts++, while Ts < Tz> do

10 Forward RNN: Compute hidden state ~f = ( ~h1, ~h2, ~h3.. ~hτj);
// read the sentence in forward order

11 for Ts = z, Ts−−, while Tz < Ts do

12 Backward RNN: Compute hidden state ( ~h1, ~h2..., ~hτj);
// read the sentence in reverse order

13 Compute annotation vector: Hi = [~hj
T

; ~hj
T

].;

14 for Each input word sz map through hidden states ~hτ and ~hτ do

15 Compute embedding lookup: ~Hj = f( ~hi−1, ĒWsn);

16 The encoder computations are deeply stacked in the following manner ;
17 Compute for first layer if i=1 then
18 ht,1 = f1(ht−1, 1, wst) // ht−1,i:previous time stamp value

19 else ht,i = fht−1,i,ht,i−1
;

// ht,i−1:previous layer in sequence value.

20 Compute context vector si as summary of input sentence from Step 9 and 11
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Algorithm 2: Generation of next hidden state using Gated Recurrent
Unit(GRU) Algorithm

input : Previous state ht−1 and input wst
output: Next hidden state ht

1 Forward States: Bi-directional Recurrent Neural Network ;
// Gated Recurrent Unit(GRU) is designed in a manner to have more

persistent memory thereby making it easier for RNN to capture a

long-term dependency.

2 foreach s(i) do
3 for i=1,i¿z,i++ do

4 ~upi = σ( ~WupĒsi + ~Oup
~hi−1);

// d=dimensionality of word embedding and u is number of

hidden units Ē ∈ Rd×ks

5 ~resi = σ( ~WresĒsi + ~Ores
~hi−1) ;

// ~W, ~Wup, ~Wres ∈ Ru×d

6 ~hi = tanh( ~WĒsi + ~O[ ~resi � ~hi−1];

// ~O, ~Oup, ~Ores ∈ Ru×u

7 hi = (1− ~upi)� ~hi−1 + upi � ~hi);
// σ is a logistic sigmoid function.

8 Backward states of bidirectional recurrent Neural network for i=1,i¿z,i++
do

9 ~upi = σ( ~WupĒsi + ~Oup
~hi−1);

10 ~resi = σ( ~WresĒsi + ~Ores
~hi−1);

11 ~hi = tanh( ~WĒsi + ~O[ ~resi � ~h− i− 1];

12 hi = (1− ~upi)� ~hi−1 + upi � ~hi);

13 hi = [~hi + ~hi] // Combining forward and backward states
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Algorithm 3: Embedding of linguistic features extracted from pipeline rule-
based architecture algorithm

input : Each feature with distinct word embedding szy and
output: Context Vector si as summary of input sentence along with lingusitic

features

1 Combining all these word vectors szy form a feature embedding matrix
E ∈ Rdy×ky;
// dk is summation of dimension of all feature embedding and ky as

vocabulary size of Kth feature

2 These embeddings are concatenated with total embedding size as the length
matches. The input embedded sentence vectors are multiplied with these
extracted linguistic features.;
// Kh is the vocabulary; and x is the output sentence length

3 for szy = 1, szy++, while szy < z do

4 hl = tanh( ~W
∏F

y Ēyszy + ~O~hl−1);

5 for i=1,i¿zy,i++ do
6 Calculates association between input word Ws to produce the next output

wordwh by calculating the impact of word representation(~hi, ~hi)

hj = (~hi, ~hi);

7 for i=1,i¿z,i++ do
8 for j=1,j¿z,j++ do
9 Calculate alignment model aij// Output position around i to

input position around j.

10 Hidden state di−1 and hj // jth annotation of input Sanskrit

sentence.

11 aij = Jτa tanh(Wadi−1 +Oahj) // Wa ∈ Rn′1 , Oa ∈ Rn′×n, Ja ∈ Rn′×2n

are weight matrices

12 αij =
exp(aij)∑Ts

y=1 exp(aiy)
Si =

∑ts
j=1 αijhj

// S = feed− forwardNeuralNetwork
// The computed scalar attention value is normalized using

softmax activation function, so all input words s adds up

to 1.
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Algorithm 4: Decoding the target sentence from context vector of linguistic
features extracted from pipeline rule-based architecture

input : Previous hidden state di−1 ,some representation of input context si
and embedding of previous word output Ehi−1

output: New output decoder hidden statedi

1 for i=1,i¿z,i++ do
2 if d=o then

3 d0 = f(Wd
~h1)

// For intial hidden state Wd ∈ Rd×d.

4 else ¯di = tanh(WEhyi−1
) +O[resi + di−1] + Ssi);

// hidden state di is computed given annotation from encoder

and for update and Reset

5 upi = σ(WupEhi−1 +Oupdi−1Supsi);
6 resi = σ(WresEhi−1 +Oreshi−1 + SresSi);

// E= Embedded matrix of word for target language, u=Number of

hidden units,d=word embedding dimension. W,Wup,Wres ∈ Ru×d

// 0, Oup, Ores ∈ Rd×2d are weight matrices.

Algorithm 5: Decoding the target sentence from context vector of linguistic
features extracted from pipeline rule-based architecture

input : Decoder hidden state di−1, input context si and embedding of
previous output word hi−1

output: New word prediction whi

1 The vector for prediction pi for a output word ;
2 for i=1,i¿z,i++ do
3 for j=1,j¿l,j++ do
4 pi = [max ¯pi, 2j − 1, ¯i, 2j]τj=1...,l // Repeat EWhi−1

for di−1 rather

than di as it fragments the encoder state progress from

di−1 to di for prediction of output word pi
5 foreach Output Word wh do
6 Calculate whi as highest value in the vector

pi = [max ¯pi, 2j − 1, ¯i, 2j]τj=1...,l // Training is performed

accordingly as network being aware of correct output

whi assignes larger probability value

7 prob(hi|di−1, si) ∝ (hτWopi) // Activation function softmax is

used to convert raw vector into a probability

distribution having sum of values as 1

// ReLu combines input to yield the next hidden state
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Figure 3.2: Flow Diagram of Neural Model
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Table 3.1: Parallel and Monolingual Dataset from Different Domains
Domain Parallel Corpus Monolingual Corpus
News 25,000 202,269
Health care NA 5,000
Tourism NA 15,395
Literature 28,760 50,000
Wikipedia NA 259,305
Judicial domain NA 152,776
General Domain 49,000 36,000

Table 3.2: A Glimpe of Manually Curated Bhagavad-Geeta Parallel Corpus

Table 3.3: Additional Monolingual Dataset
# Lines 221528
#Words 2849514
#Characters 38413350
#Total 2.8 Million

Table 3.4: Dataset Division into Training, Development and Testing
Dataset Sentences Words Vocabulary

Source Target Source Target
Training 145,34,215 131575835 123425654 355.465 124.278
Development 192679 172799 122645 NA NA
Test 12698 77322 26273 NA NA
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3.2.2 Model Size

The Neural model along with the extracted linguistic features trained on tensorflow plat-

form consists of various parameters. The dimensionality of each parameter is reflected in

Table 3.5.

Table 3.5: Model Size
Parameter Dimensionality
Encoder(forward and backward unit each) 1000
Decoder 1000
x (Word Embedding) 1000
n (GRU hidden state) 1000
d(dimension of word embedding) 620
v(Output maxout hidden layer) 500
n‘(alignment model hidden units) 1000
Ws 32× 400
Wh 32× 1
Wup 64× 400
Wres 65× 2

3.2.3 Parameter Initialization

The parameters used to train the model are exhibited in Table 3.5. The weight matrices

have been used recurrently as random orthogonal matrices. The bias component has

been omitted for forming simpler equations. All, the alignment elements (Va and bias

component) were initialized as 0. The alignment matrices were initialized with variance =

0.001 and mean = 0 from Gaussian distribution. All other matrices were initialized with

the same mean with a variation in variance = 0.01.

3.2.4 Training

In the proposed work, Keras sequential model has been used to process the data. The

proposed model is processed through a highly configured core GPU with 32 GB of RAM

to achieve a high throughput speed of approximately 2500 words per second. This speed

is not possible for normal systems because in this one epoch takes approximately two

hours to run. Thus, a highly configured GPU along with NVIDIA Geforce GTX 1050 and

Quadro K6000 was used for the purpose. Each epoch passed over the training set and test

set as shown in Figure 3.3, and updates were performed for each minibatch parameters.

The training and development probability was the average conditional log-probability of

the sentence to be in either of the sets.

