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Relevance of the dissertation to the United

Nations Sustainable Development Goals (SDGSs)

Quality education of any language requires access to lexical
resources. The present thesis explores the possibility of alignment of more
than one lexical resoureces at the word sense level. This enriches the lexical
resources and is especially helpful in resource-starved languages like
Sanskrit. With availability of algorithm for semi-automatic linking of lexical
resources at word sense level, the word sense disambiguated corpus in any
language can be extended to any other language. Even though the research
was primarily focussed on Sanskrit dictionaries, the algorithm is language
agnostic, which makes it possible to link any two language pairs irrespective
of origin and destination languages.

The work also generated a concordance of synonyms in Sanskrit
language. It is extensible in future to multiple synonymic dictionaries. This
concordance will also provide the users with multiple words to express the
same concept. This may be extremely useful in case of poetry, where metrical
exigencies constrain the words that can be used. It also helps researchers to
understand the addition or deletion of some words from the vocabulary over a
period of time. It also provides a useful comparision about genders of specific
words.

The present thesis provides the tools for improvement and interlinking of

lexical resources of Sanskrit language particularly and of any language



generally. The researcher hopes that the availability of better lexical resources
will help improve the quality of education. The findings presented in the thesis

are generic in nature and can be extended to any language.
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Chapter 1 - Overview

1.1. Goal of thesis

Word sense alignment is a field of study in which lexical resources or
texts are aligned at the level of word sense rather than the word. The present
thesis tries to evaluate the possibility of mechanically aligning conventional
monolingual/bilingual Sanskrit lexica at the level of word sense
computationally. Sanskrit also has dictionaries of synonymous words (more
analogous to Thesauri). As the knowledge representation in this type of
dictionary is different from conventional dictionaries, a different methodology is
required to align such dictionaries. The present thesis also aims to create a
synonym set concordance for such dictionaries, namely Amarakosa (AMAR),
Abhidhanacintamani (ABCH), Abhidhanacintamaniparisista (ACPH),
Abhidhanacintamanisiloficha (ACS)) and Abhidhanacintamanisvopajiavrtti

(ACVH).

1.2. Types of Sanskrit Lexica

There are two types of lexical resources available in the majority of

Western languages, including English.

16



The first type is known as a dictionary, which has words of a given
language arranged in alphabetical order and enlists different meanings for the
same word. Merriam-Webster (2025) defines a ‘dictionary’ as ‘a reference
source in print or electronic form containing words usually alphabetically
arranged along with information about their forms, pronunciations, functions,
etymologies, meanings, and syntactic and idiomatic uses’.

The second lexical resource is known as a thesaurus. Merriam-Webster
(2025) defines a ‘thesaurus’ as ‘a book of words or of information about a
particular field or set of concepts. Especially: a book of words and their
synonyms’. A thesaurus has a collection of words based on some semantic
relationship, mostly a synonymic relationship. In a thesaurus, different words

connoting the same meaning are clubbed together at a place.

Sanskrit, an ancient Indian language, has been a medium of
transmission of knowledge in various fields of study for centuries. Compilation
of word lists in Sanskrit commenced at an early date, as it was found
necessary to access the old literature, such as Vedic literature, while the
language was undergoing some transformations with meaning shifts. The
lexical resources known as koSas were developed. They are of two types: (1)

Samanarthaka kosas and (2) Anekarthaka kosas.

1.2.1. Samanarthaka kosas

17



Samanarthaka kosas (synonymic dictionaries) list the synonyms together.
Synonymic dictionaries are systematic catalogues of words with the same
meaning (ekartha, samanartha) (Vogel 2015). The synonyms are arranged
following some theme, semantic criterion, or ontological classification scheme.
For example, in the most famous samanarthaka koSa viz. AmarakoS$a, the
words are arranged in three kandas and further within the kandas, the
headwords are arranged based on either semantic or ontological properties.

Important Samanarthaka koSas in Sanskrit literature are as follows
(Vogel 2015).

1. Vacaspati’s Sabdarnava (Unavailable)

2. Vyadi’s Utpalini (Unavailable)

3. Vikramaditya’s Samsaravarta (Unavailable)

4. Amarasimha’s Namalinganusasana

5. Halayudha’s Abhidhanaratnamala

6. Yadavaprakasa’s Vaijayantl (Both synonymic and homonymic)
7. Bhoja’s Namamalika

8. Rabhasapala’s Rabhasakosa (Both synonymic and homonymic)

9. Dhananjaya’s Namamala

10. Dhananjaya’s Paryayendusekhara
11. Purusottamadeva’s Trikandasesa
12. Purusottamadeva’s Haravali

13. Hemacandra’s Abhidhanacintamani
14. Hemacandra’s Nighantusesa

18



15. Sridharasena’s Vi$valocana or Muktavall (Both synonymic and

homonymic)

16. Padmanabhadatta’s  Bhuriprayoga  (Both  synonymic and
homonymic)

17. Vamanabhatta Bana’s Sabdaratnakara (Both synonymic and
homonymic)

18. Vamanabhatta Bana’s Sabdacandrika

19. Makarandadasa’s Paramanandiyanamamala (Both synonymic and
homonymic)

20. Harsakirti’s Saradiyakhyanamamala

21. Ripacandra’s Ripamafijarinamamala (Both synonymic and
homonymic)

22. Pundarika Vitthala’s Sighrabodhininamamala (Both synonymic and
homonymic)

23. Appaya Diksita’s Namasamgrahamala

24. Sahajakirti’s Siddhasabdarnava

25. Visvanatha’s Kosakalpataru (Both synonymic and homonymic)

26. Venidatta’s Pancatattvaprakasa

27. Miramirasuta’s Asalatiprakasa

28. Kesava’s Kalpadrukosa

29. Mathuresa’s Sabdaratnavall (Both synonymic and homonymic)
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1.2.2. Anekarthaka kosas

Anekarthaka kosas list different meanings of a given word. The words
may or may not have any alphabetic arrangement. Both kinds of kosas were
meant to be memorised, applied to texts, and cited as and when the usage of
the said word in the literature was to be justified in a commentary. Therefore,
the kosas were almost invariably in a verse form. Vogel (2015) has given a
comprehensive coverage of these Sanskrit koSas and commentarial literature
thereon.

Important Anekarthaka kos$as in Sanskrit literature are as follows (Vogel
2015)

1. Sasvata’s Anekarthasamuccaya

2. Mahaksapanaka’s Anekarthadhvanimafjarl

3. Yadavaprakasa’s Vaijayantl (Both synonymic and homonymic)
4. Rabhasapala’s Rabhasakosa (Both synonymic and homonymic)
5. Ajayapala’s Nanarthasamgraha

6. Dharanidasa’s Anekarthasara

7. Mahes$vara’s Visvaprakasa

8. Purusottamadeva’s Ekaksarakosa

9. Purusottamadeva’s Dvirtupakosa

10. Mankha’s Anekarthakosa

11. Hemacandra’s Anekarthasamgraha

12. Kesavasvamin’s Nanartharnavasamksepa
13. Medinikara’s Nanarthasabdakosa

20



14.

15.

16.
17.

18.

19.

20.
21.

22.

23.

24,
25.
26.

27.

1.2.3. Sanskrit-Sanskrit dictionaries structured on Western principles

homonymic)

homonymic)

homonymic)

homonymic)

homonymic)

homonymic)

Sridharasena’s Vi$valocana or Muktavall (Both synonymic and
Padmanabhadatta’s  Bhuriprayoga  (Both  synonymic and
Irugapa’s Nanartharatnamala

Raghava’s Nanarthamanjaril

Vamanabhatta Bana’s Sabdaratnakara (Both synonymic and
Makarandadasa’s Paramanandiyanamamala (Both synonymic and
Harsakirti’s Anekarthanamamala

Harsakirti’s Sabdanekartha

Ripacandra’s Rupamanjarinamamala (Both synonymic and
Pundarika Vitthala’s Sighrabodhininamamala (Both synonymic and
Visvanatha’s Kosakalpataru (Both synonymic and homonymic)
Mathuresa’s Sabdaratnavali (Both synonymic and homonymic)
Sahaji’s Sabdaratnasamanvaya

Sahaji’s Sabdarthasamgraha
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Because of the influence of Western lexicography, a few Sanskrit-
Sanskrit dictionaries like Vacaspatyam and Sabdakalpadruma were also
compiled on the lines with the Western methodology of arranging headwords
alphabetically and in prose form. Both these dictionaries cite various previous
kosas which had been available to the editors of these dictionaries at the
relevant time. Several bilingual Sanskrit dictionaries, such as Sanskrit-
English, Sanskrit-French, and Sanskrit-German, were compiled starting from

the early 19th century.

1.2.4. Digital Sanskrit Lexical Resources

Almost all of the major dictionaries that are free from copyright are
available on the Cologne Digital Sanskrit Dictionaries website (CDSD, 2023).
This digitised data has various levels of markup. Some dictionaries are
extensively marked up to identify various senses of a given word mechanically.
Whereas some of the dictionaries, like Vacaspatyam and Sabdakalpadruma,
are not marked up properly. Therefore, it is not possible to mechanically use

these two dictionaries without spending a huge time improving the markup.
In recent years, Huet (2019) has developed a digital Sanskrit-French

dictionary where the lexical items are directly linked to the inflectional and

derivational morphology.
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A list of Sanskrit lexical resources available at CDSD is placed below,

along with the year of their publication.

Sanskrit-English Dictionaries

ID date Dictionary

WIL 1832 Wilson Sanskrit-English Dictionary

YAT 1846 Yates Sanskrit-English Dictionary

GST 1856 Goldstucker Sanskrit-English Dictionary
BEN 1866 Benfey Sanskrit-English Dictionary

MW?72 1872 Monier-Williams Sanskrit-English Dictionary

LAN 1884 Lanman's Sanskrit Reader Vocabulary

LRV 1889 Vaidya Sanskrit-English Dictionary

AP90 1890 Apte Practical Sanskrit-English Dictionary
CAE 1891 Cappeller Sanskrit-English Dictionary

MD 1893 Macdonell Sanskrit-English Dictionary

MW 1899 Monier-Williams Sanskrit-English Dictionary
SHS 1900 Shabda-Sagara Sanskrit-English Dictionary

Practical Sanskrit-English Dictionary, revised

AP 1957 edition

PD 1976

An Encyclopaedic Dictionary of Sanskrit on
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Historical Principles

English-Sanskrit Dictionaries

MWE 1851 Monier-Williams English-Sanskrit Dictionary
BOR 1877 Borooah English-Sanskrit Dictionary
AE 1920 Apte Student's English-Sanskrit Dictionary

Sanskrit-French Dictionaries

BUR

1866

Burnouf Dictionnaire Sanscrit-Francais

STC

1932

Stchoupak Dictionnaire Sanscrit-Francais

Sanskrit-German Dictionaries

Bohtlingk and Roth Grofles Petersburger
PWG 1855 Worterbuch
GRA 1873 Grassmann Worterbuch zum Rig Veda

Bohtlingk Sanskrit-Worterbuch in kurzerer
PW 1879 Fassung
CCS 1887 Cappeller Sanskrit Worterbuch
SCH 1928 Schmidt Nachtrage zum Sanskrit-Worterbuch

Sanskrit-Latin Dictionaries

BOP

1847

Bopp Glossarium Sanscritum

Sanskrit-Sanskrit Dictionaries

VCP

1873

Vacaspatyam

24




SKD 1886 Sabdakalpadruma

ARMH 1861 Abhidhanaratnamala of Halayudha

ABCH 1896 Abhidhanacintamani of Hemacandra

ACPH 1896 Abhidhanacintamaniparisista of Hemacandra

ACS] 1896 Abhidhanacintamanisiloficha of Jinadeva

Out of these dictionaries, PD is digitised, but not available publicly

because of copyright restrictions.

1.3. Motivation

Some of these dictionaries, in addition to providing the meaning of
Sanskrit words in the target language, also provide citations from Sanskrit
texts. The citations in different dictionaries vary. These citations play an
important role in understanding the context in which the sense is being used.
Aligning the senses of different dictionaries would provide us with more than
one example sentence for each sense to understand the context and the

semantic criterion that decides the sense of the word in a given usage.

Further, with the availability of word embeddings for words in several

languages, such as Hindi, English, French, German, etc., if the senses in
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Sanskrit bilingual dictionaries are aligned, one can take advantage of the
existing modelling of the world knowledge and the domain knowledge of other
languages to disambiguate Sanskrit words. Such sense mapping would be
useful in the Machine Translation system, for Information Retrieval, and even
for a casual learner of the Sanskrit language. This motivated us to look at the
problem of aligning various Sanskrit bilingual dictionaries according to the

Senses.

In what follows, we first explain the word sense alignment problem and
the challenges therein. This is followed by the discussion on the methodology
followed for automatic sense alignment. Thereafter, we discuss the sense
alignment between the Sanskrit-English and Sanskrit-Hindi dictionaries by
Apte. The results of the alignment algorithms are further extended to other

pairs of dictionaries. Finally, we discuss other possible ways of alignment.

As far as Samanarthaka ko$as are concerned, their alignment would
allow us to find out an extensive list of words used to depict a concept. It
would be particularly useful to choose a word from a given synset that
satisfies given constraints, for example, fitting a metrical exigency. The
acquisition of new words in the synset over a period of time would provide a
fertile ground for research. The differences of gender and spelling across

lexica would also be an interesting research topic.
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Chapter 2

Word Sense Alignment Problem

2.1. Lexical Ambiguity

Lexical ambiguity refers to words that share the same orthography but
have different meanings (word senses) (Stokoe 2005). It can be subdivided

into two distinct types, homonymy and polysemy.

2.2. Homonymy

Homonymy describes when two senses of a given word (or derivation)
are distinct. Typically, they are separated by etymology and are therefore
entirely unrelated in meaning. One classic example (Kilgarriff, 1992) is ‘bat’ as
in an airborne mammal (from the Middle English word ‘bakke’ meaning flying
rodent) vs. ‘bat’ as in an instrument used in the game of cricket (from the
Celtic for stick or cudgel). There is no underlying relationship between these
two meanings, which have come about independently from different root

languages (Stokoe 2005). In Sanskrit language, an example is the headword
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“aka (31®)”. It has two meanings (1) 3® from the suffix 3dg and (2) A-&;

unhappiness, pain, trouble.

2.3. Polysemy

Polysemy describes where two senses of a word are related in that they share
membership of a subsuming semantic classification (Stokoe 2005). Consider
the word ‘mouth’ as in a part of the body vs. ‘mouth’ as in the outlet of a river.
Both meanings are subsumed by a higher concept (in this case, they both

describe an opening).

2.4. Word senses and granularity of
dictionaries

Homonymy and polysemy are differentiated in most dictionaries by the
major (homonyms) and minor (polysemes) entries for a given word. Where a
lexical resource is described in terms of granularity, a coarse-grained
approach only differentiates between homonymy, whereas a fine-grained

approach also considers polysemy. (Stokoe 2005)

Invariably, in every language, some words may have more than one

meaning. Zipf (1949) even put forth a hypothesis that a word’s polysemy is
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proportional to the square root of its frequency (Kuiper 2016). Dictionaries
vary widely in their choices of meanings. Words have a wide variety of shades
of meaning. It is not at all clear when a sense of the word should be treated as
a separate meaning in a dictionary and when it should be subsumed within an
already existing meaning. Kilgarriff (2006) mentions that there are no decisive
ways of identifying where one sense of a word ends and the next

begins. Therefore, this work is mostly left to the discretion of the
lexicographer.

Modern dictionaries are compiled on the basis of evidence from
language corpora (Kilgarriff 2006), based on Key Word In Context (KWIC). But
it is not possible to apply this thought process in retrospect.

The goal of the lexicographer is to present a full account of the words of
a language, in all their meanings and patterns of use (Kilgarriff 2006). In
commercial life, the goal is always compromised by practical considerations
such as the market that the dictionary is aimed at, its size, its editorial stance,
and the speed with which it must be prepared.

Even in the case of dictionaries from the same lexicographer, the
intended audience, printing, or economic considerations may force the
lexicographer to deal with granularity in different ways across different

dictionaries.
Thus, the word sense mapping between dictionaries will not always be a
one-to-one mapping. Kouvara et al. (2021) suggested that there are four

possibilities for two senses in different dictionaries. One-one, One-many,
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many-one and many-many, which they term as perfect, wider-than, narrower-

than and partial, respectively.