Vanilla Stochastic Gradient Descent(SGD) algorithm was used with automatically up-

dating the learning rate using Adadelta[241](parametersρ = 0.95 and ε = 10−6). Adam
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Figure 3.3: Epochs for Training and Test Set

optimizer was employed for stochastic optimization[242]. Normalization is performed[243]

for each of the mini-batch(distributed data set).As the distribution of input layer changes

due to the change in the parameter of the previous layer during the training, it makes

training difficult to perform. Normalization is conducted to reduce the internal covariate

shift and it increases the learning rate by reducing the initialization process. It even

reduces the need for dropout by acting as a regulariser. A random size for minibatch of

64 sentences was taken which normalized after exceeded the threshold value of 1. Each

update took time equivalent to its longest sentence. To minimize the time, sentences were

sorted and shuffled manually by retrieving 1500 pair sentences after every 20th update.

3.3 Performance Evaluation

The performance of the proposed SHH-MTS has been evaluated using automated metrics

and human evaluators. The sentence length of the corpora is affecting the updating of

the model. It is evident from Figure 3.4(a) that on increase in the sentence length in

the training corpus, the number of updates of weights in the model training drastically

increases over a point (till 20 words length) and then decreases after the sentence length

exceeds this limit. Figure 3.4(b) highlights the effect of sentence length on several

iterations performed on the training set, i.e. epochs. It can be deduced from the graph that
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Figure 3.4: Sentence Length Affecting (a) Updates,(b) Epochs, and (c) Time

Figure 3.5: (a) BLEU Varies with Beam Sizes (b) Development Probability Varies Depend-
ing on Sentence Length (c) Training Probability Varies Depending on Sentence Length.

the number of epochs decrease’s after the point (i.e., 20 sentence length). Figure 3.4(c)

denotes the effect of sentence length on time for building the model. It is clear from the

figure that, the time fluctuates drastically. For 10-20 sentence length, the model training

time remains the same, whereas for 20-30 sentence length it increases rapidly. Finally,

the sentence length up to 20 words limit the update, epochs and time. If the sentence

length in corpus exceeds this limit, a drop can be seen as shown in the plotted graphs.

Figure 3.5(a) depicts that the BLEU score varies with the beam size. A beam search was

used during the inference to find the most likely sequence of words for each translation.

The beam problem in Neural Machine Translation exists for relatively small beam sizes

– especially when compared to traditional beam sizes in Statistical Machine Translation

systems. The figure shows that beam size (1-4) have a constant change in the BLEU

score, whereas from 5-10 the BLEU score is enhanced. If there is a large increase in the

beam size, it drops the BLEU score. So, here in our experiment training, limited beam

size by normalizing the length of sentences. Figure 3.5(b) shows the effect of sentence

length on the development probability. As shown in the plot, the development probability

increases only up to 20 sentence length, and thereafter it decreases. Therefore, it would be

ideal either to split the longer sentences or normalizing the sentences of length more than

20 lengths. Figure 3.5(c) models the sentence length effect on the training probability.

As already explained, the training probability decreases with time. So, to increase the
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training probability shorter sentences would help. The different automated metrics such

as BLEU, Word Error Rate(WER), F-measure and Meteor used in the current work have

been discussed in the following section.

3.3.1 Automatic Error Analysis

� BiLingual Evaluation Understudy(BLEU) is an important metric used for calculating

the accuracy of translated sentences as compared to the human-generated reference

translations as in Eq.(5.1). It provides accurate results for longer sentences but fails

in the case of shorter sentences[244]. The BLEU score is evaluated at each iteration of

performance enhancement as exhibited in Table 3.6. Firstly, a simple sequential model

was built which gave an accuracy of 10.23%. To improve the accuracy of the model,

Keras model with a bidirectional layer was applied which significantly improved the

accuracy to 29.12%. The result produced a readable translation, but it required further

improvement. It was achieved through Gated Recurrent Unit(GRU) cells which per-

formed better computation. To attain the output, the activation function was applied

in the neural model, but with the implementation of different activation functions, the

accuracy of achieved i.e., 56.78% was achieved for the proposed system. The accu-

racy came to a stagnant level with all the significant experimentation, but auto-tuning

slightly improved. The accuracy of the proposed model which finally came to 61.02%. It

will compute precision w.r.t. human-generated translation without taking into account

any grammatical corrections/errors.

BLEU = min(1,
output length

Reference length
)(

4∏
i=1

precisioni) (3.28)

As experimented with different models to enhance the performance of MTS.The BLEU

Table 3.6: BLEU Scores of Different Experiments Performed
Models BLEU(%)
Simple Sequential Model 10.23
Keras Model with bi-directional layers 29.12
Keras Model + bi-directional layer + gru 40.34
Keras Model + bi-directional layer + gru+ Relu and sigmoid acti-
vation function

56.78

Keras Model + bi-directional layer + gru+ Relu and sigmoid acti-
vation function + auto-tuning

61.02

score computed for all the three models, i.e. RBMT, Neural and Hybrid depicted in

Figure 3.6(a). The proposed model was built in three phases; firstly, the rule-based

model; secondly neural model; and finally, hybrid model combining other models which
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performed better than rest of the models. The results demonstrate the efficiency of

this novel technique applied in the proposed work. The BLEU score obtained for

the proposed system varied with the beam size as displayed in Figure 3.5(a). The

development probability varied with the sentence length as shown in Figure 3.5(b); and

the training probability depended on sentence length.

Figure 3.6: RBMT, Neural and Hybrid Models Across their (a) BLEU (b) METEOR

Figure 3.7: RBMT, Neural and Hybrid Models Across their (a) Word Error Rate(WER)
(b) F measure

� Word Error Rate (WER): It is a metric used to calculate the error rate by comparing

MT output with the human translated output as in Eq.(5.2). The lower is the WER,
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better would be the model.

WER =
substitutions+ insertions+ deletions

reference length
(3.29)

Here, substitution means replacement of one word with another in a particular sentence.

Insertion means the addition of words; and deletion signifies the dropping of words.

The WER score computed for all the three models, i.e. RBMT, Neural and Hybrid is

reflected in Figure 3.6(b).

As already explained the model was built in three phases. Firstly, the rule-based model

was built as already explained in Chapter 3; secondly, neural model was prepared; and

finally, hybrid model was built by combining other models which performed better than

rest of the models. The results proved the efficiency of this novel technique applied in

the proposed work. It can be hypothesised from the figure that hybrid model has a

minimum WER score. Further, BLEU and WER are inversely proportional to each

other.

� F-measure: It is a metric used for calculating the accuracy and precision of the model

as in Eqs.(5.3-5.5). It calculates the quality or exactness of an output. Mathematically,

the calculation of F-measure requires precision and also the recall values. Thus,

Precision =
Correct

Output Length
(3.30)

Recall =
Correct

reference length
(3.31)

F-measure

F −measure =
(Precisionrecall)(Precision+Recall)

2
(3.32)

The F-measure computed for all the three models, i.e. RBMT, Neural and Hybrid is

depicted in Figure 3.7(a). The proposed model was built in three phases; the rule-based

model as explained in Chapter 3, neural model as described in Chapter 3 and hybrid

model prepared by combining other models which performed better than rest of the

models. The results have demonstrated the efficiency of this novel technique applied in

the proposed work. It has been observed that the hybrid model has greater F-measure

as compared to other existing models.

� METEOR: It is used to find the correlation between the machines translated output

and the human-generated sample output as in Eqs.(5.6-5.8). This score is also directly

proportional to accuracy.
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Reducing the effect of F-mean is helpful[245].

F −mean =
10PR

9 +RP
(3.33)

Here P stands for Precision, and R for Recall. F-mean, Precision and Recall are based

on the unigrams matches. For longer values, penalty requires computation. Mathemat-

ically,

Penalty = 0.5(
chunks

unigrams matched
)
3

(3.34)

Score = F −mean · (1− penalty) (3.35)

The METEOR scores computed for all the three models, i.e. RBMT, Neural and Hybrid

are presented at a glance in Figure 3.7(b). The result demonstrates the efficiency of our

novel technique applied in our proposed work. In the proposed hybrid model, meteor

value is higher as compared to other models due to a strong correlation between the

words of the output sentences. It can be concluded that, the hybrid model has refelcted

higher BLEU, F-score and Meteor, but the WER value has been lesser as compared to

other models.
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sponding to the Proposed System on Various Evaluation Measures
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The performance analysis was also conducted on different categories of Sanskrit sen-

tences consifering the various automated metrics such as BLEU, Precision, Recall, F-

measure, WER, F-mean, Penalty and Meteor as shown in Table 3.7. These sentences

were run on the developed system provides with Hindi output sentences used for perfor-

mance evaluation along with their reference translation.