Some lexical resources have a special purpose, and do not cover all the
headwords in the given language, e.g. English WordNet is designed to
enumerate various senses of common English words. Its focus is on

delineating word senses and not much on coverage of all the words.

Difference in the granularity of word senses across lexical resources can
be seen from the following dictionary entries for the word “akupara” from
Monier-Williams (MW) dictionary and Apte’s dictionary (AP). The entries are

stripped of the gender and literary resource citations.

MW ID MW Definition AP ID AP Definition
MW1 Unbounded. APl Resulting in good, having a
good issue.
MW?2 The sea. AP2 Unlimited, unbounded.
MW3 Tortoise, the mythical AP3 The sea, the receptacle of
tortoise that upholds the waters.
world.
MW4 Name of a man. AP4 The sun.

30



MW5 Name of an Aditya. AP5 A tortoise in general.

AP6 King of tortoises sustaining

the world.

AP7 A stone or rock.

It can be seen that AP1 and AP7 do not have any matching sense in MW. MW3
has been split into two senses, AP5 and AP6. MW4 does not find a matching
entry in AP. MW5 thinks that this word means only the name of a specific
Aditya, whereas AP4 thinks that this word means “The sun” in general. If we
want to align these two lexical resources at the word sense level, we may need
to take care of cases of one-to-one, one-to-many, many-to-one and many-to-

many mappings.

2.5. Word Sense Disambiguation

Word Sense Disambiguation (WSD) is a field of Natural Language
Processing (NLP) that is devoted to disambiguating the meaning of
polysemous or homonymous words in a given specific context. Human beings
use a lot of real-world knowledge to achieve this feat, without even realising
that they are doing it. A human being will be able to easily identify the
meaning of the word “bank” as a financial institution in the sentence “Bank

refused to give him a loan” and as a geographical feature in the sentence “My
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village is on the Northern bank of the river Ganga.” Whereas, the
computational systems require explicit real-world information or other
features like the occurrence of the word ‘loan’ with a financial institution and
‘river’ with the geographical feature.

Bevilacqua et al. (2021) have provided a summary of various recent
trends in the field of WSD. Resources for WSD include (1) Sense Inventories
and (2) Sense Annotated Data.

Sense inventories enumerate the set of possible senses for a given
lexeme (<lemma, part of speech> pair). Most popular sense inventories are
Princeton Wordnet (Miller et al., 1990), BabelNet (Navigli and Ponzetto, 2012)
and Wiktionary.!. WordNets have been extended to various Indian languages
like IndoWordNet (Bhattacharya, 2010), Hindi WordNet (Narayan and
Bhattacharyya, 2002), Sanskrit WordNet (Kulkarni et al., 2010), etc.

Sense Annotated Data include SemCor (Miller et al., 1993), English
Princeton Wordnet Gloss Corpus (WNG)?, and some improvements thereon.

The approaches to WSD have been classified as follows by Bevilacqua et
al. (2021).

1 Knowledge-Based WSD
They use computational lexicons such as WordNet or BabelNet, etc.
2 Supervised WSD

They are neural network-based models. They are of the following

types.

! https://en.wiktionary.org/

2 https://wordnetcode.princeton.edu/glosstag.shtml

32


https://en.wiktionary.org/
https://wordnetcode.princeton.edu/glosstag.shtml

2.1 Purely Data-Driven WSD
2.2 Supervised models exploiting glosses
2.3 Supervised models exploiting relations in a knowledge graph

2.4 Supervised approaches using different sources of knowledge.

Currently, the Supervised WSD have outperformed Knowledge-based
WSD, but knowledge bases remain useful because many supervised methods
are effectively hybridised with knowledge-based methods (Bevilacqua et al.,
2021). Bevilacqua et al. (2021) also provide an evaluation of the performance

of various approaches to the WSD problem.

It is quite possible that the machine translation may not be able to
correctly disambiguate the meaning, especially if the context is not clear or
the given information is not associated with any specific words, or the words
are used metaphorically. Even then, WSD continues to improve day by day.
Knowledge-based methods such as SyntagRank (Scozzafava et al., 2020) give
around 71.7 F-score, whereas the best performance is obtained by ESCHER
(Barba et al., 2021), which gives an F-score of around 80.7.

Currently freely available translators like Google Translate can
disambiguate common sentences and provide correct translations with
reasonable accuracy from a layman’s routine requirements. Sanskrit is a low-
resource language as far as NLP resources are concerned. Pradeep et al.
(2024) evaluated the performance of Google Translate on Bhagavadgita from a

WSD perspective. Out of erroneous outputs, errors due to polysemous words
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were 139, errors due to knowledge-sensitive words were 40, errors due to
compounding were 12 and 25 were incorrect outputs. A total of 700 verses
were put under analysis in this experiment. Even in a complex language like
Sanskrit, Google Translate has been able to translate 484 verses (69.14%)
fully well. With the improvement in machine translation algorithms and the

availability of training data, the accuracy will keep on improving further.

WSD is an important task for several NLP applications such as Machine
Translation, Information Retrieval, Question Answering, Summarisation, and
so on. At the same time, it is one of the most difficult problems in the field of
Natural Language Processing (NLP). It is considered as being an Al-complete
problem (Agirre and Edmonds, 2007). The difficulties arise due to a poor
understanding of the process involved. Various factors, such as linguistic,
contextual, domain-specific, cultural, and world knowledge, contribute to the
process of manual word sense disambiguation. In the case of resource-rich
languages such as English, there are several lexical resources with varied
granularity, such as WordNet (Miller, 1995), FrameNet (Baker et al., 1998),
ConceptNet (Speer et al., 2017), VerbNet (Schuler, 2005), etc., and sense-
tagged corpora available in digital media. This resulted in several efforts
aiming at the alignment of such resources known as Word Sense Aligned
(WSA) resources. The development of Euro-WordNet (Vossen, 1998) and Indo-
WordNet (Bhattacharyya, 2010) is also a step towards generating Word sense-
aligned lexical resources so that the sense-tagged corpus in one language can

become available in another with minimum effort.
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In the present thesis, we are not involved in the problem of Word Sense

Disambiguation per se. Therefore, we will not delve further into this topic.

2.6. Word Sense Alignment

Word sense alignment, also known as sense linking, sense alignment or
sense mapping, matches two senses of the same word from two lexical
resources. Manual compilation of dictionaries is nevertheless a costly and
time-consuming activity, which has led to efforts towards developing methods
for (semi-)automating the process (Sauri et al., 2019). There are two ways that
this goal can be achieved.

1. Lexical translation - Automatically creating new bilingual dictionaries, a
task that touches upon the area known as lexical translation, concerning
systems able to return translations of words or phrases.

2. Enriching existing bilingual dictionary information with additional data
available from other lexical resources (e.g., sense definitions,
grammatical notes, domain information, etc.). This second task has to do
with the area referred to as word sense linking (aka sense alignment,

sense mapping or sense matching).
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In our work, we are primarily interested in the second method. In recent
years, Word Sense Alignment has gained importance. Languages with low
resources would like to take advantage of the resources available in resource-
rich languages by aligning their resources to those of the rich languages. For
example, Salgado et al. (2020) describe the challenges of word sense
alignment of Portuguese Language Resources. Joshi et al. (2012) present a
heuristic approach to link English and Hindi WordNets by linking their senses.
Two closely related Czech lexical resources VALLEX® and PDT-VALLEX* were
aligned fully automatically (Bejcek et al., 2014). Johansson and Pina (2015)
used word sense embeddings to automatically link the Swedish language

banks.

During his post-doctoral fellowship in 2012 at INRIA, Pawan Goyal
aligned the Sanskrit Heritage dictionary with an XML version of Monier-
Williams available at CDSD (Goyal et al., 2012). Goyal used the online Google
Translate to translate the French entries into English and then aligned them
with the entries in Monnier Williams’ Sanskrit-English dictionary, by manually
aligning the entries wherever there were ambiguities/multiple choices
available. The alignment process is incremental and thus may be iterated on

successive versions of the Sanskrit Heritage dictionary.

3 http://ufal.mff.cuni.cz/vallex/2.6/

4 http://lindat.mff.cuni.cz/services/PDT-Vallex/
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2.7 Use case for Word Sense Alignment

With an increasing amount of word-sense disambiguated data being
available, there is another aspect that would require closer scrutiny. Once a
word's meaning has been disambiguated in the given context, only the said
meaning from the myriads of meanings of that word can be shown to the user
to help him understand the text. Once we have tagged those meaning
numbers in a lexical resource, let us say WordNet, we have a text that has
been tagged with word meanings from a lexical resource. If we can find a way
to link various lexical resources at the word sense level, it would be a great
help to the user. It will also help us to extend the user base to new languages.
If we can link the Sanskrit-English dictionary with the Sanskrit-French
dictionary at a word sense level rather than word level, we can take advantage
of the WSD done with the help of the Sanskrit-English dictionary, and port it to
the Sanskrit-French dictionary too. This process can be extended ad infinitum
and hence improve the user experience. For example, I would like to see only
the meaning ‘financial institution’ when I click on the word ‘bank’ in ‘Bank
refused to give him a loan’. I would not like to be cluttered by 18 meanings of
the word bank. If we can find out a more or less language-agnostic way of
automatically or semi-automatically aligning lexical resources at the word
sense level, this advantage can be extended to many language pairs.

Sauri et al. (2019) also suggest an interesting use case. By taking the

monolingual dictionary as the pivot to which several bilinguals are linked at
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the sense level, we expect to be able to automate the creation of bilingual

dictionaries involving language pairs not covered by the original bilinguals.

2.8. Challenges in Word Sense Alignment

The conceptual space is a continuum that is divided into discrete units
by the lexicon of a language. Since the lexicon is denumerably finite, a word

represents a piece of continuous conceptual space and not a discrete point.

This sometimes leads to one word representing a spectrum of meanings.
Such words are termed polysemous words. Sometimes, more than one lexical

unit produces the same word form. Such word forms are called homonyms.

Among the homonymous and polysemous meanings, typically, the
homonyms are provided with different headword entries, while the

polysemous meanings are clubbed under a single headword.

Within polysemous meanings, the granularity is decided by the
lexicographer. Deciding the granularity of the meaning is not trivial. It is not
at all clear when a sense of the word should be treated as a separate meaning

and when it should be subsumed within an already existing meaning.

Further deciding between polysemy and homonymy is subjective due to

the fuzzy boundary between them.
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Another factor worth noting is the inclusion of metaphoric meanings in
the dictionary. Indian tradition discusses three types of meanings, viz. abhidha
(literal), laksana (metaphoric or secondary) and vyanjana (suggestive). While it
is impossible to provide the suggestive meanings, which are subjective in
nature and also depend on the context, the lexicographers do consider the

secondary or metaphoric meanings for inclusion in the dictionaries.

Even in the case of dictionaries from the same lexicographer, the intended
audience, printing, or economic considerations may force the lexicographer to
deal with sense granularity in different ways across different dictionaries.
Therefore, the choice of sense granularity is mostly left to the discretion of the
lexicographer, as has been observed through various lexical resources.
Because of these reasons, the word sense mapping between different lexical

resources is not trivial.

2.9. Problem Statement

“To find out a methodology by which lexical resources can be aligned at
word sense level computationally with some scoring mechanism so that the

allocation of scarce human resources can be done more efficiently”.

In the next section, we shall discuss the methodology adopted by us in

this research.
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Chapter 3

Methodology

3.1. Difficulty for resource-starved languages

Manually aligning lexical resources at the word sense level is a very
laborious task. It would also require the person to be well-versed in two
languages, e.g. aligning a Sanskrit-English and a Sanskrit-Hindi dictionary
would require the person to know at least English and Hindi, and preferably
Sanskrit too. For a resource-starved language like Sanskrit, this may be very

costly and time-consuming.

The present work focuses on finding out the similarity between different
meanings of a given word and presents the human annotator with a similarity
score or a confidence score, so that the annotator may devote more time to
the places where the machine performs with a low confidence level. We also
aim at finding a more or less language-agnostic way of automatically or semi-
automatically aligning lexical resources at the word sense level so that it can

be extended to other language pairs.
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For any mechanical mapping between entries from two dictionaries to
be successful, either both target languages need to be the same or a model
trained on both languages to identify similar concepts across both languages
is needed. The first approach is simpler. Because of the advancement in
machine translation technologies and publicly available resources such as
Google Translate®, it has become possible to translate various texts from one
language to another. Thus, in the absence of models trained in two different
languages, one can still use Google Translate to identify similar concepts

across languages.

3.2. Existing algorithms

The task of finding out the similarity between two documents (in our
case, the meaning of the word for a given sense) is a common theme in
information retrieval (IR), topic modelling, ontology matching, etc. There are

various algorithms that have already been tested for the same.

Bar et al. (2012) have enumerated various similarity measures in their

paper. A brief description of these similarity measures is as follows.

5 https://translate.google.com/ accessed on 20 September 2023

41



3.2.1. Content Similarity Measures

These similarity measures depend on the content of the texts to identify
the similarity between two sets of texts. They are primarily of three types: (1)
Pure Text Similarity Measures, (2) Semantic Similarity Measures and (3)

Statistical Similarity Measures.

3.2.1.1. Text Similarity Measures

Text similarity measures are computational techniques designed to
quantify the degree of likeness between two text segments. They operate
primarily on surface-level features such as exact character matches, token
overlaps, and structural alignments, etc. These measures are particularly
useful in identifying verbatim copying, minor paraphrasing, or typographical
variations. They often serve as the foundational layer in plagiarism detection,

duplicate content identification, and near-duplicate retrieval systems.

3.2.1.1.1. Longest Common Substring

The Longest Common Substring (LCS) method identifies the longest
contiguous sequence of characters present in both texts. For example, in the
sentences “The quick brown fox jumps” and “A quick brown fox ran,” the LCS
is “quick brown fox.” This method is highly effective in detecting direct,

unaltered copying, as it is sensitive to continuous sequences of matching text.
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However, it performs poorly when substantial reordering or insertion of

unrelated text breaks the contiguous match.

3.2.1.1.2. Longest Common Subsequence

The Longest Common Subsequence approach measures similarity based
on the longest ordered sequence of tokens or characters that appears in both
texts, allowing for gaps. Unlike the Longest Common Substring, it does not
require the matches to be contiguous, making it more tolerant of insertions
and deletions. For instance, in “The brown fox jumps” and “The fox quickly
jumps,” the subsequence “The fox jumps” would be identified, even though an

extra word appears in one version.

3.2.1.1.3. Greedy String Tiling

Greedy String Tiling (Wise, 1996) is an algorithm that matches identical
substrings above a certain minimum length, ensuring that no part of the text
is matched more than once. It works by repeatedly finding the largest possible
match and “tiling” it, then continuing with the remaining unmatched
segments. This approach is effective for detecting scattered matching phrases
across texts, making it particularly suitable for plagiarism cases where copied
material is fragmented or reordered. For example, given sequences A =
“abcde123fghij” and B = “xyzabc123klm”, with a minimum match length of

3, the Greedy String Tiling algorithm first identifies the longest common

43



substrings "abc" and "123", tiles them, and then terminates when no further

matches above the threshold remain.

3.2.1.1.4. Jaro

The Jaro similarity metric (Jaro, 1989) measures the similarity between
two strings by considering the number of matching characters and the
number of transpositions required to align them. It is well-suited for short
strings, such as names or titles, where minor typographical errors are

common. Jaro metric is calculated as

1
3

m m m-—t
T T

[sil s o

Where m is the number of matching characters. ¢ is the number of
transpositions. For example, in strings "KARTHIK" and "KATRHIK", the
number of matching characters m = 7 and the number of transpositions ¢ =1,

the length of S7 and S2 are 7, giving a similarity score of 0.952.

3.2.1.1.5. Jaro-Winkler

The Jaro—-Winkler metric (Winkler, 1990) extends the Jaro similarity by
giving additional weight to matches that occur at the beginning of the strings.
This makes it especially useful in situations where common prefixes are
meaningful, such as in proper names or technical terms. Jaro-Winkler

similarity is defined as:
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JW=]+(&xpx(1-)))
where:
e ] is the Jaro similarity,
e ¢ is the length of the common prefix (maximum of 4),
e pis a constant scaling factor (typically 0.1).