3.3.2 Human Error Analysis

In this work, linguistic errors were identified by performing a case study. It included 15

different grammatical cases corresponding to which Sanskrit sentences are tested. The

output generated by passing different kinds of sentences is presented in Tables 3.8 and

3.9 . These results showed that the highest error rate in the proposed hybrid MTS was

encountered in the sentences of category verb 4% whereas other categories have less than

3% of error rate.

3.3.3 Comparison of the Proposed System with Existing Work

The proposed work makes a comparison with the existing work [246][190] and [247]. The

comparison undertaken on the basis of automated metrics is depicted in Figure 3.8 and on

human evaluation in Figure 3.9. The comparative analysis is presented in Figure 3.10(a).

It is evident from Figure 3.10(b) that the error rate of the Sanskrit-Hindi Statistical Ma-

chine Translation (SaHit)[190] is higher as compared to the proposed system. It was

also compared with the recent research work carried out by [247] as in Figure 3.10(c).

The proposed hybrid MTS has recorded an accuracy of 61% which is higher than that

of the existing systems developed[190] and [247] with the respective percentages as 27%

and 57%. The result were also compared through human evaluation based on gram-

matical categories, i.e. Sandhi, Compound, Verb, Over Generation, Less Generation,

Visarga/Anusarva, Karaka and others. The proposed system was more readable, and

provided better output than the existing work for this domain. The proposed work has

also been compared on the basis of its adequacy and fluency with the existing work carried

out by [247] as shown in Table 3.10. The proposed work for Sanskrit language processing

is a novel technique achieving greater accuracy in terms of both automated and human

analysis.

3.4 Conclusion

In this chapter, three different translation models( Rule-based, Neural-based and hy-

brid) produced have analysed for Sanskrit to Hindi. In comparison to the earlier works

[[190][247][248] which lack extensibility, generalizability and adaptability, the proposed
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Table 3.7: Metric Analysis of Sanskrit to Hindi Translation
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Table 3.8: A Case Study of Linguistic Analysis of Sanskrit to Hindi Translation-I
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Table 3.9: A Case Study of Linguistic Analysis of Sanskrit to Hindi Translation-II
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Figure 3.9: Human Evaluation of the Proposed System with Sahit

Measure [247] Proposed System
Adequacy 91% 96%
Fluency 66.72% 71.26%

Table 3.10: Adequacy and Fluency of the Proposed System and the Existing Work[247]

system is capable of overcoming these problems. It extracts features from the linguistic

rule and further passes on these features to train the recurrent neural network. Per-

formance evaluation performed on automatic and human measures has resulted in the

excellent performance of the hybrid system. It has outperformed even in terms of accu-

racy, speed and response time. The proposed hybrid model is fast and more efficient than

the existing rule-based systems. In non-rule match cases, the rule-based model does not

return any output. While the proposed model always provides the best solution. The pre-

vious models become inefficient in the case of long sentences and are practically infeasible

sometimes, but the proposed model is efficient in such scenarios. The work developed

and presented here is novel and can be applied to any low-resource language pair with

minimum linguistic knowledge. In future research, multiple linguistic languages could be

considered to convert into the single target language and multi-lingual platform for the

same purpose.
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Figure 3.10: Comparison of Overall Error Rate and Accuracy (a) SHH-MTS and Existing
Systems (b) [190], and (c) [247]

The next chapter presents the deployment of the developed stand-alone system in this

chapter. It is deployed on the cloud to offer translation as a service.



Chapter 4

Deployment of Proposed

Sanskrit-Hindi Machine Translation

System on Cloud

The previous chapter presents the proposed system that overcame the earlier works for

translating Sanskrit-Hindi lacks extensibility, generalizability and adaptability. The pro-

posed system extracted features from the rule-based system as linguistic rules and feeds

them further to train the recurrent neural network.

The current chapter presents the description for the deployment of the proposed work

on the cloud. It offers translation as a cloud service by improving the quality of service

(QoS) from the stand-alone system. The objective of this work lies in demonstrating the

management of recurrent changes in terms of corpus, domain, algorithm and rules.

The chapter describes SHH-MTS as a service. Section 4.2 presents the deployment

infrastructure for the proposed work while experimental details covered in Section 4.3.

The results discussed in Section 4.4. At last, the chapter concludes in Section 4.5.
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4.1 Sanskrit-Hindi Hybrid Machine Translation

System(SHH-MTS) as a Service

This section presents the SHH-MTS deployed on cloud to offer as a service. As MTS

improves performance through recurrent changes in terms of corpus, domain, algorithm

and rules. These rapid changes are very difficult to be updated in stand-alone MTS.

To facilitate this problem, it is proposed that the system must be deployed on cloud

to provide Quality of Service(QoS) to the end-user. First of all, Sanskrit-Hindi Hybrid

Machine Translation System(SHH-MTS) architecture was designed and developed. Later

on, after its development, it was deployed on cloud to test and analyze its performance on

various parameters such as throughput, server load, response time, and CPU utilization.

4.1.1 Characteristics of Sanskrit-Hindi Machine Translation

System

These are summarized as follows:

� The hybrid machine translation system developed for converting Sanskrit to Hindi

languages integrates the rule-based and neural-based approach which is result-oriented

and gaining significance these days.

� As source language, Sanskrit is a linguistically rich language having the credit of old

scriptures like Vedas which are not usually accessible and understandable by the general

people. These scriptures can be easily understood in other languages through SHH-

MTS.

� The proposed system is also beneficial in the teaching-learning process by providing

with Sanskrit content. The system helps the students by providing illustrations of

grammatical information for the Sanskrit text such as parts of speech tagging, parsing,

Sadhi-splitting, word sense disambiguation, and relations between different words of a

sentence.

� The system can be readily updated with recurrent frequent updates of performance in

terms of corpus, domain, algorithm and rules.

� The SHH-MTS is deployed on the cloud and provided as a service. Its deployment

makes it easier to perform and easy to use by the common user as no pre-requisite or

knowledge of NLP is required.

� Auto-tuning for neural-based MT used in the proposed system is not possible at the

local host due to memory issues, but it is possible on the cloud. Several layers are

added automatically to attain maximum accuracy and high speed.
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The flowchart shown in Figure 4.1 provides the details about all the development phases of

SHH-MTS i.e different linguistic tools output feed for embedding as features in the encoder

of Neural-based Encoder-Decoder architecture which trains the systems for learning and

predicting the translation of Sanskrit words into Hindi words using linguistic features.

Figure 4.1: Flow Chart of the Proposed System

4.2 Deployment of SHH-MTS on Cloud

MTS is composed of multiple heterogeneous modules having dependencies according to

the task performed. It is not easy to resolve these complexities; it is a time-consuming task

also. Increasing demand in the request for MTS hinders the performance of the systems. It

slows down the response and requires more resources to provide greater computation. This

leads to an increase in the computational cost for most of the enterprises and academic

institutions. Innovations are required to ride the inevitable tide of change. Recurrent

changes in terms of either corpus, domain inclusion, the algorithm of modules, modifying

rules or a combination of these lead to improve the accuracy, quality and performance

of MT systems. Most of the developments are striving to reduce their computing cost

through the means of virtualization. This demand of reducing the computing cost has led

to the innovation of Cloud Computing[249]. It offers better computing through improved

utilization, reduced administration and infrastructure costs. It is a term used to describe

both a platform and type of application. As a platform, it supplies, configures and

reconfigures servers, while the servers can be physical machines or virtual machines. On
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the other hand, as applications that can be extended to be accessible through the internet;

and for this purpose, large data centres and powerful servers are used to host the web

applications and web services. The proposed MTS has been designed and developed as

a web application hosted on cloud to provide SHH-MTS as a service. The significant
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Figure 4.2: Architecture for the Proposed System

features of MTS deployed on the cloud are listed below:

� It provides scalability at the same cost.

� Reduces load by the distribution of task to different servers.

� Fast processing speed due to virtual machines

� Handling of frequent updates in the algorithm, rules, corpus, dictionary and domain

inclusion.

� Enhancement, adaptability and scalability are easier to perform.

� Easy to use by the common user as no pre-requisite or knowledge of NLP is required.

These significant features are adopted by several researchers to develop MTS, and by using

MTS-as-a- service higher performance has been achieved. Nowadays different cloud service

providers are assisting the industries as well as for personal use. Amazon Web Services
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(AWS)[250] is one of the cloud service providers which is a secure cloud services platform

offering compute power, database storage, content delivery and other functionality to help

system scale-up and grow. Therefore, the model can be accessed and utilized according

to the need.

Virtualization[251] is a viable option by making an application function as a repository.