Example:
For the strings "KARTHIK" and "KATRHIK", the Jaro similarity J=0.952 and the

common prefix length £=2. Using p=0.1, the Jaro-Winkler similarity is:

JW=0.952 + (2 x 0.1 x (1-0.952)) =0.962

3.2.1.1.6. Monge-Elkan

The Monge-Elkan method (Monge and Elkan, 1997) compares two multi-
token strings by finding, for each token in the first string, the most similar
token in the second string and averaging these best-match scores. It is
particularly effective in matching records or phrases where word order may
vary, as in “City of New York” and “New York City.” This flexibility allows it to

handle partial reordering without a significant loss of similarity score.

3.2.1.1.7. Levenshtein

The Levenshtein distance (Levenshtein, 1966) calculates the minimum

number of single-character insertions, deletions, or substitutions required to
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transform one string into another. For example, transforming “kitten” into

”

“sitting” requires three edits: substitute “k” with “s,” substitute “e” with “i,”

" ”

and insert “g” at the end. The measure is widely used for detecting

typographical errors, approximate matches, and simple paraphrasing.

3.2.1.1.8. Term Frequency-Inverse Document Frequency (TF-IDF)

The TF-IDF approach represents each document as a weighted vector of
term frequencies, where rare terms are assigned higher weights than common
terms. The similarity between two documents is typically computed using
cosine similarity between these vectors. For instance, in a corpus where “tree”
is rare but “money” is common, a match on “tree” contributes more to the

similarity score. This method is effective for topic-based similarity detection.

3.2.1.1.9. Word n-grams

Word n-grams are contiguous sequences of n words extracted from a
text. Similarity is computed based on the proportion of overlapping n-grams
between two documents. For example, using trigrams (n = 3), the phrase “The
quick brown fox jumps” produces “The quick brown”, “quick brown fox”,
“brown fox jumps” as tri-grams. Overlap in n-grams can indicate shared

phrasing, making this method sensitive to word order changes.
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3.2.1.1.10. Jaccard Coefficient

The Jaccard Coefficient measures similarity between two sets as the size
of their intersection divided by the size of their union. In text analysis, the sets
often consist of tokens, n-grams, or shingles. For example, the sets {cat, sat}
and {cat, sat, mat, hat} have a Jaccard coefficient of 0.5. This metric is simple

but ignores token order and frequency.

3.2.1.1.11. Character n-gram Profiles

Character n-gram profiles represent a text as a sequence of n-character
units, often including boundary markers. For example, for n = 3, “superb”
yields “sup”, “upe”, “per” and “erb”. This method is robust to minor spelling

variations and typographical errors, as small changes affect only a subset of n-

grams.

3.2.1.2. Semantic Similarity Measures

Semantic similarity measures evaluate the likeness between texts based
on meaning rather than surface form, often leveraging lexical databases or
semantic networks. They are capable of detecting paraphrases, synonyms, and
conceptually related terms that share little or no lexical overlap. These
methods are particularly valuable in contexts where different wording is used

to convey the same or related concepts.
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3.2.1.2.1. Jiang and Conrath

The Jiang and Conrath measure (1997) combines information content
with path length in a semantic taxonomy such as WordNet. This approach

balances hierarchical relationships and corpus-based frequency statistics.
dist oy €y, ¢,)=IC( ¢y |+ IC[cy) =2 X IC[LCS ¢, ¢, |

1
distJCN(c1 )Gy

sirnJCN(cl,cz):
where,
e |C(x)=—log(p(x)) is the information content of concept x,
e p(x) is the probability of encountering x in a corpus,

e LCS(cl,c2) is their lowest common subsumer in the taxonomy.

For explanation of the concept, we will take the following input data. “eagle”
and “sparrow” have a common ancestor “bird”, and based on occurrence of
these words in the corpus, the IC(sparrow) = 9.12, IC(eagle) = 7.35 and IC(bird)

= 5.23.

In this case,
dist .y | sparrow , eagle|=1C|sparrow |+ IC|eagle| — 2 x IC (LCS |sparrow , eagle ])
= dist ., |sparrow ,eagle|=1C |sparrow|+1C|eagle| - 2 x IC|bird |

=9.12 +7.35-2x5.23

= 6.01
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The semantic distance between a sparrow and an eagle is 6.01. If you

were to run this same math comparing a sparrow and a robin (which has a
lower IC closer to sparrow), the total distance would drop significantly,

showcasing a tighter semantic cluster.

3.2.1.2.2. Lin

Lin’s similarity measure (1998) is an information-theoretic approach that
normalises the shared information between two concepts by the total
information content of the concepts. It yields a value between 0 and 1, with
higher values indicating greater similarity. This normalisation allows for more

intuitive comparisons across different concept pairs.

The Lin similarity between two concepts cl and c2 in a taxonomy is

defined as:

2xIC(LCS|c,,c,||
IC(C1)+IC(C2)

SimLin(cl’C2):

where:
e |C(x)=—log(p(x)) is the information content of concept x,
e p(x) is the probability of encountering x in a corpus,
e LCS(cl,c2) is the lowest common subsumer of cl and c2.

For the same eagle, sparrow and bird example,
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2 x IC|bird|
IC|sparrow |+ IC|eagle|

sim,, (sparrow ,eagle|=

= {2X5.23}/{9.12+7.35} = 0.6351 = 63.51%

The concepts share a similarity of 63.51%. The score is high because a major

portion of their total meaning is bound up in their shared "bird-ness."

3.2.1.2.3. Resnik

Resnik’s measure (1995) defines the similarity of two concepts as the

information content of their lowest common subsumer in a taxonomy.
simResmk(cl,c2)=IC(LCS(cl,CZ))

where:

e |IC(x)=—log(p(x)) is the information content of concept x,

* p(x) is the probability of encountering x in a corpus,

e LCS(cl,c2) is the lowest common subsumer of c1 and c2.
For our example,
Sim ., | Sparrow , eagle|=IC | LCS|sparrow , eagle |

= IC(bird) = 5.23

3.2.1.3. Statistical Techniques
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3.2.1.3.1. Latent Semantic Analysis (LSA)

Latent Semantic Analysis (Landauer et al., 1998) models texts in a
reduced latent space derived from a term-document matrix via singular value
decomposition (SVD), capturing higher-order co-occurrence structure that
correlates with conceptual similarity beyond surface word overlap. Concretely,
after weighting (e.g., tf-idf) and decomposing the matrix, documents and
terms are compared in the truncated Adimensional space, where cosine
similarity between projected vectors reflects their proximity along latent
topics. For example, a document about “interest rates” and another about
“monetary policy” can be judged similar even with minimal shared vocabulary,
because both load heavily on the same latent financial/economic dimensions.
LSA is data-efficient for moderate corpora and robust to synonymy and
polysemy, but its linearity and global factors can blur domain-specific

nuances; careful choice of k£ and weighting is therefore essential.

3.2.1.3.2. Explicit Semantic Analysis (ESA).

Explicit Semantic Analysis (Gabrilovich and Markovitch, 2007)
represents a text as a high-dimensional sparse vector over interpretable
knowledge concepts (typically Wikipedia pages), where each dimension’s
weight reflects the text’s association with that concept based on term-concept
indexing. Similarity is then computed—usually via cosine—between two
concept vectors, enabling comparisons that leverage world knowledge rather

than raw lexical overlap. For instance, a snippet on “immune cells targeting
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pathogens” and another on “Ilymphocytes combating infections” align
strongly on concepts like “Adaptive immune system,” yielding high similarity
despite paraphrasing. ESA’s interpretability and coverage of encyclopaedic
knowledge make it effective for cross-domain comparisons, though
performance depends on the quality and recency of the underlying knowledge

base and the disambiguation of ambiguous terms.

3.2.2. Structural Similarity Measures

Structural similarity measures evaluate the degree of likeness between
texts by comparing their structural or syntactic organisation rather than solely
their lexical or semantic content. This approach is particularly effective when
authors preserve the overall framework of a source while changing specific

words or phrases, such as in disguised plagiarism.

3.2.2.1. Stopword n-grams.

Stopword n-gram similarity examines the sequence patterns of function
words—such as “the,” “and,” “of”—that are often ignored in content-based
similarity but can reveal shared structural and syntactic habits between texts.
In this approach, contiguous sequences of n stopwords are extracted from
both texts, and overlap is computed using measures such as Jaccard similarity.
Because stopwords are less domain-specific and more stable across
paraphrasing, this method is particularly useful in plagiarism detection or

authorial style analysis. For example, two sentences— “She went to the
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market to buy vegetables” and “They went to the store to purchase fruits”—
share the stopword bigram “to the,” which contributes to their structural

resemblance despite differing in lexical content.

3.2.2.2. Part-of-speech n-grams.

Part-of-speech (POS) n-gram similarity captures recurring grammatical
patterns by replacing each token with its POS tag (e.g., NN for noun, VB for
verb, JJ for adjective) and then extracting sequences of n tags. This abstracts
away from the specific words, focusing instead on the syntactic skeleton of the
text. The method can reveal stylistic or genre-specific patterns, such as
frequent “adjective-noun” bigrams in descriptive writing or “noun-verb”
bigrams in instructional texts. For instance, the sentences “The quick fox
jumped” and “A clever boy ran” share the same POS structure “JJ] NN VB”,

which signals structural similarity despite no lexical overlap.

3.2.2.3. Pair order.

Pair order similarity assesses whether the relative ordering of particular
word pairs is preserved across two texts, regardless of the words appearing
consecutively or with intervening terms. By examining ordered pairs of
content words, it detects structural alignment in the sequencing of ideas. For
example, if both a source and a suspicious document mention “Paris” before
“France” and “France” before “Europe,” the preserved ordering of these pairs

increases their structural similarity score. This measure is less sensitive to

53



small insertions or deletions, making it useful for identifying paraphrased

passages where the narrative sequence remains intact.

3.2.3. Stylistic Similarity Measures

3.2.3.1. Type-Token Ratio (TTR).

The Type-Token Ratio is a measure of lexical diversity, calculated as the
number of distinct word types divided by the total number of word tokens in a
text. A higher TTR indicates richer vocabulary use, whereas a lower value
suggests repetition or limited lexical variation. For example, in “The cat
chased the dog,” there are 5 distinct words out of 6 total tokens, giving a TTR
of 5/6=0.83. TTR is sensitive to text length, as shorter texts tend to yield
artificially high values; nonetheless, it is useful for characterising stylistic
tendencies, such as differentiating between academic prose (often high lexical

diversity) and procedural instructions (often lower diversity).

3.2.3.2. Sequential TTR.

Sequential TTR mitigates the text-length bias of traditional TTR by
computing the ratio incrementally over sequential segments of equal length
(e.g., 50 words) and then averaging the results. This allows for more
meaningful comparisons between texts of varying lengths. For instance, when

comparing two novels, segment-wise TTR can reveal whether lexical diversity
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is consistently maintained throughout the narrative or if it fluctuates between
descriptive and dialogue-heavy sections. Sequential TTR is particularly useful
for authorship attribution, where sustained patterns in lexical variation can

serve as stylistic fingerprints.

3.2.3.3. Sentence length.

Sentence length, typically measured in words or characters per
sentence, captures structural aspects of an author’s writing style. Longer
sentences often indicate complex syntactic constructions, while shorter
sentences may suggest a direct, terse style. For example, academic journal
articles tend to have higher average sentence lengths than online news briefs.
Comparing sentence length distributions between texts can reveal stylistic
imitation, simplification, or elaboration in paraphrased material. This measure

is simple yet effective in distinguishing writing genres and authors.

3.2.3.4. Token length.

Token length refers to the average number of characters per word
token, reflecting lexical complexity and preference for shorter or longer
words. Texts in scientific and legal domains often contain longer average
token lengths due to technical vocabulary, whereas casual or spoken language

tends toward shorter words. For example, “photosynthesis” (14 characters)
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contributes more to the average token length than “cat” (3 characters). Token

length patterns can help identify domain-specific writing.

Similarity in function word profiles between two texts can suggest common

authorship or deliberate stylistic imitation.

3.2.4. Discussion about existing algorithms

As the dictionary meanings are relatively small chunks of text, with sizes
ranging up to two or three sentences at maximum, structural and stylistic
similarity measures discussed above are not of much relevance to the task at

hand.

Semantic similarity measures presume some graph-like structure and
use the structure of those graphs to find out the similarity or nearness
between two nodes. These work best when there is some ontological
representation of the world knowledge or some hierarchy of the word/word
senses and their relationship is explicitly coded. In an alphabetically arranged
dictionary, such a relationship is almost nonexistent. We have suggested how a

graph-based structure can be generated in such cases.

Latent Semantic Analysis (LSA) and explicit semantic analysis (ESA)

require a lot of computational resources. Training and running these
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algorithms on a large corpus like two full-fledged dictionaries will be
computationally too heavy. LSA may be able to identify similarities between
‘child’ and ‘offspring’, which a normal text-based scorer may miss. As LSA
requires very high computational powers, we ran the LSA on Gold Standard

data alone and analysed the results.

Other than these measures, there are the following string-based measures
implemented by the rapidfuzz library®, namely Damerau (1964), Hamming

(1950), Indel, OSA, Prefix and Postfix.

3.3. Selection of dictionary pairs

Our focus is on the usability of string-based similarity measures for
finding out the mapping of word senses. We present here our efforts towards
the word sense alignment of Sanskrit lexical resources. We present three
experiments. (a) The first one is with two different target languages, but the
same compiler. Here we have chosen the Sanskrit-English’ and the Sanskrit-

Hindi dictionaries of Apte®. Since the second dictionary is based on the first

6 https://pypi.org/project/rapidfuzz/

7 https://www.sanskrit-lexicon.uni-koeln.de/scans/AP90Scan/2020/web/webtc/download.html

8 Developed by the SHMT (Sanskrit-Hindi Machine Translation) consortium during 2008-2011,

now a part of
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one, the assumption is that there would be a good chance of getting a one-to-
one mapping. (b) The second pair is with the same target language but
different compilers. Here we have chosen the Sanskrit-English dictionaries by
two different compilers — Wilson (1832)° and Yates (1846)'°. (c) The third one
was a pair of monolingual English lexical resources, viz. Webster’s Unabridged
Dictionary of the English Language (Webster, 1900)!' and English Wordnet

(Miller et al., 1990)*2.

3.4. Word Sense Alignment (WSA) of Sanskrit-
English and Sanskrit-Hindi dictionaries of Apte

The Apte Sanskrit-English (AP90) dictionary used in this experiment is
the Apte Sanskrit-English dictionary published in 1890. The later 1957 version
of the dictionary (AP) was still under copyright. Therefore, CDSD did not have
its data for open usage at the time of the study. AP90 is also not fully marked
up to show different word senses separately. It had some rudimentary markup
or regular expression patterns by means of which a crude parsing was done,

and word meanings were separated.

Samsaadhanii Platform at https://sanskrit.uohyd.ac.in/scl/

°  https://www.sanskrit-lexicon.uni-koeln.de/scans/WILScan/2020/web/webtc/download.html

10 https://www.sanskrit-lexicon.uni-koeln.de/scans/YATScan/2020/web/webtc/download.html

11 https://www.gutenberqg.org/files/29765/29765-0.txt

2 https://github.com/fluhus/wordnet-to-json/releases/download/v1.0/wordnet.json.gz
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Apte Sanskrit-Hindi (ASH) dictionary (Apte, 2007) is a Hindi translation
of Apte’s Sanskrit-English dictionary. It is not an exact translation. Many of
the words have been omitted, and many meanings have been merged, deleted
or separated. It seems that ASH had the advantage of using the data from the
1957 edition, too. Therefore, the new words or meanings added in that edition
are also used in ASH. At the same time, ASH has been made more concise.
Therefore, multiple meanings have been combined. Rare meanings have been
dropped altogether, too. Therefore, it was not trivial to align the word senses
in these two dictionaries, and hence, these were taken up to

attempt word sense level alignment between them.

3.5. Gold Standard Data

As there is no previously existing gold standard data regarding word
sense alignment of unstructured lexical resources like a dictionary pair in the
Sanskrit language, a manual gold standard data set was created by selecting a
random starting point and taking roughly 1000 ASH entries starting therefrom
(See Table 1). Corresponding entries of AP90 were also taken up (See Table

2).
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Head word Hindi sense id (ASH) Hindi Meaning (ASH)
3Mdhey: (Akalpah) 247 SITHYUI, 3cThR

adeu: (Akalpah) 248 GRS

3maey: (Akalpah) 249 1, SR

Table 1: Sample ASH entries

Head word English sense id (AP90) | English Meaning (AP90)

3They: (Akalpah) 440 An ornament, decoration

3fTehey: (Akalpah) 441 Dress (in general),
accoutrement

3fTehey: (Akalpah) 442 Sickness, disease

3fThey: (Akalpah) 443 Adding to, increasing

Table 2: Sample AP90 entries

Every word sense had been given a unique identifier for each of the

dictionaries separately. A manual examination of the data was done, and a

manual mapping of the data was created. As and when a parsing error was

detected in the data, the same was manually corrected. Sample entries of the

sense alignment of entries from ASH and AP90 are shown in Table 3.
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Head word Hindi sense id English sense id (AP90)
(ASH)

3fTehed: (Akalpah) 247 440

3fThed: (Akalpah) 248 441

3They: (Akalpah) 249 442

3fTehed: (Akalpah) - 443

Table 3: Gold Standard Data for Alignment of ASH and AP90

Since the two dictionaries selected had different target languages, for
aligning the entries, we decided to use Google Translate to translate the
meanings of AP90 into Hindi. In Table 4, column GSH shows the Google
translation of the entries in AP90 into Hindi. The task at hand is to map the
English sense id to Hindi sense id using GSH. Please note that sometimes

Google Translate does not translate some difficult words, like '‘accoutrement'

and leaves them as they are when processed via bulk upload.
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Head word English English Meaning GSH
sense id |(AP90)
(AP90)
3hey: (Akalpah) 440 An ornament, Teh 3{TYUT, ASfTaC
decoration
3hey: (Akalpah) 441 Dress (in general), qIMH (AT BT ),
accoutrement accoutrement
3hey: (Akalpah) 442 Sickness, disease T, AT
3hed: (Akalpah) 1443 Adding to, increasing ST, SGMT

Table 4: Sample AP90 entries along with their Hindi translations

Similarly, entries of ASH were translated into English with the help of

Google Translate. Please see column GSE of Table 5.

Head word Hindi sense id Hindi Meaning GSE
(ASH) (ASH)
3ffhed: (Akalpah) 247 YT, JTeihR jewellery,
Ornament
3mded: (Akalpah) | 248 ST Costumes
ammed: (Akalpah) | 249 T, SRy Disease, Disease

Table 5: Sample ASH entries with their English translations
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In the next section, we present various algorithms and their

performance on the gold standard data Algorithm.

3.6. Algorithms

Our algorithms are based on simple string-level similarity measures. We
define four different units of comparison and four different units of measure

for comparison, resulting in 16 different algorithms. We describe them below.

3.6.1. Unit of comparison

The three basic units we propose are words, shingles (n-grams at
character levels), and syllables. While glancing at the ASH entries with GSH
manually, we also realised that in the case of languages like Hindi, depending
upon the presence of post-positions, the last character of the word is changed
as in ‘bahara’ (&%) versus ‘bahare’ (§&%). Hence, we decided to consider a

word with the last character trimmed also as a unit of comparison.
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3.6.2. Measure of comparison

We have identified four different measures for calculating the similarity.
Suppose the meanings from two dictionaries are stored as a list of words L7
and LZ2. /1 and /2 are sets of unique words amongst L7 and L2 respectively. In
the following notation, |A| denotes the cardinality of set A. The four different
measures are defined as

_ IL,NL,

L, U L,|

_ I,

YL v

|LinLy

ms=

L]

:|lln12\
1]

1

my

The phrases describing the senses are tokenised, and stop-words are
removed. In the case of English, all the words are converted to lowercase. Let
us assume the two senses that need to be aligned are ‘space, place in general’
and ‘free space or vacuum’. As a first step, the phrases are tokenised and the
stop words are removed, and the words are changed to lowercase. This results
in two word lists.

” " ” "

L1 = ["space”, “place”, “general”’], and

” 1

L2 = [“free”, “space”, “vacuum”]
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As there are no duplicate words in any of these two word lists, /7 = L1 and 12
= L2

Thus, for the above lists,

ml =1/6; m2 =1/5, m3 =1/3; m4d =1/3

The shingles for each word are all possible n-grams of characters.
e.g.
Shingles(llspacell) —_ [llsll, llspll' llspall’ llSpaCll, llspacelll llpll’ llpall’ llpacll’

” " ” " ” n ” “n ” n ” " ”

“pace”, “a”, “ac”, “ace”, “c”, “ce”, “e”]

The trimmed words are obtained by trimming the last character of the
word. So, the trimmed word list for L1 is [“spac”, “plac”, “genera”]. While we
do not see this trimmed word list as of any advantage in the case of English, -
for languages like Hindi, these are useful. For example, in the word mapping,
the words ‘bahara’ (&%) and ‘bahare’ (&%) will not match, but after trimming

the last phoneme, both words will match ‘bahar’.

Words were also split at the vowel level. It was tried as an attempt to
reduce the overgeneration of n-grams. e.g. split at vowel(‘space’) = [‘spa’,

f

ce’]
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3.6.3. Measures of similarity

With the 4 units of comparison and 4 units of measures of similarity,

there are 16 different measures for judging the similarity between the two

senses. These 16 measures are shown in Table 6.

Unit ml m?2 m3 m4
word CR1 CR2 CR3 CR4
shingles CR5 CR6 CR7 CR8
trimmed word | CR9 CR10 CR11 CR12
syllable CR13 CR14 CR15 CR16

Table 6: Metrics used for evaluation.

3.6.4. Thresholds

A threshold similarity score of 0.2 was empirically selected to ignore the
mappings with a low similarity score. Another measure, delta, was also
calculated. It is the difference between the word sense pair across dictionaries
with the highest similarity score and the second-best pair. If delta is high, it

means that the pair at the first rank is ahead of the pair at the second rank

comfortably. A threshold value of delta was kept at 0.1 empirically.
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3.7. Evaluation on Gold Standard Data

3.7.1. Identification percentage

After setting these thresholds, the comparison of the results of all
algorithms was made. The gold standard consists of 2022 word sense pairs

manually validated. The results of some of the standard algorithms

implemented by the rapidfuzz library are shown in Table 7.

Algorithm Pairs identified Percentage
Levenshtein 1793 88.67%
Damerau 1794 88.73%
Hamming 1688 83.48%
Indel 1822 90.11%
Jaro 1816 89.81%
Jaro-Winkler 1818 89.91%
OSA 1793 88.67%
Prefix 1749 86.50%
Postfix 1690 83.58%

Table 7: Percentage of word sense pairs correctly identified from gold standard

data by already existing algorithms
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With the same thresholds, the number of pairs identified out of total

2022 pairs of gold standard data by algorithms CR1 to CR16 are shown in

Table 8.

Algorithm Pairs identified Percentage
CR1 1866 92.28%
CR2 1871 92.53%
CR3 1855 91.74%
CR4 1856 91.79%
CR5 1856 91.79%
CR6 1887 93.32%
CRY7 1858 91.89%
CRS8 1863 92.14%
CR9 1861 92.04%
CR10 1865 92.24%
CR11 1848 91.39%
CR12 1847 91.35%
CR13 1847 91.35%
CR14 1878 92.87%
CR15 1841 91.04%
CR16 1851 91.54%

Table 8: Percentage of word sense pairs correctly identified from gold standard

data by various algorithms
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3.7.2. Precision, Recall and F1-score

For each algorithm, the predicted set of (A, B) pairs is compared against the

gold-standard set. Each pair is treated as a binary classification instance:

Symbol Definition

TP Pair appears in both the prediction and the

gold standard

FP Pair appears in the prediction but not in the

gold standard

FN Pair appears in the gold standard but not in

the prediction

The following standard information-retrieval metrics are computed

(Rijsbergen, 1979):

TP

Precision=————
TP+FP

TP

Recall=————
TP+FN

_ 2 - Precision - Recall
' Precision + Recall

The results of various algorithms are as showm below:
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Algorithm Precision Recall F1-score

crl 0.8814 0.9228 0.9017
cr2 0.8842 0.9253 0.9043
cr3 0.8762 0.9174 0.8964
crd 0.8767 0.9179 0.8968
cr5 0.8834 0.9179 0.9003
cr6 0.9003 0.9332 0.9165
cr7 0.8814 0.9189 0.8998
cr8 0.8821 0.9214 0.9013
cr9 0.8782 0.9204 0.8988
crl0 0.8801 0.9224 0.9007
crll 0.8729 0.9139 0.8930
crl2 0.8716 0.9135 0.8921
crl3 0.8791 0.9135 0.8959
crl4d 0.8986 0.9288 0.9134
crl5 0.8713 0.9105 0.8904
crl6 0.8764 0.9154 0.8955
damerau 0.8490 0.8872 0.8677
hamming 0.7866 0.8348 0.8100
indel 0.8668 0.9011 0.8836
jaro 0.8611 0.8981 0.8792

jarowinkler 0.8620 0.8991 0.8802
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Algorithm Precision Recall F1-score

levenshtein 0.8482 0.8867 0.8670
osa 0.8482 0.8867 0.8670
postfix 0.7703 0.8358 0.8017
prefix 0.7972 0.8650 0.8297

Table 9: Precision, Recall and F1-score of various algorithms on Gold Standard

data

The algorithm cr6 achieves the highest F1-score (0.9165), with crl4 as the

nearest competitor (F1 = 0.9134).

3.7.3. Cochran’s QQ Test

Before conducting pairwise comparisons, an omnibus test is applied to
determine whether any statistically significant differences exist across the full
set of algorithms. Cochran’s Q test (Cochran, 1950) is appropriate here

because:

1. The outcome variable is binary (correct / incorrect prediction per gold
pair).

2. All algorithms are evaluated on the same set of instances
(matched/dependent samples).

3. More than two classifiers are compared simultaneously.
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A binary concordance matrix X of dimension N X kis constructed, where N =
number of gold-standard pairs and & = number of algorithms. Cell X[/][j] = 1 if
algorithm j correctly predicted gold pair 7 (i.e., the pair appears in the

algorithm’s output), and 0 otherwise.

The Q statistic is defined as:

k

2
2L

k
; =1

kY Li-
1

k-1

~
11

where L j:; X;; is the column sum (number of pairs correctly predicted by

k

algorithm j), and R,=)_ X, ; is the row sum (number of algorithms that correctly
j=1

predicted pair J).

Under the null hypothesis Hy (all algorithms equally likely to predict any given
pair correctly), Q follows a chi-squared distribution with &£ — 1 degrees of

freedom.
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Parameter Value
Gold-standard pairs (N) 2,022
Algorithms (%) 25
Degrees of freedom 24
Q statistic 789.80
p-value 2.95x10

Table 10: Cochran's Q Test results on Gold Standard data

Thus, the null hypothesis (all 25 algorithms are equivalent) is rejected with
overwhelming evidence (p << 0.001). At least one algorithm differs
significantly from the others. This result justifies proceeding to pairwise post-

hoc testing.

3.7.4. Post-hoc Pairwise Test: McNemar’s Test

Having established that the algorithms are not uniformly equivalent, pairwise
comparisons involving the best-performing algorithm are conducted using
McNemar'’s test (McNemar, 1947). McNemar'’s test is the standard non-
parametric method for comparing two classifiers evaluated on the same test

set (Dietterich, 1998).

For each pair (best algorithm, comparator algorithm), all instances drawn
from the union of gold-standard pairs and both algorithms’ predictions are

examined. Two counts are computed:
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* nyo: instances where the best algorithm was correct and the comparator
was wrong
* ng:: instances where the comparator was correct and the best algorithm
was wrong
The test statistic with continuity correction is:

z:(‘”m_”lo‘_l)z

2
~x1)
Mgy + 1y

To control the family-wise error rate across 24 simultaneous comparisons, the
Bonferroni correction (Bonferroni, 1936) is applied, yielding an adjusted

significance threshold of /24 = 0.05/24 = 0.0021.

Results of McNemar’s Test comparing cr6 versus all other algorithm is shown
below. Bonferroni-corrected threshold: p < 0.0021. Column n;o favours cr6; noe

favours the comparator.
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Algorithm Nio No1 X2 p-value Significant?
crl 220 157 10.20 0.001407 Yes ***
cr2 192 140 7.83 0.005126 Yes *
cr3 253 168 16.76 424x10°° Yes ***
crd 250 167 16.12 5.93x10°° Yes ¥k
crd 120 53 25.18 5.22x 107 Yes ¥k
cr7 216 146 13.15 0.000287 Yes ***
cr8 207 143 11.34 0.000759 Yes ***
cr9 231 156 14.15 0.000169 Yes ¥k

crl0 203 136 12.85 0.000338 Yes ***
crll 262 163 22.60 2.00x10°° Yes ***
crl?2 265 162 24.37 7.97 %107 Yes otk
crl3 183 98 25.11 541x1077 Yes **x
crl4 115 103 0.56 0.456263 No
crlb 270 161 27.06 1.97x1077 Yes otk
crl6 248 160 18.55 1.65x10°° Yes *¥*
damerau 323 120 92.11 8.21x 10”2 Yeg *kk
hamming 591 143 272.22 3.73x10°" Yes #¥k
indel 238 102 53.60 2.45x10° " Yes ***
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Algorithm Nio Noy X2 p-value | Significant?
jaro 290 135 55.80 8.01x10 " Yeg *kk
jarowinkler 287 136 53.19 303x10° "2 Yes *rx
levenshtein 327 121 93.81 3.48 x 10”2 Yeg *kk
osa 326 120 94.23 2.81x10 % Yes ***
postfix 644 152 302.87 782 %10 Yes ***
prefix 532 158 201.64 9.18x10° % Yes ***

Table 11: McNemar Test Results of CR6 algorithm versus all other algorithms

* p < 0.05 (not significant after Bonferroni correction)

** p < 0.0021 (significant after Bonferroni correction)
The evaluation yields the following principal conclusions:

1. cr6 is the best-performing algorithm by F1-score (0.9165), achieving

the highest precision (0.9003) and recall (0.9332) of all 25 candidates.

2. cr6 is statistically indistinguishable from crl14 (McNemar’s y? =
0.56, p = 0.456). The discordance counts (nijo = 115, ne; = 103) are
nearly equal, indicating that neither algorithm has a consistent
advantage over the other. Either may be recommended as the preferred

alignment strategy.
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3. cr6 is significantly superior to all remaining 23 algorithms after
Bonferroni correction, with the weakest performing group being the

character-overlap-based methods (postfix, prefix, hamming).

4. cr2 occupies an intermediate position: it reaches nominal
significance (p = 0.005) but does not survive the Bonferroni correction,

suggesting its inferiority to cr6.

Thus, CRG6 is the best performing algorithm, followed by CR14. As CR6
gave better results on Gold Standard data than CR14 in terms of all
parameters measured i.e. absolute numbers of pairs identified, precision,
recall and F1-score; the algorithm CR6 was selected out of these algorithms.
CR6 makes use of shingles and hence captures various features like terminal
case removal, textual similarity between tatsama words and tadbhava words,
common verb or common noun in compounds, etc. This may be the reason

why CR6 gives better results than other algorithms.

3.8. Merits of the usage of two languages as

target languages

Algorithm CR6 was applied to the complete dictionaries ASH (D1) and
AP90 (D2). As AP90 definitions are in the English language and ASH

definitions are in the Hindi language, both were translated with the help of
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Google Translate, and an English version of ASH (E) and a Hindi version of
AP90 (H) were created. D1 and H were compared against each other (both
with Hindi definitions), and D2 and E were compared against each other (both
with English definitions). Having comparisons with both languages helped in a
big way. There are cases where one language is insufficient to map
satisfactorily, but the other language could map without any difficulty. Let us

see such a case with an example.

D1.91 S TRE ST b I A &1, AT SR S 37T R of SR ST b AT 8

D1.92 #Jgle], Fsram

D1.93 3, 3ffee, 3T

D1.94 Uels

Table 12: Entry of the word ‘37872 in the ASH (D1) dictionary

D2.1916 not to be stolen, removed or carried
D2.1917 not to win (by fraud), devoted, loyal
D2.1918 firm, steadfast, hard

D2.1919 a mountain

Table 13: Entry of the word ‘3787 in the AP90(D2) dictionary

As can be seen from the contents, the four senses of D1 correspond

sequentially to the four entries of D2.
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Now, let us look at the Google translations of D1 into English and D2

into Hindi.