The key benefits of developing virtual appliance are fine granularity with reducing time

for adding and removing computational resources. It would also increase the mobility

of application and reduce deployment time. The deployment of virtualization can be

performed on the cloud as well as stand-alone. An SHH-MTS is deployed on the cloud

architecture as shown in Figure 4.2. The proposed architecture has been divided into three

layers, i.e., an interface layer, service layer, and database layer. The interface layer is used

for user interaction. In the proposed architecture, the interface has been built in the form

of a website for SHH-MTS, delivering Sanskrit-Hindi translation as a service to the users.

All the users requesting for Sanskrit-Hindi translation can access the system through the

Figure 4.3: AWS Infrastructure used for Deploying SHH-MTS as a Service

interface of the website which is deployed at the service layer. At the back end of the

translation system, the output is generated by various linguistic tools and encoder-decoder

architecture of RNN. All these user requests are stored in the cloud storage repository

and forwarded further for processing into the SHH-MTS. Even load balancing and auto-

scaling are performed on this layer to handle the traffic demands. It also manages to
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address advance routing needs by dynamically scaling the web application to changing

traffic on demand. It can create capacity groups of servers that work accordingly to the

demands. The AWS Elastic Compute Cloud (EC2) allows users to use virtual machines

of different configurations as per requirements. It provides a more secure model for every

host. The database layer is comprised of the parallel corpus, monolingual corpus, and

dictionaries. It is used for the physical interface between the application and the database.

Simple storage service(S3) is used to allow users to store and retrieve various types of data

API calls. With provisioning of additional hardware resources, it is possible to keep the

response time within optimum limits as the load increases, but this increases the cost.

Thus, the objective of this proposed work is to deploy MTS on the cloud with provisioning

of larger computation resources. It will help to increase the scalability of the system

and improve the response time. Cloud deployment requires optimum resource utilization

which is possible only when an application can scale up and scale down rapidly. This

is easily feasible for the proposed SHH-MTS to scale-up or scales down in real-time. In

this work, a hybrid MTS model has been deployed on the cloud of Amazon(EC2) as

depicted in Figure 4.3 having better accuracy, CPU utilization, and minimum response

time. It also eases the deployment and scope of extension or manageability due to which

the performance of the proposed system is better than a standalone version of systems.

4.3 Experimental Details

The experiment has been conducted on the developed SHH-MTS to measure various QoS

parameters. The technical specifications along with its versions are displayed in Table 4.3.

For the deployment of SHH-MTS on cloud infrastructure, Amazon Elastic Computer

Cloud(EC2) has been used. It simulates scalable deployment of MTS by providing a

web service. It provides secure, resizable compute capacity through which booted an

Amazon Machine Image(AMI) 3.0 for deep learning to configure a Virtual Machine(VM),

also called an Instance. The developed system includes dictionaries, parallel corpus,

monolingual corpus, program codes, algorithms, lexical resources, rule database, machine-

learned data and its models; and it is packed as AMI. The experiment conducted was based

on Linux Kernel version 3.4.34 Operating system through which user program interacts

with the kernel. Virtualization was first performed with Xen and later with Compute

Optimized C5 instance, which was based on custom architecture around Kernel-based

Virtual Machine(KVM) hypervisor. The processor was ported with IA-64. Elastic Block

Store (EBS) volume as a rooted device was used for storage with G3.4*large type. It

provides raw block devices that can be attached to the Amazon EC2 instance. It also

supports cloning and snapshot. So, the system image has been cloned to other virtual

machines. It is built on replicating storage when the failure of one component would not

cause data loss. EBS volumes can be attached or detached from Instance or VM while
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they are running and moved from one VM to another VM. A Simple Storage(S3) is also

used which has been accessed (read and write) through the API. The experiment was

based on 16 core processor and 122 GB RAM. Rule-based auto-scaling has been used

which adapts according to the CPU utilization threshold though it takes several seconds

to scale up and scale down. Although the VM start-up time is not dependent on VM

type, AMI size and data centre location, etc still it takes a few seconds to configure.

Table 4.1: Technical Specifications along with Versions
Technical Specifications Version/Number
Amazon Machine Image(AMI) 3.0
Linux Kernel O.S 3.4.34
Compute-Intensive Virtual Machine C5
Elastic Block Storage(EBS) G3.4*large type
16-core Processor IA-64
RAM 122 GB
Virtual Machines (4,8,12,16)
GPU Geforce GTX 980
Memory(for each instance) 61 GB
Elastic Compute Unit 12
CPU 2 (for each VM)
Cache 4MB

Each virtual machine has a GPU with 122 GB of RAM and 16-core processor to

achieve a high throughput speed approximately 2500 words per second. This speed is not

possible for normal systems because in it one epoch will take approximately two hours

to run. As many as 5 nodes have been allocated for this experiment. On each node,

SHH-MTS has been pre-installed with the help of AMI of 1GB size. It takes 60 seconds

to boot. For each created instance, there have been 12 elastic computing units and 4

virtual CPUs, and a memory of 61 GB for a single instance (EBS storage only) with

high network performance. After all the environment set-up, the system gets ready to

run and performs the performance testing. The system first runs rule-based linguistic

tools, which give its output to CSV file. This file is then processed on TensorFlow with

Keras with python 3. It makes an evaluation on the basis of parameters such as average

response time, cost optimization, throughput, server load, total time taken concerning

rule matching probability. The number of computational resources (Storage, O.S and

Instance type), data, virtual machines vary across to evaluate the performance of MTS.

The interface designed and hosted on the cloud has been displayed in Figure 4.4.
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Figure 4.4: SHH-MTS as a Service

4.4 Validation of Results for the Proposed System on

Cloud

The performance of the proposed work was evaluated by conducting a diverse statisti-

cal test. This section has been divided into two subsections. The first section compares

the proposed SHH-MTS as a service with the existing works. While the other subsection

focuses on the performance of MTS based on different approaches, i.e., rule-based, neural-

based and hybrid. As the proposed system was built in iterations, i.e rule-based approach

was applied first. Then, the neural-based approach, and finally, the output of rule-based

was fed as features to neural-based forming it as a hybrid approach. Different statistical

tests were conducted for evaluating the performance of the proposed system in terms of

average response time to rule-matching probability, auto-tuning process, cost optimiza-

tion, throughput, server load and total time taken to the number of virtual machines.

The results were achieved by implementing multiple runs which manifested multiple units

of values at different intervals of time.

4.4.1 Comparative Analysis of the Proposed Work with Earlier

Research Work on Cloud

Throughput is directly proportional to the number of processes completed; and it is also

used to assess the performance of the translation system. It is calculated on the basis of

resources used and time consumed.
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� Throughput on Stand-alone MTS : Its calculation is done by executing a whole book of

sentences using 16 core processor, 122 GB RAM, EBS only instances and G3.4x large

type. The same job is divided into several tasks to execute on different computing

resources. Table 4.2 highlights the results of the standalone system of the earlier pro-

posed work[205] on Hindi to Punjabi Cloud-based Sampark MTS tested on dual-core

CPU and 1 GB of RAM, and the proposed SHH-MTS as a Service.

Table 4.2: Throughput Results on Standalone
Book Total Time Taken on Stand-alone
Nirmal by Premchand[206] 198min+13sec
Sankshepa RaamaayaNam (on SHH-MTS) 130min+50sec

� Throughput on Virtual Machine: First of all, 2 virtual machines were allocated which

took 5440 sec to process. Later on, experimention with 4 virtual machines which took

2113 sec. The time for processing reduced rapidly on using more number of virtual

machines as it took 790 sec for 8 virtual machines and 320 sec for 12 virtual machines.

The comparison made with CBSMTS showed that it took 970sec on 12 virtual machines

as depicted in Table 4.3.

Table 4.3: Throughput Calculation on Virtual Machines
Number of
VM

Throughput on
CBSHH-MTS

Throughput on
[206]

2 90min+ 40 sec 112min+19sec
4 35min+ 60sec 54min+6sec
8 13 min +13 sec 26min+26sec
12 5 min+20 sec 16min+10sec

� Computing Nodes Reducing the Time for Computation: As shown in Figures 4.5 and

4.6, a test was performed for sentences of different length, i.e., 20,50,100,150,200 and

250; and varying computing nodes 2,3,4,5,6 and 7. The results indicate that an increase

in the nodes results in reducing the time.

� Response Time: The response time is the time required for output sentence after

passing the input sentence to MTS. The time taken for the proposed CBSHH-MTS

was lesser as compared to the previous research work for sentences of different length

i.e.,20,50,100,150,200,250.