E.91 Unstealable, or not capable of being removed or taken away
E.92 Devotees, loyal

E.93 Strong, motionless, irresistible

E.94 Mountain

Table 14: Entry of ASH translated to English via Google Translate (E)

H.1916 IR, BT AT o ST o folg el

H.1917 St & ot T8t (graTgst ), FEftd, awRR
H.1918 3g, AT, BAR

H.1919 Teh Yeicl

Table 15: Entry of AP90 translated to Hindi via Google Translate (H)

3.8.1. Cases where one language fares better
than another

Had we used only the translation of AP90 into Hindi through Google
Translate, and compared it with the entries in ASH, the words 'Ugrs' (D1.94)
and 'U® yga’ (H.1919) would not get a good similarity score. However, the

’

same words when translated to English will be highly similar, viz., ‘a

mountain’ (D2.1919) and "Mountain' (E.94). Therefore, the similarity score
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with English as the destination language will be very high. Similarly, '$<€id],
@' will not match 'HfUd, aER' much at the character level, but ‘devoted,

loyal” will match ‘Devotees, loyal’ at the character level.

There are also cases where Hindi fares better. Mapping %1 g31' with
ST g3' is easier than mapping ‘trapped’ and ‘entangled’ (D1.342 and

D2.556).

Thus, using two languages helps us to take care of some cases where
one language uses different synonyms and the other language has only one
word for the concept or may have used the same word out of available

synonyms.
3.8.2. Confidence levels with two target
languages

Creating a mapping with two languages also gives us some more
benefits. It gives us more confidence about a given mapping if both languages
give the same mapping. Based on these insights, an analysis of the mappings
of gold standard data and full dictionary data was carried out. We classify the
confidence levels of the machine into 7 different categories. These categories

are shown in Table 16 with their corresponding confidence levels.
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Category

Description

Confidence

Both languages give above sim threshold, and both

languages give the same first match.

High

(Languagel above sim threshold, and Language?2
gives lower similarity score) or (LanguageZ above
sim threshold, and Languagel gives lower similarity

score)

High

Headword present in only one dictionary, and absent

in the other

High

Both languages give below sim threshold, and both

languages give the same first match.

Low

(Languagel below sim threshold, but better than
Language2) or (Language2 below sim threshold, but

better than Languagel)

Low

Headword present in both dictionaries, but all
entries of
dictionaryl have already been assigned to other

entries of

dictionary?2 or vice versa. Hence, there is no mapping

High

G

Force mapped, as this is the only remaining match

Low

Table 16: Categorisation of various mappings along with their confidence level
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3.9. Analysis of gold standard data

Analysis of gold standard data with these codes yielded the following

results (See Table 17).

Category Pairs in the category Percentage
A 636 30.34%

B 221 10.54%

C 738 35.21%

D 60 02.86%

E 59 02.81%

F 360 17.18%

G 22 01.05%
Total 2096 100%

Table 17: Categorisation of gold standard mapping created via algorithm CR6

It is worth noting that the machine generated a total of 2096 mappings.
The gold standard data has 2022 mappings. It is because the machine does
not know what are the number of mappings present in the gold standard data.
Word senses may have one-one, one-many and many-one mappings. Therefore,
it is not possible to determine in advance how many word sense mappings are
to be generated. Therefore, the machine generated a total of 2096 mappings.
Among these, the entries falling in the category of D ,E and G have low

confidence. Thus, roughly 6% cases are such which are of low quality and
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would improve with human intervention. The rest of the 94% cases can be
mechanically aligned, saving precious resources. As the gold standard data
was corrected as and when some parsing error or typographic error was seen,
the error rate in the gold standard data is much less. Whereas, there was no
attempt made to clear these kinds of errors in full dictionaries. Therefore, the

error rates in the full dictionaries are more than the gold standard data.

3.10. Analysis of ASH and AP90 full dictionary

mapping

The following are the results of application of the above methodology to
full dictionaries Apte Sanskrit-Hindi (ASH) and Apte Sanskrit-English (AP90)

(See Table 18).
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Categories Pairs in the given| Percentage
category
A 51964 32.59%
B 16655 10.44%
C 47131 29.56%
D 9730 06.10%
E 6258 03.92%
F 25710 16.12%
G 2023 01.27%
Total 159471 100.00%

Table 18: Categorisation of word sense mappings generated by algorithm CR6

for Apte Sanskrit-Hindi and Apte Sanskrit-English dictionaries

Roughly 11% of cases fall under the low confidence zone, which may
require human intervention. Three random numbers were selected, and 100
entries starting therefrom were examined for false positives. The following is
the result obtained from the analysis of these 300 meaning pairs. (See Table

19)
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Category False positives
A 01
B 14
C 00
D 01
E 10
F 00
G 04
Total 30

Table 19: False positives from randomly selected mappings.

Thus, manual examination also yields around a 10% error rate (30/300

mappings generated).

3.11. Mapping other dictionaries

Similar exercise was also tried for different dictionary pairs, like (1)
Apte Sanskrit-English and Monnier Williams Sanskrit-English dictionary®3, (2)

Wilson Sanskrit-English and Yates Sanskrit-English dictionary, and (3) English

WordNet and Webster’s English dictionary.

Bhttps://www.sanskrit-lexicon.uni-koeln.de/scans/MWScan/2020/web/webtc/

download.html
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3.11.1. Apte Sanskrit-English and Monnier
Williams Sanskrit English dictionaries

Apte Sanskrit-English dictionary and Monier Williams dictionary are two
of the most commonly used dictionaries in the Sanskrit language. Both have
different levels of granularity. Apte has substantially fewer word senses
(133375) than Monier Williams (287606). Even then, many headwords from
Apte are absent in MW.

A machine mapping of the word sense level between these two

dictionaries was taken up. The following are the results of the same.

Category Pairs in the given category | Percentage
A 60687 17.84%
B 15398 04.53%
C 180726 53.12%
D 28551 08.39%
E 9465 02.78%
F 43194 12.70%
G 2184 00.64%
Total 340205 100.00%

Table 20: Categorisation of mapping between Apte Sanskrit-English and

Monnier Williams dictionaries
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3.11.2. Comparison between Wilson and Yates
dictionaries

A similar comparison was also drawn between Wilson (1832) and Yates

(1846) dictionaries. The result is shown below.

Category Pairs in the given| Percentage
category
A 47947 53.22%
B 10272 11.40%
C 12109 13.44%
D 7195 07.99%
E 4321 04.80%
F 7232 08.03%
G 1016 01.13%
Total 90994 100.00%

Table 21: Categorisation of mapping between Wilson and Yates dictionaries

3.11.3. Comparison between Wordnet and
Webster dictionaries

After comparing Sanskrit-Hindi and Sanskrit-English dictionaries, the

same approach was tried with English-English dictionaries. Wordnet is a
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lexical resource in the English language designed to have an ontological
structure and with a thrust on identifying various word senses associated with
commonly used words. Its coverage of headwords is not as comprehensive as
a regular lexicon would have. Webster’s is a classic dictionary. Wordnet has
207272 word senses, whereas Webster has 166980 word senses. The result of

the comparison between them is shown below.

Category Pairs in the given| Percentage
category
A 29967 09.43%
B 12397 03.90%
C 196512 61.83%
D 21993 06.92%
E 15917 05.01%
F 37118 11.68%
G 3922 01.23%
Total 317826 100.00%

Table 22: Categorisation of mapping between Wordnet and Webster

dictionaries
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3.11.4. Comparative analysis of different
dictionary pairs

The comparative categorisation of the various dictionary pairs is shown

in the Table 23 for easy comparison.

Category Apte-MW Wilson-Yates Wordnet-Webster
A 17.84% 53.22% 09.43%
B 04.53% 11.40% 03.90%
C 53.12% 13.44% 61.83%
D 08.39% 07.99% 06.92%
E 02.78% 04.80% 05.01%
F 12.70% 08.03% 11.68%
G 00.64% 01.13% 01.23%

Table 23: Categorisation of mappings for various dictionary pairs

Thus, in almost all dictionary pairs studied, the error rate (D+E+GQG) is
roughly to the tune of 11-14%. These are the places where human annotators

can make maximum impact by manual examination and correction.

89



3.12. Experiments with graph-based methods

for finding similarity

Graph-based methods require some sort of existing graphs to work.
These methods are usually employed in cases where there are some
relationships between the nodes. These methods have been tried with
WordNet due to its predefined ontological relationships, and with Wikipedia
because of the presence of links between two articles. These relationships

form the graph edges.

In graph theory, a graph G is defined as a set of vertices V and edges E
belonging to the set VxV. The edges can be weighted or unweighted. The
edges can also be directed or undirected. For finding out similarity between
two vertices, usually the ‘shortest path’ method is used. It identifies the
shortest path required for travelling from the source vertex to the target

vertex.

In our case, there is no such preexisting graph structure. The graph
structure has to be generated first before any of the tools related to graph
theory can be put to use. As we are using only textual similarity scores, which

are based on the character / ngram / word level, it sometimes becomes
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difficult to find a similarity between two entries because they may have used
separate synonyms or words altogether. Therefore, there is not much textual
similarity between them. In such cases, a graph-based approach may fare

better.

Let us understand the matter with a real example. The following are two
of the meanings of the same word ‘®HcT' in AP90 and MW dictionaries.
AP90
1. The Sarasa bird.
2. A lotus
MW
1. The Indian crane (Ardea Sibirica)

2. a lotus, lotus-flower, Nelumbium

As can be seen from the definitions, textual similarity-based algorithms
would be able to identify the similarity between the 2™ sense, i.e. related to

the lotus, because both the definitions use the same word ‘lotus’.

A human being will be able to identify that “The Sarasa bird” and “the
Indian crane (Ardea Sibirica)” are the same entities, but there is actually no
same or similar word which is being used in these definitions. Therefore,
textual similarity-based algorithms will not be able to identify correspondence

between these two entries. Similarity score will be abysmally low.
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Let us see if the graph-based method may help us in such cases. We
have used the data of AP90 as training data for the graph and then queried
the entries of MW. We searched for the word ‘Sarasa’ in the AP90 text. There

are many Sanskrit words that have this word in their meaning.

AP90
®Hc1 - 1. The Sarasa bird. 2. A lotus

3™ - 1. the (Indian) crane or Sarasa. 2. a lotus

The graph nodes are abbreviated in the following manner.

SW stands for “Sanskrit Word”.
SN stands for “Sense”.
EW stands for “English Word”.

The numbers suffixed are identifiers to identify the nodes.

By following the convention mentioned above, the nodes of the graph

are as follows.

Nodes

SW 1 - ‘kamala’

SN 1:1 - <sense referring to the bird for the word kamala>.

SN 1:2 - <sense referring to the aquatic flower>.
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EW 1 - sarasa
EW 2 - bird

EW 3 - lotus

SW 2 - ‘amBoja’

SN 2:1 - <sense referring to the bird for the word amBoja.>
SN 2:2 - <sense referring to the aquatic flower.>

EW 4 - indian

EW 5 - crane

Note that the words sarasa and lotus have already been assigned EW ids
and therefore, the same Ids are used. No new IDs are allotted to them. Thus,
an ID is assigned to unique Sanskrit Words or English Words. Based on these
nodes and the relationships between them, A graph for the first entry ‘kamala’

will be as follows.
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Figure 1: Graph for the word “kamala”

Similarly, the graph for the second word ‘amBoja’ will be like the following.
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Figure 2: graph for the word “amBoja”

For combining these two graphs, EW nodes were treated as the bridges.
Note that the linking between these two graphs happens only at the EW
nodes, i.e. with the English words in their definition, and not between SW
nodes (Sanskrit words) or SN nodes (Sense nodes). When these two graphs

are combined, the resultant graph looks like the following.
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Figure 3: Combined graph generated by amalgamating the graphs for “kamala”

and “amBoja” with English words as a bridge between graphs.

See that the nodes “EW 1: sarasa” and “EW 3: lotus” appear in both

definitions and help to create a bridge that joins these two graphs.

Now, the following query string from MW is processed, namely ‘the
Indian crane (Ardea Sibirica)’. This gets to the following list of words after
preprocessing, like removal of stopwords and conversion to lower case, etc. -

[‘indian’, ‘crane’, ‘ardea’, ‘sibirica’]

Now, each of these English words is searched in the graph of AP90. e.g.
word ‘indian’ is EW 4 and ‘crane’ is EW 5. The rest of the words do not exist
in our toy graph. The problem of identifying the most similar sense of the two

given senses of ‘kamala’ can be translated into a graph theory problem as
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‘finding out through which SN node (Sense node), the shortest path to reach

from the given EW (English word) to the given SW (Sanskrit word) passes’.

The shortest paths are as shown below.
1. ‘indian’ - [‘EW 4: indian’, ‘SN 2:1°, ‘EW 1: sarasa’, ‘SN 1:1’, ‘SW 1:
kamala’]

2. ‘crane’ - ['EW _5: crane’, ‘SN 2:1’, ‘'EW 1: sarasa’, ‘SN _1:1’, ‘SW_1: kamala’]

Thus, the shortest paths from both the words ‘indian’ and ‘crane’ reach
the ‘SW _1: kamala’ node from the ‘SN 1:1’ node. Therefore, sense SN 1:1 is

more similar to the query string than SN 1:2.

Thus, seemingly dissimilar words that occur in the definitions of the
given dictionaries can be linked together to form a graph, and it will give

some meaningful relationships to help us identify the similarity.

In our toy example, both the English words in the definition gave the
same sense as the similar sense. There may be cases where different English
words in the definition may give rise to shortest paths that pass through

different senses.

Another measure that may require closer scrutiny is the length of the

shortest path. In some cases, the word may be directly linked to the given

sense, i.e. path length of only 1. Whereas some words may be linked with the
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given sense with a much more circuitous path, let us say path length of 7. The
more adjacent nodes are likely to be more similar than distant nodes.

To arrive at a metric that will help us in sorting these two issues, a
metric can be used. The metric should have (1) the number of words showing
affinity to the same sense id from the given definition in direct proportion and

(2) path lengths in inverse proportion.

This graph-based approach was not found to yield reasonable results as
a standalone algorithm empirically. This approach may be considered in future
work as a supplement to the text-similarity-based approach. The system may
be developed in such a way that the word meaning pairs that do not show
sufficient similarity score based on text similarity-based algorithms may be
subjected to graph-based algorithms to see if it yields some improvement. For

our study, we did not go into the graph-based methods in detail.

3.13. Latent Semantic Analysis

For testing whether the Latent Semantic Analysis yields better results or
not, we subjected our Gold Standard data to LSA and tried to find out the
mapping. We have used the open-source Gensim software to run the LSA for
our experiment. Term Frequency - Inverse Document Frequency (TF-IDF)
modelling is implemented in Gensim. Thereafter, the data was subjected to

LSA with increasing number of features from 64 to 1028. To check whether
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the Bag of word (BoW/TF-IDF), Doc2Vec or Dense Embeddings give better

results, we ran those models. The results are as below.

Model / Strategy Dimensions Precision Recall F1-score
LSA 64 75.58% 81.90% 78.61%

LSA 128 79.35% 84.97% 82.06%

LSA 256 81.64% 87.09% 84.28%

LSA 512 83.73% 88.58% 86.09%

LSA 1024 84.58% 89.27% 86.86%

BoW / TF-IDF Full Vocab 77.97% 85.95% 81.77%
Doc2Vec 128 71.50% 78.54% 74.85%
Dense Embeddings 128 (SVD) 78.36% 84.37% 81.26%

Table 24: Precision, Recall and F1-Score for Latent Semantic Analysis and BoW,

Doc2Vec, Dense Embeddings

It is usually not useful to increase the LSA features beyond 1024, unless the
dataset is extremely large and with varied vocabulary, which is not the case in
our analysis. Therefore, the exploration with more features was not done.
Thus, the LSA approach also does not yield better results than the text-based
similarity models for the task at hand. LSA-based approach may be used as a

fallback mechanism when the text-based similarity models do not yield more
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than a threshold similarity score. It is worth noting that BoW/TF-IDF approach

gives better precision,

3.14. Frontend for correction submission

The system has been designed to take word-meaning pairs in two
dictionaries as input and generate auto-aligned pairs across dictionaries as

output, along with some similarity score. A sample is shown in Figure 4.