94
Chapter 4 Deployment of Proposed Sanskrit-Hindi Machine Translation System on

Cloud

Figure 4.5: Deployment and Usage of Cloud Infrastructure [206]

Figure 4.6: Deployment and Usage of Cloud Infrastructure for SHH-MTS as a Service

4.4.2 Performance Analysis on Deployment of Rule-based MT,

Neural MT and Hybrid MT on Cloud

An elaborate description of the rule-based approach followed in the development of pro-

posed system is given in Section 3.1, neural-based approach in Section 3.2, and that of

hybrid in Section 3.3. These have been deployed on cloud seperately, and their perfor-

mance has been analyzed on the basis of various parameters. The average response time

which depends on the matching of rules with the rule database is depicted in Figure 4.7.

While the average response time on the number of match action rules is displayed in Fig-

ure 4.8. Further, the CPU utilization on cloud-based is on the packet arrival rate which is

shown in Figure 4.9. Though the AWS allows to pay as you use service, the cost according

to resources required is displayed in Figure 4.10. The throughput is directly proportional
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to the number of processes completed and calculated based on resources used and time

consumed as shown in Figure 4.11. The throughput increases with an increase in the

number of virtual machines as in Figure 4.12. Figure 4.13 highlights that the hybrid

approach decreases the server load and it is more as compared to rule-based and neural-

based approaches. The auto-tuning process (automatic addition of hidden layers) leads

to reduce this load significantly for both systems after the deployment of the proposed

system on the cloud. The graphs depict that the performance of a hybrid system, is better

than the rule-based and neural-based approaches.

Figure 4.7: Average Response Time pertaining to Rule Matching Probability (a) Hybrid
MTS, (b) Neural-based MTS, and (c) Rule-based MTS

Figure 4.8: Average Response Time pertaining to Number of Matching Action Rules (a)
Hybrid MTS, (b) Neural-based MTS, and (c) Rule-based MTS

4.5 Conclusion

The hybrid machine translation system developed for converting Sanskrit to the Hindi

language integrates the rule-based and neural-based approach which is result-oriented

and gaining significance these days. It is a complex application with a large number of

heterogeneous modules. Deploying such a complex application on a stand alone machine

becomes a difficult and time-consuming task. The existing Sanskrit-Hindi MTS has many
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Figure 4.9: CPU Utilization pertaining to Packet Arrival Rate (a) Hybrid MTS, (b)
Neural-based MTS, and (c) Rule-based MTS

Figure 4.10: Cost pertaining to Resources (a) Hybrid MTS, (b) Neural-based MTS and
(c) Rule-based MTS

Figure 4.11: Throughput (a) Hybrid MTS, (b) Neural-based MTS, and (c) Rule-based
MTS

drawbacks such as slow speed, less data accuracy, and low response time. All these factors

adversely affect the performance of the system. It has been observed that local server

takes more time to respond and provides lesser accuracy. Therefore, offering MTS as a

cloud service is a better proposition for increasing its performance in terms of accuracy
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Figure 4.12: Time Taken with re-
spect to Number of Virtual Ma-
chines

Figure 4.13: Server Load with respect to
Time

and response time. Moreover, auto-tuning for neural-based MT is not possible at the

local host due to memory issues, but it is possible on the cloud. Several layers are added

automatically to attain maximum accuracy and high speed. The proposed CBSHH-MTS

provides better throughput, rule matching probability and number of matching rules in

comparison to the stand alone systems.

The next chapter validates the proposed work with a case-study. It outlines the devel-

oped taxonomy of error analysis based on different linguistic levels, i.e., orthography,

morphology, lexical, syntax, semantics and pragmatics.
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Chapter 5

Case Study on Proposed Machine

Translation System

The previous chapter presents the description for the deployment of the proposed work

on the cloud. It offers translation as a cloud service by improving the quality of service

(QoS) from the stand-alone system.

This current chapter outlines the developed taxonomy of error analysis based on differ-

ent linguistic levels, i.e., orthography, morphology, lexical, syntax, semantics and pragmat-

ics. Consequently, the previous taxonomies were expanded to adapt the errors transpired

in morphological rich Indo-European languages. As far as direct access to Sanskrit text

is concerned, it requires good grammatical knowledge, manual access to the dictionary,

knowledge of syntax and semantics which is a tough and time-consuming process. This

interactive interface will assist the school as well as university students enrolled in dis-

tance education by promoting self-learning. The main objective of the proposed system is

to make the scriptures and philosophical texts such as Gita, Ramayana and Upanishads,

available in the Sanskrit language, accessible to the common user.

The chapter presents the proposed error taxonomy in Section 6.1. The case study of

the developed system for Sanskrit to Hindi translates is performed across the proposed

error taxonomy in Section 6.2. Lastly, the chapter concludes in Section 6.3.
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5.1 Proposed Error Taxonomy

In morphologically rich languages, grammatical relations indicates by changes in the word.

One word can take multiple forms, making it harder to map the dictionary meaning and

grammatical rules. The automatic evaluation measures developed are too coarse into

such case thus, human evaluation indulged. Though human evaluation measure is quite

generic and involves qualitative analysis such as fluency or adequacy, it neither captures

nor quantifies word-level errors.This work, provides a baseline to the community with a

classified taxonomy for the error identified and their resolution in the translation. This

will eventually improve the MT system accuracy.

The proposed framework of linguistically motivated error taxonomy for morphologically

rich Indo-European languages is shown in Figure 5.1 Error recognition is not an easy task.

All the errors incurred are not easy to find as some of them are infused in the sentence

throughout. Identification of an error is a complex task in building the classification

taxonomy of errors. In this work, the errors encountered in different corpora, as shown in

Table 5.1, have been classified on the basis of linguistic categories such as orthography,

Morphology, Lexis, Grammar, Syntax, Semantics and Pragmatics.These have also been

exhibited in Figure 5.2. This broad classification of categories indicates the linguistic level

at which the errors were identified. These have been described in detail in the following

subsections. All these errors relate to Sanskrit to Hindi translation applied on various

corpora. This error taxonomy is quite helpful to optimise the performance of MTS.

5.1.1 Orthography

The orthography level of language refers to the agreement of writing the language. It

includes rules of transliteration, spelling, capitalization, compound splitting, tokenization,

and punctuation. The transliteration maps words from one language to another using

the phonetic base[252]. The orthographic errors have been classified into transliteration,

spelling, capitalization, compound splitting, tokenisation and punctuation.

� The transliteration involves the conversion of text string from one orthography to an-

other such as proper names, numbers and punctuation. This conversion is language

independent. As addressed by [253], proper names which are to be transliterated are

out-of-vocabulary.

� Spelling is required to be addressed as a minor mistake in spelling or typo-error may

result in out-of-vocabulary words in training data as addressed by [254]. There are

various statistical and rule-based methodologies proposed by [138] to overcome these

orthographic errors.

� Capitalization requires to be addressed as the capital text may lead to transliteration
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Figure 5.1: Framework of Linguistically Motivated Error Taxonomy for Morphologically
Rich Indo-European Languages

rather than translation. Therefore, all the text needs to be converted from upper case

to lower case letter. Several experiments have been performed [255] quantifying the

capitalization error in the translation process [256]. [257] proposed handling true casing

with the Hidden Markov Model(HMM) requiring pre-processing and post-processing.

The proposed models replaced the word with its most frequent form of [258]. There

is also a bilingual capitalization model for true casing the output using probabilistic

approach[255] and using random field[259].

� Compound Splitting[260] plays a significant role in Sanskrit language processing as it

is composed of Sandhi formed words. It is the separation of compound words into their

original constituents, otherwise, the entire meaning of the sentence will be changed.[215,

222, 261, 262]

� Tokenization is converting the string of words into tokens. This step is the pre-
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processing of MTS.

� Punctuation’s misuse causes an error when performing the translation of the sentence.

The different punctuation marks such as full stop, comma, sign of exclamation placed

in the wrong position will reflect the change in meaning and leads to ungrammatical

sentence.

5.1.2 Morphology

It is the study of the structure of language morpheme for a language such as an affix

or stem[263]. It imposes a challenge in translation in the case of rich morphological

language translation pairs.The morphemes provide syntactic information such as tense,

gender, count, case, etc.The morphologically rich language has many different surface

forms which lead to different meanings and cause different types of errors as listed below:

� Inflections : Inflectional morphology involves different word forms in certain grammat-

ical categories covering affixation and vowel change. In this proposed work, the morph

analyzer gives all possible inflexion forms such as the pratipadikas from the Monier

Williams dictionary. If a word inflexion form is not provided from the dictionary, it can

lead to a wrong word meaning in the output.

� Derivational : It provides the morphology with a type of word formation that cre-

ates new lexemes, either by changing syntactic category or by adding substantial new

meaning (or both) to a free or bound base. In our proposed work, it supplies the anal-

ysis of words after adding the derivational morph output if the pratipadika is deriva-

tional.For instance, the krt pratipadikas and taddhita pratipadikas are analysed further

for krt/taddhita analysis in the derivational morph analysis.

� Parsing : It provides an analysis of sentence words into its constituents, resulting in

a parse tree showing their syntactic relation to each other, which may also contain

semantic and other information. For the purpose of the proposed system, the parser

takes the input of the morph layer and produces the correct morph analysis in the

context along with the karaka analysis.

� Unrecognized Words : Some of the words in the input sentence are not recognized by

the morphological analysis. Since the output of later modules depends on the output

of the morphological analyser heavily, a provision has been made in the proposed work

to supply an analysis of unrecognised words manually. This analysis is made by the

user, and then used by later modules.

� Pruning : This category of morph analysis assists the morph output by providing an-

swers to rare words. In the proposed system, the results have been further pruned to

provide the answers for the rare pratipadikas as these are not found in Apte’s dictionary.
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5.1.3 Lexical

In this category, all the errors affecting the lexical items have been considered. It considers

a word as a whole instead of an error in the character of the word. Based on the type of

words, i.e., content words carry the content or meaning, while function words construct

the grammatical relationship with other words in the sentences.The errors based on their

categorization are listed as below:

� Omission: This type of error is encountered when the translation of a word present in

the source text is missing in target translation.

� Addition: This type of error arises when the word in the source text is not present, but

is added to the translation text.

� Untranslated : Apart from the omission and addition for some words, the machine

translation engine cannot find a translation for a given source word. In such cases, the

solution is to copy the source word as it is in target translation.

� Unknown Words : There are few unknown words where it is difficult to find translation

for such words. Such type of errors can be dealt with external resources or addition of

manual word sense disambiguation rule in the database[264] of the MTS.

� Spurious Words : These words do not have a counterpart in another language. The

Machine translation system should be able to identify such words. It can be dealt with

diverse solutions such as omitting a spurious word from source sentence or using an

alignment procedure.

5.1.4 Syntax

It refers to the rules for constructing the sentences in natural language. Each language

has its syntax defined by the rules.The languages are categorised into free word order and

fixed word order.

� Reordering : If the source sentence is having different syntax, then the target sentence

in fixed word order can lead to error requiring reordering of the sentence. There are

different reordering algorithms built for reconstructing the syntax of the sentence. It

can also be done by modifying the parse of the sentence.

5.1.4.1 Semantics

It relates to the meaning of words and phrases, and the combination of both. It can lead

to errors such as sense disambiguation, wrong choices, collocational errors, identifying

multiword expression, idioms and handling tense aspect modality of the sentence.
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� Sense Disambiguation: It causes a problem when a word is translated into its possible

meaning, but it is not correct according to the given context which leads to a wrong

translation.

� Wrong Choices : It occurs when a wrong word is chosen without apparent relation to

translate the given source word into the target word.

� Collocational Errors : These errors occur when the other word normally accompanies

it; hence, this error takes place for a block of words. Their selection is not semantically

motivated which causes the error. Though the collocational errors can be considered

as instantiation of the previous error, but these can also be considered separately.

� Multiword Expression: There are certain words used as expressions which are made up

of at least two words and which can be syntactically and/or semantically idiosyncratic.

Moreover, they are not identified as a single unit and may cause an error at a certain

linguistic level.

� Idioms : These are complex constructions of language used creatively across almost all

the text genres. Idioms pose problems to natural language processing (NLP) systems

due to their non-compositional nature; and the correct processing of idioms can improve

a wide range of NLP systems.

� Tense Aspect Modality : All languages mark tense, aspect and modality (TAM) in some

way, but the markers don’t have a one-to-one mapping across languages. Many errors

in machine translation (MT) occur due to wrong translation of TAM markers. The

curtailment of such error can lead to improve the performance of an MT system.

5.1.5 Pragmatics

It is the deepest level of computational linguistics. The errors occuring at this level are

discursive options that are not most expected. There are different situations at this level

such as style, variety words that should not be translated, an agreement between noun

and adjective, and Vibhakti.

� Style: These errors occur when a bad stylistic choice of word is used in translating a

sentence. For instance, repetition of the word in a nearby context, where synonyms

would be better to be substituted.

� Variety : These errors cover the cases when the target of translation is a certain lan-

guage, but instead lexical or grammatical structure from a variety of that language are

used.
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Figure 5.2: Proposed Taxonomy

� Should not be Translated : This category considers all the word sequences in the source

language that should not be translated in the target language. For instance, a book

name is translated from source to target language, and it results in adding an error.

� Agreement between Noun and Adjective: In the target language translation generation,

this involves an agreement between noun and adjective such as adding ‘ne’, dropping

‘ko’ at unnecessary places in the sentence.

� Vibhakti : Vibhakti provides information on respective karaka. Vibhakti guides for

making a sentence in Sanskrit. In Sanskrit, there are seven types of vibhakti, i.e

nominative, instrumental, dative, ablative, genitive and locative. Karaka theory acts as

a media between grammar and reality. For example, handling Kriyamula Vibhakti and

agreement, handling agreement for Sasti Vibhaki, Karta and Karta Samanadhikarana,

and final agreement between the noun and verb.

5.2 A Case Study of Proposed Error Taxonomy on

Sanskrit to Hindi Language

This section is comprised of the peculiarity of the case study performed for Sanskrit-Hindi

language. In the following subsections, the translation system engaged for this particular

case study has been explained. Further, the results obtained from both automatic and

manual metrics have been analysed. Finally, the errors across the proposed taxonomy in

the linguistic levels by error identification and their classification have been mapped.
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5.2.1 Prerequisite

Before we start analysing our results, the following prerequisites are supposed to be con-

sidered:

1. The results have been presented as the number of errors present per dataset, but

exception persists in certain cases where a word contains two errors. The words

with two errors have been set into the total number of errors.

2. The comparison of the system based on error has been performed only on the lexical

level. The performance of the system acts as an indicator to calculate its probability.

The proposed MTS model is capable of covering all types of error arising out of rule and

neural-based approaches.

5.2.2 Error Identification and Classification

An attempt was made to investigate how the error occurred in all the three systems across

different corpora. Step-wise analysis was undertaken. Firstly, the number of correct words

and errors over every corpus were identified. Then, the identified errors were classified

into orthographic, morphology, lexical, grammar, syntax, semantic and pragmatics. The

probability of these errors was calculated and presented in Table 5.1.

This work proposes a teaching and learning framework for accessing Hindi from the

Sanskrit language. It uses Anusaaraka (Available at:https://ltrc.iiit.ac.in/Anusaaraka),

a language accessor platform, Sanskrit Computational Linguistic tool (Available at:

http://sanskrit.uohyd.ac.in/scl), heritage site and Sanskrit digital text(available online

at:http://sanskrit.inria.fr) to build the system. This system can be effectively used as a

replacement to standard ancient teaching methods. The several features or benefits of

the proposed work are elaborated as below:

5.2.3 Features of the Proposed Teaching-Learning Framework

� The essential step in teaching and learning Sanskrit is knowledge of grammar, script,

vocabulary, syntax, phonetic repository, grammatical rules such as sandhi, morphology

(derivational and inflectional) and prosody along with literature. Such information

derives the structural and semantic sense of the sentence. The statistical analysis made

available by the system assists in deciding the aspect to be covered in teaching a text

by the teacher. The graphical interface of the system is meant to enhance the interest

and attention of the students and teachers.