35 amsug  Apointor aMsu apolnt 61 aMsu apont, ey A
end. end end
end ofa end ofa
ey thread, a thread, a
36 aMSuH minute aMSu ST 60 aMSu 3 : 60 A
il minute minute
P particle particle
end ofa
37 amsurr  EReofa aMsy ~ Dread.a 59 aMsu  thread 59 B
thread. minute
particle
a filament a filament
ﬁlament : :
especially (especially (especially
38 aMSuH y f}:he aMSu of the 57 aMSu of the 57 A
e Soma Soma
plant plant) plant)
a filament
p— (especially a kind of
39 aMSuH £l 57 aMSu of the 0.15 58 aMSu Soma 58
decoration.| S
Soma libation,
plant)

Figure 4: Visual aid to the annotator alongwith the similarity scores and deltas

Columns are (1) ID dictl, (2) Headword dictl, (3) Definition dictl, (4)
Similarity score with Hindi as the destination language, (5) Delta score with
Hindi as the destination language, (6) ID dict2 of the most similar entry with

Hindi as the destination language, (7) Headword dict2, (8) Definition dict2,
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(9) Similarity score with English as the destination language, (10) Delta score
with English as the destination language, (11) ID dict2 of the most similar
entry with English as the destination language, (12) Headword dict2, (13)
Definition dict2, (14) Final ID dict2 mapping with given ID dictdl, (15)
Category of the mapping based on confidence of mapping

The last column shows the categories of mapping based on confidence of
mapping in accordance with Table 16. The entries that fall in categories D or
E will require more attention from a human annotator for manual correction.
A frontend has been generated through which the human annotator may
submit their corrections. See Figure 5. The entries with low confidence are
shown in dark colour. The annotator may provide the correct mapping for the

same and submit their correction to the database.

ID : 675, Category: A 1D : 1296

675 1296

ID : 676, Category: B ID: 1297

Meaning : &931, & Meaning : Cloth, clothes;

677 1296

Figure 5: Frontend for correction submission

101



Once these corrections are submitted to the database, the dictionaries

aligned at the word sense level are generated.

102



Chapter 4
Synset concordance of Samanarthaka Sanskrit

kosas

The method referred to in the previous part of the thesis was more
suited to the dictionaries that are fashioned in the Western style of
dictionaries, providing word-definition pairs. The same may be extended to
the anekarthaka kosas too. But the samanarthaka koSas deserve a different
treatment, as the knowledge representation in them is in a different format.
The next part of the thesis tries to explore the possibility of creating a

concordance of Samanarthaka Sanskrit kos$as.

4.1. Amarakosa

Amarakosa (AMAR) is a well-renowned Sanskrit kosa that covers both
synonymic and homonymic components. In the synonymic component, the
words denoting the same meaning are presented together. In the homonymic
component, different meanings of the same word are presented together.
Amarakosa’s formal name is Namalinganusasanam. It also presents the
genders of the words explicitly. Amarakosa is the most widely used Sanskrit

lexicon. Its popularity can be measured by the wide literature of
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commentaries on it in Sanskrit and many other languages. Usually, Amarakosa
provides the gender information explicitly, but sometimes the commentaries

thereon have been consulted to check for the gender of the given word.

4.2. Abhidhanacintamani of Hemacandra

Hemacandra has authored many lexicographic works. The most notable
among them are Abhidhanacintamani - a samanarthaka kosa and
Anekarthasamgraha - a nanarthaka kosSa. Unlike Amarasimha, Hemacandra
thought it fit to compose two separate works for synonymic and homonymic
lexica. Therefore, in the present comparison, only the synonymic part of
Amarakos$a is compared with the synonymic dictionary Abhidhanacintamani
(ABCH) of Hemacandra. Hemacandra has also authored a separate work on
gender named Linganusasanam, and hence has not given gender information
in his ABCH explicitly. This gap is easily filled through auto-commentary on
this work named Abhidhanacintamanisvopajnavrtti (ACVH) and a commentary
on ABCH, namely Vyutpattiratnakara by Devasagaragani (AVRD). Both these

commentaries provide gender information explicitly.
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4.3. Abhidhanacintamaniparisista and

Abhidhanacintamanisiloncha

Abhidhanacintamani also has two supplementary treatises, namely
AbhidhanacintamaniparisSista by Hemacandra (ACPH) himself (also known as
Sesasamgrahanamamald) and Abhidhanacintamanisiloficha by Jinadeva (ACS]).
These two works supplement words that are missing in Abhidhanacintamani.
ACPH is a compilation of extra words that Hemacandra has provided in his
auto-commentary ACVH. It is a drawback of this dictionary that the gender
information is not explicitly provided by the author and is not available in
ACVH. ACS] has a commentary on it by Srivallabhagani named
Haimanamamalasilofichadipika (HSDS), which has gender details explicitly

marked.

As per the introduction to HSDS, ACPH also has a commentary by
Srivallabhagani, but it is not yet published. Therefore, the gender information

regarding ACPH can have some errors.

4.4. Reason for selection of these koSas
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Amarakosa is the most widely used Sanskrit lexicon. ABCH, ACPH and
ACS] put together provide a substantial coverage of Sanskrit synonyms.
Amarakosa and commentaries thereon usually follow Panini’s grammar,
whereas ABCH, ACPH and ACS] and commentaries thereon (except AVRD)
follow a different system of grammar known as Haimavyakarana propounded
by Hemcandra himself in his work HaimasSabdanusasanam. Grammar and
lexicons of Hemcandra are widely used in the Jaina literature as a standard
text. Therefore, a concordance and comparison between AMAR and ABCH
would provide a nice way to synthesise these two systems of grammar and

lexicography.

4.5. Limitation of existing digital resources

Currently, the dictionaries which are digitised and available online on
CDSD are mostly made in the Western style of lexicography, which list a word
and its meanings. Some Sanskrit-Sanskrit dictionaries like Sabdakalpadruma
and Vacaspatyam are also made on that pattern. Therefore, there exists no
such digital resource that has tried to map the Sanskrit words at a synonym
set (synset) level and tried to align various synsets across the Sanskrit
samanarthaka kosas. The present work is an attempt to provide a framework
for the alignment of 5 Sanskrit samanarthaka kosas. The framework is easily

extensible to add new lexical resources as and when required.
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4.6. Development of e-resource

The e-resource was develped in two-pronged ways.
1. Generation of a lexicon marked up with synset information and

2. Alignment of synsets across lexica

4.6.1. Generation of lexicon marked up with

synset information

The lexica AMAR, ABCH, ACPH and ACS]J were typed in, proofread, and
then they were provided with the synset information. A synset is denoted with
a tag “<syns>”, and it is followed by ‘word-gender’ pairs separated by a
comma. Every synset is also given an extra ID “<eid>”" which can help in
identifying and aligning this synset across lexica. There are cases where a
single Slokardha may have more than one synset. To take care of such issues,
another identifier “<L>" was assigned. It will uniquely identify chunks of text
and also the synsets contained in them. Whenever the page-column detail was
available, it was provided by the “<pc>” tag. A sample entry from AMAR is

shown below for reference.
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<L>8<pc>

<eid>28<syns>fIs]-g, FRRI0N-Y, Ho01-Y, dg03-4, [re=srad-g, IIeR-G, g¥icher-g, oera-g, Herd-

9, 99, SATR-G, guesianrar-g, Midwe-g, Teseasl-g, didrer-9, 3yd-4, Afs-4, fosaemi-g, Sree-
4, JU5-Y, §R1aR -G, FhUTiOr-g, I ol-G, 0s -4, 7gRY-4, aRiea-g, Afasd-g, sadhi<-g, oitfik-
g, #i1ufdr-g gosm-g afer g, afcteafa. g darifa-g srenerr-g, feger-g, deafor-g fay-

g, s I ATs6-G, RIVGDY-G, TG -Y, "RebI<1h-G, TAMR-G, [49a%00-G, ggpea-G, JeHe-

g eteafer-g, 3R-g

<eid>29<syns>aged-Y, IS -G

ferSUTRTIT: pouT AUt feesra: |

SEERT gHiper: B J1ed: g 11 9¢ ||

<TR: gueiere Ml TostaS: |

TAFaRISR: e fasaa=ae T SR 11 9% |l

U SFATORSILTAHUTIORATS: |
gEEM™I FgRYafgeafefdsa: 11 0 i
Qg QiR: 2RufcT: gou: |
TN Ffcieat PARTCRENEST: 11 29 |
faegeaR: BeafSifey: Sactemss: |

URTUTYOY] JeTPOY[ Rpl~dh: |

SR fAeeRed) Jepeal RAe: |
RIS Sifch: F UThggf: 11 R 1l

<LEND>
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In this case, the "L" id 8 encompasses two "eid s 28 and 29, referring to
Visnu and Vasudeva, and the text of AMAR, which has these entries. Similarly,

the marked-up text was prepared for all four lexical resources.

Corresponding entries in ABCH are as follows:
<L>173<pc>13
<eid>692 <syns>fIs-g, fOs0]-g, SH1EA-Y, 8Repe1-G, gieher-Y, 31egd-G, herd-, STeTTe-
g, gouI<-, TfedeR-Y, 3U=5-Y, 319-Y, §5 T o1-Y, [Isaeri=-G, ARIIv-Y, St -, TRRIvN-g, sty

o - R g e e R, S 4 e - A
9, 0=1e-Y, U5HT-Y, g1 -G, 71ed-U, angea-g, faeamR-g, sfter-g, faeawu-g, arieR-g, 9itRk-
g, wra-g, fag-g, diarar-g, 71ei-9, 59-9, ges-g, Bfae-4, 5189, 44, 7eg-9, 2ramad-

4, TeRI-G, ¥ G, Jep T, At g, Queienter-g, ay-g, erfarg g, g4, evofter-

g Ao, gavifarg-g, sftaca-g, qachivgg-g, Muvs-g, frewsias- g, Ary -4 Sreier-g MaeiTer-
4 agTIe-g Terg- g MG w1 g e g

fersuyfSTsuperTeT sRgwicher=ar: derar

1MME: YOI eI sTao st |

ST R T2l AR $igf-

STReT RIVISTYESRTeIeaaisenerst: | 9% ||

MRS ISHG PN dPUSURIITSATHT: |

IR IHTgaaRIcal fIeavR: sferfeawedt 11 94 1
TMIR: SRR g damRT AifoH! pAED: |
B SEagyst gieg: AdmacraRS T 11 29€ |
T I CTUS IpTaa YT g &: |

e ERUNERITY: YUSaR-gavie<d: | 94 |
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ST SAhIIS! [TERra: |

A fAgorT=me MIEgTeRIST T 11 9¢ |l
RIS IR CNIECEEIE R ER ol
<LEND>

and

<L>178<pc>13

<eid>728<syns>dgad-g,YhIU-4,55-Y, ADhg 5 H-g
agedl Pl GRMDG g 11 33 1l

<LEND>
In the present case, the chunks of text could be segregated easily.

Therefore, they have separate ‘L ids.

4.6.2. Alignment of synsets across lexica

The methodology adopted for alignment was quite straightforward. It is

a semi-automated process.

The automatic part of the process is as follows. As a preprocessing step, the
headwords were normalized for words ending with terminal ‘@ e.g. ‘GRS’
was changed to ‘GRS in both the dictionaries.
1. The synsets of AMAR and ABCH were checked for words that are
common in pratipadika form and also in gender. So (word, gender) tuple

was taken as a unit for comparison. The synsets that have the maximum
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number of common entities were aligned with each other. For example,
in the example cited above, AMAR.eid.28 would have a lot of common
(word, gender) pairs with ABCH.eid.692 e.g. (0%, §), (59, §), (6o,
J) etc. Therefore, they will be automatically aligned with each other
computationally. It may be cursorily checked by the annotator manually
if one wishes.

2. There are also a lot of cases where there are many common words, but
the gender may not match exactly. Both the resources may have
ascribed different genders to a given word. Therefore, the next stop
involded mapping the synsets based on the maximum number of
headwords matched acrossed the synsets.

3. After these two steps, if there are cases where the number of matching
(headword, gender) pairs across the synsets are the same, it was
matched to the first occurrence in the second dictionary.

4. After stepg3, if there are cases where the number of matching headwords
across the synsets are the same, it was matched to the first occurrence
in the second dictionary.

5. The remaining synsets in both the dictionaries which do not have any
mapping based on the above four steps were treated as having no
corresponding entries in the other dictionary.

The alignment obtained at the end of every step was evaluated for precision,
recall and Fl-score. The baseline was treated to be all the synsets being
unmapped i.e. every synset in AMAR was shown without a mapping in ABCH

and vice versa. The results are as follow.
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Step Precision Recall Fl-score
Step O 0.2837 0.4342 0.3431
Step 1 0.7787 0.8318 0.8044
Step 2 0.8293 0.8499 0.8394
Step 3 0.8496 0.8386 0.8441
Step 4 0.8517 0.8381 0.8484

Table 25: Precision, Recall and F1-score for synonymic dictionaries

As can be seen from the above data, it seems that the performance of stepl
and step2 account for the majority of the improvement. Thereafter, the
addition of step 3 and step 4 bring marginal improvement in Fl-score by

improving the precision, but at the cost of recall.

Thereafter, a display for the frontend was created and it was manually
examined. Necessary corrections were made in the lexical resource and
mapping file wherever needed. This process also brought out a lot of cases in
which AMAR and ABCH have marked genders of the word differently. The
commentaries of AMAR and ABCH were consulted where necessary, and

gender differences were resolved as far as possible.

At a time, only two koshas are considered, and the synonyms are

aligned. It becomes the primary source with which the next dictionary of
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synonymous words is aligned. This process is repeated as many times as there
are dictionaries. Thus, incrementally, new words and new synonyms get added

to the resource.

By following the same process, AMAR, ABCH, ACPH and ACS] and
ACVH were added sequentially. ACPH and ACS]J linking was relatively easy,
because they provide the reference to the synset in ABCH explicitly.
Therefore, it was possible to align them with the corresponding synsets of
ABCH without much hassle. There are only a few synsets that are unique to
ACPH or ACS]J, which are absent from ABCH, their numbers being 142 and 8,
respectively. Abhidhanacintamanisvopajhavrtti (ACVH) of Hemacandra
provided great help in locating these unique synsets to the appropriate place

in the concordance.
The following example will serve as a demonstration regarding the
utility of this concordance. The synsets in all four dictionaries regarding the

meaning “kamadeva” (cupid) are shown below.

AMAR -

<eid>31<syns>H"4-4,59-Y, qR-Y, Ue=-G, Hpa-g, dad-g, &Ueh-, 375 -Y, pH-Y, TR

g, FR-Y, 9FeRTR-G, RS-, gAY, 3-3o1-Y, gsaer=a-g, fciafcr-g, Hepreasi-g, 3TeH Y., U=« 101-g

ABCH -
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<eid>733<syns>He-Y, SRI6-Y, 354, F79-Y, 5-Y, eflehol-4, ST-ao1-G, 35l

4 HERT-G, R, HERARIel- - faeger- e, - ged-g i 4l -g -
g, gSuche-4, ISUY-Y, FGHET-G, GSuay-Y, g e=a1-4, Jsura -, IR Y- G, Hieher -4, Hepahl -
g, fiHeasT-g, Ao eas-g, s9aa-g, s9ea-G, ueor-g, favy-g, A9 =-g, adra-g, S Ra-

4 R G g RI-g R onern g ofer g A e

ACPH -
<eid>733<syns>Jlaee-g, RIEHG-g, 9 Icqd-g, eMT=oh-4, Fagfa-g, TFR-G, Hehvich-
g, eI -g, /M-

ACS]J -

<eid>733<syns>%q-g

The concordance generated from the above data is as follows:
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GENDE
HEADWORD R AMAR |ABCH |ACPH ACS]J
H Y g v v X X
LN g v v X X
B g v v X X
GIECIRE] g v v X X
Estt] g v v X X
U g v v X X
IEE g v v X X
B g v v X X
TR g v X X X
R g v v X X
SESNIN g v X X X
ST g v X X X
TGIY g v X X X
IS g v v X X
goE g v X X X
<ferafer g v X X X
HpReEas g v v X X
MY, g v v X X
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SR

YT

ROSHIRA

Hieast
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EIRLZN

HIq
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Lo g X X X v

Table 26: Sample entry of the samanarthaka concordance

The concordance is easily extendable to other dictionaries as and when
someone wants to add new dictionaries. This is borne out by the fact that new
additional words attested in the commentary ACVH were also added to the

concordance subsequently.