� It support the linguistic analysis undertaken with respect to morphology, parsing,

sandhi-splitting, etymology, samasa, karaka, segmentation and dictionary.
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Table 5.1: Error Identification and Classification Across Different Sanskrit Corpora
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Rasaratnasamuccayat̄ıkā 0.18 9.8 9986 800 8 357 299 1 234 0.85 0.93 0.92

Rasaman̄jar̄i 0.22 7.2 10550 694 5 576 244 0 281 232 0.85 0.94

Bhavaprakās̃ā 0.25 7.0 11096 878 2 314 280 0 161 213 0.87 0.93

Laṅkāvatārasūtra 0.16 11.6 9305 1730 17 347 254 3 388 421 0.77 0.85

Bodhicaryavatāra 0.25 7.7 10845 922 4 555 337 0 244 214 0.84 0.92

Yājñavalkyasmrti 0.27 7.0 11764 1059 19 557 234 1 150 162 0.85 0.92

Gokarn. apurān. sārah 0.19 6.6 12497 1100 18 431 220 4 144 142 0.86 0.92

Sārñgadharasamhitād̄ıpikā 0.17 8.1 12449 833 2 532 372 1 305 165 0.85 0.94

Das̃akumāracarita 0.28 16.9 12081 1283 19 439 357 5 252 98 0.83 0.91

Rasaprakāsasudhākara 0.21 7.2 15417 888 9 553 345 0 335 189 0.87 0.949

Visnusmrti 0.24 5.7 15071 1378 29 809 371 4 257 173 0.84 0.92

Buddhacarita 0.20 9.1 15748 1485 22 723 536 5 237 247 0.84 0.92

Mrgendrat.̄ıkā 0.16 12.4 17443 1902 23 705 569 5 478 129 0.82 0.91

Sātvatatantra 0.30 7.1 6240 1259 4 309 143 0 1923 136 0.63 0.87

Arthas̃āstra 0.29 9.3 8877 962 5 450 318 0 248 156 0.81 0.91

Hitopades̃a 0.23 7.1 9822 900 12 414 167 3 77 199 0.86 0.92

Rasaratnasamuccaya 0.18 7.2 23311 1656 5 1175 672 1 546 175 0.85 0.93

Mugdhāvabodhin̄ı 0.13 12.7 24613 2087 20 1268 797 0 443 214 0.84 0.92

Rasarnāva 0.13 6.8 26198 1895 10 1427 1031 1 711 185 0.83 0.93

Manusmr.ti 0.17 7.0 31177 2728 57 1650 890 9 342 157 0.84 0.92

Ayurvedad̄ıpikā 0.12 12.8 31355 2834 51 1259 902 10 545 126 0.84 0.92

Kurmapūranā 0.14 6.6 33308 2856 26 1244 715 17 391 145 0.86 0.92

Br.hatkathās̃lokasamgraha 0.12 6.8 49372 5482 114 1997 1401 28 864 156 0.83 0.90

Ānandakanda 0.11 6.9 68767 5896 17 3720 1731 17 1791 146 0.83 0.92

� There are numerous government and non-government organisations providing distance

education such

as Rāśtriya Sanskrit Sansthān(available online at: http://www.sanskrit.nic.in/) and

Samskrita Bharti(available online at: https://www.samskritabharati.in/). The postal

notes provided by them are in some cases assisted with instructors in the source lan-

guage. This system interface would be highly beneficial for all the potential users in

understanding and carrying out an in-depth analysis of Sanskrit language in Hindi.

� A trend has been observed among a certain age group of people who have the enclination

to understand their culture through the study of religious scriptures such as Geeta and

Mahabharata. Although some Sanskrit linguists have translated these scriptures in

Hindi, but with their own perspective which may or not match the readers’ opinion.

This interface provides the intermediate output by giving final translation to the users.

� The ancient methods of learning and teaching Sanskrit require eight to twelve years of

dedicated study, making it impossible in today’s scenario. It involves learning grammat-
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Figure 5.3: Teaching-Learning Framework

ical rules, word-forms memorization, lexical forms, capturing the semantic and syntactic

sense of the sentence. In the technology-savvy world, students want an alternative out

of this memorization to save time and efforts. In such a situtation, this interface is

going to assist the students at one click of a button. It will also promote self-learning.

Figure 5.3 depicts the teaching-learning framework developed through the rule-based and

deep learning based Neural Machine Translation(NMT) approaches. The user can inter-

act with the system with the help of web interface developed for a better user-friendly

experience. The Sanskrit text follows a sequence of linguistic processing, and then is fed

to deep neural network. A detailed explanation has been given in the following sections:

5.2.4 Implementation

The corpus data is found suitable for applying the NMT model. It is a two-fold process,

i.e., clean text and split text. The sentences are sorted in a batch based on sentence pair

by length, and break similar-length sentences into mini-batches. Therefore, the training

corpus is recurrently shuffled, and the corpus is broken into maxi-batches and again split-

ted in mini-batches. These are processed by applying gradient for parameter update. The

proposed work has a pipeline architecture. which takes input from its previous phase and

performs computations and passes the output to the next step. Different tools are divided
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into different modules or phases developed under Sanskrit Consortium Project funded by

MIT using Anusaaraka[211]. There are 10 modules in the rule-based pipeline architecture

of Sanskrit to Hindi translation (Available online at: http://sanskrit.uohyd.ac.in/scl).

All of the modules provide an individual output as linguistic features to Neural based

Encoder-Decoder to train the system more efficiently. The experiment has been performed

on different Bi-RNN models by increasing the hidden layer and epochs, update, time, train

and development probability along with GTX GPU versions as shown in Figure 5.4(a);

and other details have been provided in the subsequent sections. The evaluation of the

proposed system was made through automatic as well as human measures was shown.

The automatic analysis of translated sentences was performed on the basis of parame-

ters, such as BLEU, Precision, Recall, F-measure, WER, F-mean, Penalty and Meteor

as manifested in Figure 5.4(b). Linguistically, the results have shown that the highest

error rate of 4% in the proposed MT system is encountered in the sentences relating to

the verb category, whereas other categories have less than 3% error rate. The proposed

hybrid MTS has 61% accuracy, whereas the accuracy of the existing MTS ‘SaHiT’[190]is

only 27%. So, the results have show, that the proposed MTS performs much better than

the existing MTS[190] for Sanskrit to Hindi Translation, and is a great contribution to

the teaching-learning process.

5.3 Conclusion

The work aims at capturing and quantifying word-level errors and classifying them into

a taxonomy. As a result, previous taxonomies have been expanded to adapt the errors

transpired in morphological rich Indo-European languages. The error analysis is based on

different linguistic levels and their sub-categories i.e., orthography, morphology, lexical,

syntax, semantics and pragmatics. The proposed taxonomy has been compared with all

the previous taxonomies based on various parameters such as i.e., categorization, mode,
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Figure 5.4: (a) Comparison of BI-RNN Model Across Different Parameters, (b) Evaluation
of Sample Sanskrit Sentences Mentioned in Table 6.2 Across Different Measures

language dependency, MT approaches, translation pair, tool, domain, corpus and size of

the corpus. Further, a case study of the proposed error taxonomy on Sanskrit-Hindi lan-

guage has been undertaken. It involves a deep analysis of 24 different Sanskrit Corpora

based on error location in different linguistic levels, i.e., orthography, morphology, lexical,

syntax, semantic and pragmatics. The MT used for experimental work was developed in

various phases. Firstly, the rule-based and neural-based model was developed. Later, by

incorporating linguistic rich features of the rule-based system, a neural-model was trained

to form it as a hybrid-based. Thus, the work presented here covers a long range of errors

generated by neural-based, rule-based and hybrid-based MT. The work provides a possi-

ble solution to the different linguistic level errors. It enhances the readability, quality and

productivity of the MTS. It contributes significantly towards the human error analysis

process.

The proposed work has added new prospects in the teaching-learning paradigm. The MTS

has been developed by using linguistic processing and NMT. This system can be accessed

with a graphical interface with click of a button. It improves the teaching-learning process

and substitutes the traditional methods which require 8-12 years of study. The work can

be of great importance for the school as well as university student enrolled in distance

education and certain age group people as it promotes self-learning and enables them to

read and understand the philosophical texts of Gita, Ramayana and Mahabharta.

The following chapter concludes this entire thesis with directions for future work.



Chapter 6

Conclusions and Directions for

Future Research

This chapter is the concluding part of the thesis and also proposes some suggestions to-

wards which the present work can be further extended. Section 6.1 brings out the overall

conclusions of the research work carried out in this thesis and in section 6.2 suggestions

regarding the future research directions and possible extensions of the work presented in

the thesis are made.

This thesis focuses on an extensive literature review which serves the purpose of provid-

ing resources required for modelling different techniques such as corpus, domains, toolkits,

models, features and their evaluation measures. The work also carries the directions for

future research in the field under study. The proposed system is an integration of linguis-

tically rich and result oriented approaches called rule-based and neural-based approach are

gaining significant attention nowadays. It consists of several heterogeneous modules. De-

ploying such an application on a stand-alone machine becomes a complex task. It has been

observed that local server takes more time to respond and provides lesser accuracy. There-

fore, offering MTS as a cloud service is a better proposition for increasing its performance

in terms of accuracy and response time. Moreover, auto-tuning for neural-based MT is

not possible at the local host due to memory issues, but it is possible on the cloud. The

proposed CBSHH-MTS provides better throughput, rule matching probability and number

of matching rules in comparison to the stand-alone systems.