There are two versions of the concordance, one in tab-separated value
format (.tsv) and one in HTML format. HTML format also has links to specific
verses under consideration, which mention the given word. It will facilitate

the user to verify the occurrence of a word in the given lexicon.

Currently, only the samanarthaka koSas are taken up. Anekarthaka kosas
have a different type of knowledge representation and may not be suitable for
the same treatment. It will require a different type of visual representation in
which multiple meanings of a single word would be enumerated in the
concordance. Whenever a new dictionary attests a new meaning, the

concordance may be extended accordingly.
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4.7. Structure of information in Amarakosa

During the investigation for finding alignment between synsets of AMAR
and ABCH, the knowledge representation structures of both dictionaries came
to the fore. Nair (2011) has already studied the knowledge structure of

Amarakosa.

The Amarakos$a has arranged its content in the following parts.
1 TeMBIUeH

1.1 &FIa:

1.2 e

1.3 fewq:
1.4 PleIdi:
1.5 ¢
1.6 erearie:
1.7 AIcH9T:
1.8 O Ifia:
1.9 e

1.10 arfiert:
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2.5 fHerfe:
2.6 HIAT:
2.7 SR
2.8 afSaa:
2.9 Jdege:
2.10 g

3 ISy
3.1 fyorsaferesent:
3.2 v
3.3 T

3.4 3JIIIT:

3.5 fagiicasugat:

4.8. Structure of information in

Abhidhanacintamani

ABCH has arranged its contents in the following manner.

1 <arfacadms:
2 IgPpIvs:
3 gAHIUS:

4 feRigas:
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4.1 UpfaT:

4.1.1 gfem:
4.1.2 JIE:
4.1.3 ORDE:
4.1.4 IIIR:
4.1.5 gFeufp:
4.2 gif=aar:
4.3 A
4.4 <gRF=am
4.5 ufar:
4.5.1 TAFRURAT:
4.5.2 TERUARAT:
4.5.3 ScraRuzfar:
5 ARMOBIVS:
6 AMHINIUS:
7 3

4.9. Comparison between the knowledge
representation of Amarakosa and
Abhidhanacintamani

The arrangement of words into various kandas or vargas in AMAR and
ABCH does not match one-to-one. Based on the empirical observations, the

rough correspondence between these two lexicons is as follows.
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AMAR

ABCH

No corresponding

as| 9. drfadgdus: (24, 9-¢€)

cafdcadmws  is  dedicated to Jaina

deities

9.9, Fie: 2. @HTS: (. CLV-9]E, 199-280)

9., I 2. STPITS: (1. 9€3)

9.3, fowe: 2. SIPITS: (1. 9€8-990)

9.%. PBIGTR: 2. STPITS: (1. 19-9§R)

9.y, e 2. STPITS: (1. 30¢-38)

9.5 STeQTaT: 2. IHIUS: (gall. 8 9-1¢)

9.0. AT 2. THIVS: (91, 0¢-300, 33Y4-33¢)

9.¢. AT 8.4.9. TYFaRUAFST: (3. 930-9394)
9.%. ARPYT: Y, ARBHIVS: (2. 134¢-93§3)

9.90. gTReEA: .9.. Uh{~dy 3Th: (2el. 90§R-90%¢€)
2.9. qffa: $.9.9. Thfdy gl (9. R34-390)
2.2, g $.9.9. THfdy gl (2al. R199-903%)
2.3. e $.9.9. THfaAy yefiBRr: (2a7. 9039-9035)
2.8, AISfER: $.9.4. TPy FARUfIP™: (%Al 9990-

92019)

.4, fFerfea: (9. 9-9%)

¥.4.9. TITIRUAZIT: (27, 93¢ 3-9309)
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R.Y. fdTfeert: (9am. 93)

¥.2. gifFaam: (3. 9202-920¢)

¥.3. Af=AT: (9. 90E-90R%)

.Y, fdzTieert: (9am. 93-98)

8.9, IGRIAT: (221, 9390-939¢€)

.4, fFerfear: (9a7. 9%-%3)

¥.4.2. GIRUAZAT: (3. 939€-93%3)

9.9, TR (2ol Y3-40)

8.9.3. Thody ToRmT: (2. 90%6-990Y)

9.9, TRTE: (2. €9-€3)

8.9.8. Thl~ody IRYP: (1. 990%-9908)

9.90, IR (270, 90-34)

¥.4.2. TRy (247, 93¥3-9340)

R.€. FISIe: 3. AIPIUS: (9. 330-§¢C)

2., S 3. AIPIS: (2. C0Y-CE3)

R.¢. g 3. AIPITS: (941, §¢R-COE)

R.8. deg: 3. AIPITS: (2. CE¥-CRY)

2.90. L& 3. AIPUE: (92, €R8-]3%)

3.9. fyersafreent: Spread throughout the work.

3.2. AgIUie: Spread throughout the work.

3.3. eI Absent, as there is a separate work
authored by Hemacandra for
Nanartha.

3.8, STTIT: . 3TIATH (2211, 1Y4-948R)

3.4, feigTicrsysa: Absent, as there is a separate work

authored by Hemacandra for
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Linganusasanam.

Spread throughout the work.

€. JHEFIDIUS: (3. 93€4-943%)

2.%. JFST: (247N, R9-9979)

$.9.9. Thi~y Jedidrd: (2. 903€-90§¢)

metals and minerals

.¢. gfSFTeRT: (901, 38-40)

¥.9.4. TITRUAfSAT: (2. 990-93YR)

Entries related to elephant and horse

.. deFet: (9. Yo-1)

$.9.4. TITIRUAfRAT: (. 943-9¢3)

Domesticated animals

Table 27: Mapping of knowledge representation between Amarakosa and

Abhidhanacintamani

Over and above this broad categorisation of mapping, there are a lot of

entries where the corresponding entries are not found in the other dictionary,

as shown in the above chart. Therefore, such mapping had to be done based

on manual examination.

4.10. Statistics of the concordance

1. Total number of synsets: 5489

2. Synsets in individual dictionaries AMAR, ABCH, ACPH, ACSJ and ACVH

1. AMAR - 3692
2. ABCH -4791

3. ACPH - 347
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4. ACSJ - 534
5. ACVH - 591

3. Synset co-occurrence across dictionaries
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AMAR |ABCH |ACPH |ACS] | ACVH |Total
Y 609
Y 1556
Y 66
Y 5
Y 0
Y Y 2382
Y Y 17
Y Y 0
Y Y 1
Y Y 29
Y Y 22
Y Y 46
Y Y 0
Y Y Y 134
Y Y Y 0
Y Y Y 64
Y Y Y 75
Y Y Y 0

127




Y Y Y 66

Y Y Y 3
Y Y Y Y 14
Y Y Y Y 316
Y Y Y Y 37
Y Y Y Y Y 43

Y Y Y Y 4
Total 5489

Table 28: Synset co-occurrence across samanarthaka kosas
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ABCH 1296

Figure 6: Edwards-Venn diagram showing synset co-occurrence

across dictionaries

4. Total number of Word-gender pairs in concordance: 20975

5. Word-gender pairs in individual dictionaries

1.

2.

3.

4.

5.

AMAR - 10157
ABCH - 14704
ACPH - 1506
ACSJ - 693

ACVH - 949

6. Word-gender pair co-occurrence across dictionaries
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AMAR ' ABCH |ACPH |ACS] ACVH | Total
Y 3527
Y 8239
Y 1459
Y 299
Y 500
Y Y 6412
Y Y 32
Y Y 26
Y Y 80
Y Y 1
Y Y 17
Y Y 11
Y Y 1
Y Y 3
Y Y 287
Y Y Y 6
Y Y Y 1
Y Y Y 2
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Y Y Y 6
Y Y Y 10
Y Y Y 53
Y Y Y 1
Y Y Y Y 2
Total 20975

Table 29: Word-gender pair co-occurrence across samanarthaka kosas
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Figure 7: Edwards-Venn diagram showing (word, gender) pair co-

occurrence across dictionaries

7. Gender differences across dictionaries

The cases where the gender of a given word in a given synset is different in
different dictionaries are noted in Annexure 1. They may be manually
examined to decide whether there is some data entry error, or it genuinely is a

case where lexicographers differ regarding the gender of the word.

8. Differences arising due to the ‘ka’ suffix at the end
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They refer to the same word, but one with the reflexive 'ka' suffix at the end
and one without it, e.g. UIRSIAH-UIRSIA, SH6-g9%dh, etc. If these cases are
aligned, there may be greater correspondence between the dictionaries.
Currently, they are treated as separate words, but in effect, it is not a separate
word. UIRSIId® refers to UIRS itself. It is required to decide whether this
change is to be made in the data itself or if it can be aligned during the

computational process in the next step. The complete list is given in Annexure

2.

4.11. Differences between AMAR, ABCH, ACPH, ACSJ and

ACVH dictionaries

The concordance generated was manually examined to identify the
differences between constituent dictionaries. To demystify the problem, help
was obtained from commentaries, too. The analysis is presented in Annexure

3.

4.12. The difference between lexicographers

As the analysis of concordance brought forth many differences between
lexicographers, we decided to study further the differences of opinion
between lexicographers. It was not restricted to Amarasimha and

Hemacandra. The references to various lexicographers were searched from
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ACVH, and their content was studied to identify the differences of opinion and
to check whether they have any bearing on the concordance. The observations

are noted in Annexure 4.
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Chapter 5

Conclusion and Way Ahead

Undertaking the task of mapping dictionaries at the level of word sense
seems daunting at first, but after experimenting with a few dictionary pairs, it
was only 11-14% of word senses that required manual examination by a
human expert. The thesis has given a few similarity score metrics and also an
evaluation method to ascertain the confidence level of machine-mapped

dictionary entries.

Once a quick implementation having an accuracy of 86-89% is created
by the machine, human annotators/users can be given an option to change the
mapping if they feel that the mapping generated by the machine is incorrect.
It holds immense potential to expand sense-mapped text resources from one
language to another. It will particularly help the users of languages that have
scarce resources, e.g. a Sanskrit work which has been disambiguated and
sense-mapped in English with the help of a Sanskrit-English dictionary can be
extended to the users of, say, the French language by mapping the Sanskrit-

English dictionary to a Sanskrit-French dictionary at the word sense level.

The concordance of samanarthaka koSa provides a useful tool to see all
the synonyms of a given concept (synset) at a single point. This can be

expanded with the inclusion of multiple samanarthaka kosas.

135



The following are a few directions in which further work may be

undertaken in future.

We can explore the possibility of using graph-based similarity scores or
semantic measures such as LSA or ESA to find out similarity in cases where
text-based similarity scores are below a threshold. These approaches are

computationally heavy and may require more computational resources.

In the present thesis, the thresholds of similarity scores were chosen
empirically or, rather, arbitrarily. It may be possible to learn these thresholds
by optimising its F-scores. As the gold standard (training data) is quite small,
this exercise has not yet been tried. Once we have large manually validated
data, it will be worthwhile to find out the optimum thresholds with statistical

methods.

The present methodology can be expanded to other language pairs and

check whether findings in different language pairs are similar or otherwise.

The effect of the quality of translation services like Google Translate

between different language pairs may add a cascading effect on the

performance.
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The concordance of samanarthaka kosa provides a useful tool to see all
the synonyms of a given concept (synset) at a single point. This can be

expanded with the inclusion of more and more samanarthaka kosas.

An analysis of the concordance provides a fertile ground to research the
differences of gender, word form or addition of new words to the synset by
different lexicographers. This can be taken up as a systematic approach to

highlight differences between different lexical resources.

Once we have enough lexical resources in the concordance, we may be
able to understand when new words were added in or dropped from a synset.
This may give us some idea about the development of language over a period
of time. Over a period of time, some new words may come in vogue and some
may fade away in oblivion. Comparative analysis between two lexical
resources compiled in particular time period will give interesting insight into

this linguistic phenomenon.
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Gender differences between AMAR and ABCH

Annexure 1

Headword |amar eid |amar gender |abch eid abch gender
—_— 14 341 Yol
EISE) 19 341 | Gerell
g 46 | YeFait 7247
e 629 667 | Garetl
IR 125 | =it 3310 | Eigett
arfeda 145 | Fft 4469 Y
R 145 | @it 4469 |9

EE] 154 | YeFeil 653 |9

GLl 223 | Feil 564 | Garetl
IRD 228 | gl 566 | &
BIEIN 243 |9 3228 | el
JIR 243 |9 3228 | Yeell
& 243 | Fdt 3228 | Yaeft
offa 245 | Feft 4138 g
GIN 251 | =it 402 | geit
qRET 251 | Sftareft 402 |3

138




407 | el
433 | gereit

392 | &

389 el
389 g
469 | et
489 | Yaeft
490 | areft
492 | et

499 | areft
527 Yot
531 | gareft
540 | Gaef!
546 | Gaeft
547 | Fait

548 | Tt

550 | oft
4319 | gaeht
4121 | gaeht
4088 | gaeht

259 | Freft

269 | Tt

278 | Feft

280 | &t

280 | &t

285 |9

288 | Feft

289§

290 |9

300 | il

3339

337|9

3459

351 g

3529

3539

354 |9

364.02 | it

366 | il

3779

I
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SR 389 g 4111 | Yoot
D 426 9 4166 Yool
T, 466 | Tt 854 | garett
amafsa 480 | el 876
Gl 482 | =f 4212 | it
RS Ll 494 Y 904 | Feft
iG] 506  f3 323 et
Afr 515 fa 4202 | it
fercrer 518 | f3 867 ot
3 518 | A 867 | Fail
EARIE 524 |9 4188 | gett
Dl 537 4209 |9
I 538 | 4178 |4
T 538 f3 4208 | g
GI 539 | f 4180 |9
R 539  fx 4207 g
IeE 552 | gareft 975 |9
3Mfsep 594 | gt 923|9
aifa® 594.01 | weft 924 |4
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gSiN 5959 978 | areit
e 608 fi 984 |4
NE 611 |f3 981 |9
R 6129 1006 | gareft
aH 616 g 1044 | gaeit
oftet 629 | it 2568 | YeFai!
IS 631 g 4116 | gFett
D 6329 1325 | Yereil
3ife 683 g 3934 ywi
gD 688 g 3967 | gaeit
TR 689 | dett 3594 | gt
HIDIA 690 | garett 3602 |9
EARCT 691 | YeFeil 35979
goflect 692 | gerell 3595 |7
Fifd 701 | &t 4071 | gt
ey 714 9 3230 g&i!
IR 717 | @it 3222 &t
dc 725 & 3246 | il
IR 728 | gareit 3248 | Tt
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ST 731 9 3279 | geFeil
ot 766 | geit 4040 | &t

PeiR 782 7 4054 | Gerelt
GEIG! 801 | il 3286 | el
G 802 g 3283 | geit
SICIR| 806 | YeFeil 3291 | Feil
PRIR 808 g 3293 | gt
TeAdTe 813 | el 3296 | YeFail
Il 830 | gl 3275 |

S 835 | it 3485 | gt
Sfaret 840 | it 3496 | Yol
Staet 840 g 3496 | gt
qfe= 843 | Feil 3481 | YeFell
A 843 it 3481 | gt
T 847 | Yot 3491

fepstom 8509 3492 | Yeil
faey 862 | ait 4084 | Yot
eCE| 862 | Feil 4084 | Yarail
e 869 g 2893 &t
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DHS 8769 2907 | YeFeil
ferarey 892 g 3004 | Tt
DI 892 g 3004 | Feil
TGl 897 %t 2719 | g&it
SEl 901 | =it 2867 | Feilfy
I 903 | Eldeil 2970 | A
TR 903 | ittt 2970 &t
ferarfor 908 | g&it 3057 &t
Tg 915 | it 3018 | gt
CE| 915 | et 3018 | YeFail
AfR 915 | it 3018 | et
TN 920 it 3043 | Sttt
T3 923 g 3027 f3
CIIDE] 929 | Tt 3088 | gt
3TE 940 | g 2995 | gaett
srfer 941 g 3080 | gt
uee 949 | gt 3082 f3
[ECN 984 | Feil 3152 | YeFeil
T 984 | Tt 3152 | gt
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P 990 | g&it 3155 |