111
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6.1 Conclusions

In this thesis, an attempt has been made to provide an automatic translation of Sanskrit

to Hindi with linguistic analysis. This system can be accessed with a graphical interface

on the click of a button. It improves the teaching-learning process and substitutes the tra-

ditional methods which require 8-12 years of study. The work can be of great importance

for the school as well as university student enrolled in distance education and certain age

group people as it promotes self-learning and enables them to read and understand the

philosophical texts of Gita, Ramayana and Mahabharta. The main contribution of this

thesis is done in several phases as listed.

� Extensive literature survey of the work carried out in the area of machine translation

was undertaken and presented for devising an effective MT technique.

� Proposed an SHH-MTS System merging linguistic tools output from the classical rule-

based approach as features embedding matrices in NMT.

� To overcome the scarcity of data, firstly a parallel corpus of Bhagavad-Geeta was man-

ually curated. Secondly, a synthetic parallel corpus is also curated.

� A web-interface was developed for better user-interface. The web-interface was deployed

on AWS cloud with EC2 which eased time, knowledge and complications. It even

becomes challenging for a common user to utilize such a complex application. It elevated

the MTS performance by managing recurrent changes in terms of either corpus, domain,

algorithm and rules.

� A case study of the proposed error taxonomy was also performed to validate the perfor-

mance of the proposed machine translation system to achieve an effective translation

from Sanskrit to Hindi.

6.2 Directions for Future Research

This section proposes some suggestions towards which the present work can be further

extended in future in this area:

� Recent trend of deep learning in computer vision and speech recognition has inspired

the MT field to develop deeper models. It reduces the model perplexity, increases the

accuracy, and builds a better coverage model. Different neural architectures need to be

explored, especially for the decoder.

� The technique for paraphrase creation needs to be explored from manual word substi-

tutions to pivot technique of other translation systems.
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� Usage of Ensemble techniques requires manual intervention. It is the merging of mul-

tiple alternative generative systems and combining outputs, of different systems.

� The system can be used to build E-reading and E-capsules for Sanskrit language learning

and teaching. It is developed and trained at the elementary stage, and rare instances,

derivational and pada formations can also be included in it. The system initial training

data can be used for boot-strapping of automatic annotation of a complete book.

� The developed system can contribute to forming a Sanskrit Digital repository. It can

be further utilized to create virtual courses with the same interface.

� The teaching-learning system can be extended to form a multilingual interface covering

various other languages.
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[124] Marta Ruiz Costa-Jussà and Jordi Centelles. Description of the chinese-to-spanish
rule-based machine translation system developed with a hybrid combination of hu-
man annotation and statistical techniques. ACM transactions on asian language
information processing, 15(1):1–13, 2015.

[125] Christian Federmann and Sabine Hunsicker. Stochastic parse tree selection for an
existing rbmt system. In Proceedings of the Sixth Workshop on Statistical Machine
Translation, pages 351–357. Association for Computational Linguistics, 2011.

[126] Catherine Dove, Olga Loskutova, and Ruben de la Fuente. What’s your pick: Rbmt,
smt or hybrid. In Proceedings of the tenth conference of the Association for Machine
Translation in the Americas (AMTA 2012). San Diego, CA, 2012.

[127] Sabine Hunsicker, Chen Yu, and Christian Federmann. Machine learning for hybrid
machine translation. In Proceedings of the seventh workshop on statistical machine
translation, pages 312–316. Association for Computational Linguistics, 2012.

[128] Gorka Labaka, Cristina España-Bonet, Llúıs Màrquez, and Kepa Sarasola. A hybrid
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Appendix

A.1 Performance Evaluation

Performance of the system is evaluated by manual and automatic mode. The manual
evaluation method performs the subjective evaluation on the output of MTS while the
automatic performs the objective evaluation.

A.1.1 Manual Performance Evaluation

It is referred to as subjective criteria of evaluation as two evaluators evaluating the same
text may have different rating for the translated text. This method is the best, but
it requires a tremendous amount of time and cost though not reusable. Humans use
their world, cultural and context knowledge for analysis of source language for extracting
information contained in the language. Humans evaluate the translated text based on
several measures. The most frequently used method for evaluation is conducted by linguist
annotating a tag corresponding to each error occurred. The evaluators are provided with
the source text, machine-translated output and reference translation. The scores are
aligned by the annotator between 1 to 5 based on reference translation corresponding to
the source sentence. The overall quality of the human evaluation depends on the different
parameters as experimented by [265] on Spanish-English Translation. The results display
that bilingual evaluators perform task faster than monolingual as been provided with
the correct reference translation but monolingual evaluators are more compatible. The
method of eye-tracking is more time-consuming and requires rich linguistic knowledge.

1. Fluency It is referred to the degree at which translated text follows target language
grammar. The output translation English fluency is examined involving several
measures such as grammatical correctness, understandability, readability, and id-
iomatic word choices. Various methods have been proposed to measure the fluency
such as rating the sentence by human evaluators (judges) based on a scale, based
on syntactic structure[266]. Fluency Scale varies from 5-0 as follows: Flawless-(5),
Good-(4) Non-Native-(3) Not Fluent-(2) Incomprehensible-(1).

2. Adequacy This measure is used to examine the amount of information of source text
is contained in the translated target text[267][268]. Adequacy Scale: All meaning-
(5) Most meaning-(4) Much meaning-(3) Little meaning-(2) None-(1)

3. Fidelity It refers to the amount of information carried in the translated text in
comparison to reference translation[269][270].

4. Precision and Recall Assume that Y is machine translated output of MTS and X is
reference translation, whereas in the numerator we have the intersection of machine
translation and reference translation as in Eq.(1-2). The problem of this measure
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is to compute intersection. This measure is also used for other NLP task where
reference translation is given (such as summarization, Text generation)[271].

P
Y

X
=
|X ∩ Y |
|Y |

(6.1)

R
Y

X
=
|X ∩ Y |
|X|

(6.2)

5. Understandability It states that even if some translated text is completely correct,
it may not be understandable to some target user[272].

A.1.2 Automatic error evaluation

Automatic MT evaluation was formed to overcome the drawback of the manual method.
As the manual evaluation criteria incur high cost and time using subjective metrics. These
evaluation criteria deprive in repeatability and automatic tuning of MTS[74]. It evaluates
the quality of MTS by comparing the MT output with the reference translations. It’s
measured in terms of correlational scores[273] determined by fluency and adequacy of the
output. The different automatic evaluation metrics are listed in Table 6.1.
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Table 6.2: Library Used in the Research Work
Library Description
Numpy It is a python library used as multi-dimensional

arrays and matrices. It is used to write or arrange
data in tabular format.

Pandas It is an open-source python library used to handle
various datasets. Easy to handle missing values or
we can say Nan values in data. It can easily per-
form operations like insertion, deletion using pan-
das. Contains features like Automatic and explicit
data alignment. It is easy to assign labels or use
labelled values using pandas.

Sklearn It is the python library used for data mining and
data analysis. It is designed to make an inter-
operate with python libraries like NumPy, script,
matplotlib etc.

Tensor Flow Tensor flow is an open-source software python li-
brary used to design and build various deep learn-
ing models. It is also used for numerical compu-
tations using data flow graphs. These graphs con-
tain nodes which represent mathematical opera-
tions and edges that represent data that is com-
municated between edges.

KERAS Keras is a minimalist neural network library in
python. It contains various neural building blocks
like layers, optimizers, activation functions etc. It
is designed to make deep learning models faster
and easier as much as possible.

RNN It is a part of an artificial neural network which is
used for language models mostly language model
mainly consists of two folds. First one is arbitrary
sentences how they occur in reality which helps us
to measure grammatical and semantic correctness
the Second one is to generate a new text.

A.2 Web interface for Sanskrit- Hindi Hybrid Ma-
chine Translation System

A web-based application is developed for translating Sanskrit-Hindi using linguistic tools
and neural-based. Here is the demonstration of a web application for the translation of
Sanskrit to Hindi language using the hybrid approach.

1. In the first step, the user can view the HTML page of Sanskrit-Hindi Machine
Translation System.
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2. Type or paste Sanskrit sentence to be translated and click on submit.
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3. User can view the Sanskrit and Hindi translation in parallel window.

4. A ellobrate view of translation using Anusaaraka engine is shown at the bottom of
the page.

5. User will get the summary of the possible relations of the submitted sentences in
detailed view.

6. User can also view the dictionary meaning of words of the submitted sentence from
Amarakosha.
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7. User can also view the dictionary meaning of words of the submitted sentence from
Apte-dic.

8. User can also view the dictionary meaning of words of the submitted sentence from
Monier-William(MW-Dic).

9. Finally entire sentence can be viewed using parse tree corresponding to grammatical
categories.
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