TR 991 | gt 3156 | el
yoft 1008 =it 4272 | gl
g 1040 | it 3360 | gaett
BS 1040 g 3360 | gaat
hel 1043 | it 3376 | YeFail
&RD 1047 g 3367 | gaeit
g 1051 | et 3366 | gereit
S 1069 g 3448 | gaeit
o 1081 |9 3401 ge=it
farg 1087 Y 3388 | el
3R 1117 9 3426 | gaait
el 11189 3404 | el
ESE] 1121 | = 3422

STTeTchT 1141 |3 3431 | &t

et 11659 3435 | et
TR 1191 9§ 3450 | gaeht
Ieh 1305 9 1299 | gareft
ERll 1346 | &t 3584 fi
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TS 1353 |9 3583 | garait
A 1362 | it 3579 | ot
AfiR 1372 |9 3456 | g&it
STeTel 1392 | il 3920 |
et 1398.01 | & 3912 fi
g 1419 Y 3928 | &t
D 1427 9 3664 | geit
3ifet 1477 4 3666 | gl
forw 1477 9 3666 | geit
ke 1477 4 3666 | geft
TR 1477 |9 3666 Gl
sffR 1477 4 3666 | geit
ESNEY 14779 3666 | g&
N 1477 |9 3666 | g&i
T 1497 |9 3970 | YeFail
REAS 1497 | it 3970 | et
3 1501 | @t 3973 | gaeit
SIS 1502 | gareft 3974
GIN 1506 | § 4214 | gaett
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ger 1510 | garett 4215 | Feft
G| 1646 | gaeft 1678 | @t
gfetd 1654 | it 1758 | Yerell
3N 1663 g 1383 | f3
gaicT 1663 |4 1383 |3
HiRget 1664 g 1382 | f3
3Tl 1664 g 1382 | f3
2IICH 1690 g 1427 | =it
fes 1700 | 1437 |4
BIECRTiET 1713 | it 1435 | gerell
I 1737 | el 1906 | Yerait
amfas 1737 | @it 1906 | gareft
qfReTSH 1746 it 1912 | gareft
forg 1747 | il 1927  Yerait
el 1747 | ot 1927 | et
QR 1748  gerell 1856 | ot
oA 1749 9 1855 | garett
P 1759 it 1913 | geredt
EEIS 1760 g 1919 | gaeft

146




IRR 1765 | il 1742  Yerait
I 1768 9 1883  g=h
7SOt 1769 |9 1886 gt
FO 1772 |9 1876 g&it
UGS 1774 | @it 1873 | gareft
He 1776 Y 1861  Yerail
foT 1777 & 1861 | geit
T 1783 | oeil 1867 | Yereil
faresy 1784 |9 1868 | gerell
% 1784 |9 1868 | gareft
qsh 17859 1872  gerell
quuy 1785 Y 1872  Yarait
N 1798 |4 1809 | gareft
HPITOT 1799 | geit 1812 =

TR 1799 | gef 1812 g

g 1811 | Yareft 1825 g

TR 1811 | Yot 1825 9

G 1829 | Feft 1761 | gaeft
& 1834 | &t 1789 | g&it
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Mg 1839 g 1762 &t
ZER 1847 9 1763 | gareft
T8 1861  Feft 1922 | gaeft
g 1863 |9 1937  Yeell
gR 1878.01 |9 1995 | g&it
uTRERI 1887 g 2013 | gaeft
R 1888 | gt 2012 | Tt
K 1888 | Yerelt 2012 | Feil
et 1889 | gaeit 2014 | Feft
DS 1891 | it 2013 | YeFai!
PRI 1891 | Feft 2013 | YeFeil
QT 1892 | =it 2016 | St
REIEAI 1894 |9 2019 | el
D 1894 4§ 2019 | gaeft
UIEehcd 1894 | ¢ 2019 | YeFai!
GARIN 1902 | ¥ 2031 | et
R 1902 | f3 2031 | Feft
EIND) 1903 | f3 2032 | it
T 1904 | f3 2033 | Fefl
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HUC 19159 2048 | geFeil
Gre] 1916 | et 2020 | gt
ue 1917 | gareft 2020
et 1919 | f3 2049 g
T 1920 9 2034 | g&it
CRIReEd 1923 | gareft 2043 g
YIS 1926 | f3 2051 | Feft
3T 1942 | gt 1952 | et
DA 1943 | it 1954 | Y
NE| 1945 Y 1965 | Yerail
Josh 1947 |9 1966 | gerell
Y 1949 9§ 1960 | &t
HergST 19529 1955 | Yerail
ceraforen 1953 | et 1956 | g
Mefi 1953 | areft 1956 | g
DD 1973 |9 2081 | et
S 1974 4 2075 | garett
YT 1980 | garett 2067 |9
afal 2035 g 2495 | gt
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qY 2038 | Elereit 1489 =it
i 2079 | Tl 2538 | et
aifeaafzd 2083 1187 | et
e 2087 | YeFell 495 g
A 2089 | =it 1217 | g&ht
31Ty 2106 | =it 4465 | et
qU:FTIE 2124 |9 2462 f3
ad 2124 |9 2462 |
ufe= 2131 |9 4301 |f
od 2131 |9 4301 |
o= 2146 2827 | Tt
Judld 2147 | &t 2571 | el
EIR| 2160 g 2593 | A
DI 2163 Y 2592 |3
GRER| 2163 g 2592
arfer 2201 | Feft 2202 |9
i 2203 g 2204 | Fft
arygefior 2235 2251 | Tt
qNTe 2248 |9 2260 | g&i

150




qfet 2248 |7 2260 | g&it
SEPIG) 2251 | Tt 2235 |9
B 2263 | Tt 2172
PR 22749 3680 | Garedl
IE] 2297 | Fefl 3725 | Sttt
3 2301 |9 3728 | Yeell
gfor 2302 | =it 3733 geit
Y 2305 | geit 2057 | f3
amed= 2323 | Foft 3796 g
AP 2332 | el 3779 | YeFail
SIEG 2333 | ot 3780 | Yaeft
) 2336 g 2280 | geit
SG 2339 | YeFai! 2286 | A
EZSIREINEY 2340 | el 2287 | et
EILSEESIER 2344 | f3 2290  §
sh 2349 | Tt 2293 | YeFeil
ufer 2350 | g 2294 | g&it
oY 2353 |9 2303 | YeFai!
GEN 2354 g 2297 | gaait
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TTER 2354 |9 2297 | gaeft
LEl 2357 | ot 2308 | gareft
gD 2369 9 2325 | gareit
arfeaTs 2370 | gareft 2326 | il
PIUSYS 2378 | f3 23329
e 2378 | f3 2332 g
g feien 2378 | f3 23329
GANER) 2379 | f3 2340 g
CARIed 2379 | f3 2340 g
TS 2381 |f3 2338 g
DTS 2382 | A 23399
PIUER 2382 | f3 2339 |9
ARhID 2383 | 2336 |9
itico 2384 | f3 2337 |9
BINECIBE 2385 | f3 2334 g
i 2386 |3 23359
TRIcH 2387 | f3 2333 |9
Difid 2387 |3 2333 |7
AT, 2389 | f3 23209
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GSDIEREY 2389 A 2320
3reeta 2390 3 1535
HE™ 2390 1535
3R 2390 1535
CIREN 2390 3 1535
ORI 2391 A 1538
RN 2391 f3 1538
TS 2391 1538
TR 2391 | & 1538
QR 2391 | 1538
R 2391 | 1538
QRITT, 2391 |4 1538
EESHIIEE| 2392 |fA 1532
TreR 2392 | f3 1532
SrgTeT 2393 i 1528
arferora 2393 1528
STETHRD 2394 |f3 1529
Sfgd 2394 1529
@aRa 2395 | f3 1530
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SR 2395 | 1530
S 2396 3 2412
g 2397 | & 2413
oI 2398 |3 2411
ey 2399 f3 2407
g 2399 fi 2407
arfetor 2399 3 2407
Foreda 2400 | 2409
SR 2400 | A 2409
SRS 2401 f3 2408
RfAA 2401 fx 2408
<feR 2402 |f3 2311
frep 2402 fi 2311
<fee 2402 | f3 2311
BIFIE 2403 |3 1533
CRCALIE| 2403 | f3 1533
3= 2404 |3 1534
SIq 2406 |3 2411
s 2406 3 2411
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SR 2406 | 3 24119
AR 2407 | 3 24109
EE 2408 | Feft 2262 | gt
A 2414 |9 2270 | gareft
Mg 2423 | Feft 2344 | gt
IR 2424 | gt 2344 | aft
3 2425 | gt 2344 | gt
DTS 2426 | Tl 2350 | garett
EASIH 2426 Y 2350 | Garedt
et 2430 | Tt 2354 | St
Ell 2436 |9 2362 | et
R 2436 |9 2362 | gt
g 2436 | geht 2362 |3
qor 24419 2375 |3
Rfy 2442 |9 2376 | g&it
IR 24479 2387 | geit
] 2469 | gt 2967 =it
EYl 2470 | Tl 2966 | Yarell
wfas 24719 1176 &
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frrer 2471 |9 1176 f
e 2477 | it 2421 | gt
ST 2480 ¢ 2422 | Yarefl
SSTE) 2480 | Feit 2422 | gt
TR 2480 g 2422 | gt
3 2480 ¢ 2422 | gt
Ryl 2480 g 2422 | Yereit
R 2480 ¢ 2422 | gt
I, 2480 it 2422 | Tl
ucE 2488 | 2424 | qacit
3T’ 2488 |4 2424 | gt
3T 2491 | Tt 467 | garelt
PUT 2507 | gt 1743 | et
SIE 2511 |9 4090
SIEIS 2513 g 4091 | gaeht
ERIIS 2526 | Feit 2688 g
g 2539 | Fit 2958 f3
= 2540 | it 2955 |f3
3= 2540 | il 2955 |
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3T 2541 | el 2953 |
TG 2542 | it 2954 f3
CAECI 2544 | Tt 2951 | fx
it 2551 | it 2062 | f
FER 2560 | g 2945 | ot
afg 25739 2740 g&i
R 25797 3506 Gl
g 2598 | Tt 3546 | gt
U 2611 | et 3109 | it
foe 26147 3107 | geredl
SINIEED 2618 | 2187 g
< 2618 f3 2187 |9
sitef® 2618 3 21879
pul 2618 f3 2187 |9
IR 2624 | it 3114 | gaeit
Ty 2624 Y 3114 | aeit
SIEE 2626 g 3121 | gaeit
Tfren 2626 Y 3121 | gaeit
frax 2628 g 3111 | et
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Egsgl 2634 g 3128 | gaeit
u 2635 | Feil 3132

Ish 2641 | el 1299 el
SiReh 2643 Y 1308 | gereil
JTeieh 2645 | el 3574 | Yarett
PO 2646 | it 1302 | gerelt
BIRN 2652 | &t 2877 |9

deerg 2653 | garett 2878 | Tt
leriet 2656 | Tt 2881 Yol
T 2675 | & 1253 | &g
fowen 2676 |9 1245 el
PR 2684 | Fefl 1244 | g&ht
&R 2688 | delt 1265 | gerelt
U 2698 | Fefl 1238 | gareft
M 27159 3810 | g&it
il 2739 |4 3835 gwl
3= 2761 | Feft 3861 | gaaft
qy 27739 3873 | el
= 2782 Y 2639 | gaat
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et 2798 | Feft 2704 | ot
anfad 2804 | gareht 2709 | g
3Me® 2807 | garht 2712
TR 2813 ¢ 2711 | Yot
oE | 2816 | Fefl 650 | gaFett
fevog 2816 | it 650 |9
GaN 28179 3177 | oot
JTTH 2820 Y 3212 | it
TERTT 2821 ¢ 3213 | Yot
=T 2825 | it 3176 | el
gaf 2825 | Tt 3176 Yol
f&ug 2825 | Fefl 3176 | gt
URS 28357 3188 | gaeft
T 2853 | Fefl 3478 | gaet
GACIG] 2860 | Tl 2885 g
SEREIRC) 2862 | el 3389 g
CRE 2914 g 1162 |3
FINE S 2914 g 1162 | &
FHIPR 2914 g 1162 |3
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ERIEEY 2914 |4 1162 | f3
GIRIEH] 2915 g 1168 | fx
Jafde 29159 1168
AIRAT8 2916 g 1167 |
TR 2916 g 1167 |3
I 2918 g 1161 |3
N 2918 g 1161 |3
g 2918 |9 1161 &
forgR 2918 g 1161 |
Jforsg 2918 g 1161 |f3
uRaR® 2918 g 1161 |3
ENIEG] 2919 g 1161 |3
IREhS 2919 |9 1161 |
TR 2919 g 1161 |3
wfgd 2919 g 1161 |f3
act 2942 |f3 2842 | &t
QIO 2960 | g 2778 | geit
o) 2982 | it 2763 | goFall
Epadl 3021 |9 1157 |
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g 3021 1157 |
T, 3022 1160 |
ELGN 3022 1160 |3
afer 3022 1160 |3
$RIg 3022 1160 |
arfelsg 3022 1160 |3
I 3022 1160 |
aq 3022 1160
7y 3022 1160 |
BIRE[S 3022 1160 |
arfeg 3022 1160 |3
P 3024 1481 |
TR 3024 1481 |3
uTfer 3024 1481 |
SEalll 3030 1156 &
ey 3031 1480 &
THPR 3045 1163 |9
QagT 3095 1365 | 3
fosage 3096 1364 | 31
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AL 3097 1366 | 31
IREE3 3098 1367 | 3
3feg 3157 | f3 4067 |9
SIESS 3157 |3 4067 | g
SIES 3157 4067 9
X 3161 g 4322 |3
e 3168 | ot 4307 |
31 3174 |9 4281 |
I, 3176 | 31 4280 |3
GEN 3183 | 4335 g
q 3189 | it 4368 |3
gy 3204 4378 4
Had 3204 |3 4378 | Feit
3T 3210 | Foftar 4349 |3
CEICIG] 3213 4351 | &ft
3= 3215 | Gl 4353 | f3
AT 3218 | ot 4377 |3
wafra 3267 4196 | Feft
BINpL 3325 |3 2554 | &t
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fere 3386 |9 2437 | YeFai!
SIRT 3404 | &t 1363 &t
GSEL] 3445 | g 4473 | Yaelt
HEoT 3446 | Tl 1216 &
CGNIC] 3468 | aeit 1063 | g
qeY 5518 | 4576 | Feit
31y 5544 |3 4589 |9
TEq 5545 | f 4590 g
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Annexure 2

The difference between lexica is only due to

‘ka’ at the end

amar headword |amar eid abch headword abch eid

BUSSIGED 106 | gTiReITe 619
UTgerds 743 | Urge 2679
CHELIGE 745 | Sfard 2684
HDhCD 782 | ddhe 4054
LEI| 805 | @rd® 3292
CCIEIRED 806 | <a@ra 3291
RIS 885 | e 2942
ga 1020 | ga® 3356
ToBH 1049 | To® 3370
IRAD 1126 | &< 3412
3ifcrgh 1175 | 3t 3438
EOLINGY 1190 &R 3399
TIAFD 1194 | 9IS 3449
RITD 1320 | 94 3565
GNEEH 1352 | oo 3581
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HIRD 1357.01 | HFAR 3588
SIRYD 1362 | <oy 3579
) 1391 | o 3919
firgus 1482 | frgvea® 3977
TDRD 1492 | TR 4023
GADIG 1493 | prafe 4021
fefevre 1494 |fefgw 3999
RCY 1503 | 3 1104
JICE 1503 | oM@ 1104
eI 1519 | Ta1 4033
AT 1675 | HedgD 1402
EE ] 1684 | @5® 1400
HUSAD 1703 | qusd 1442
TID 1757 | a9 1936
TGS 1884  #1 2006
3NTaTID 1887 | 3mam™ 2013
TYANCD 1918 | FAeme 2038
GGG 1923 | Ui 2043
IEEED 1937 A 1981
HEAYUD 1946 | FHiHmey 1966
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7 1972 | 7=® 2064
ST 1976 | a9 3098
FYCH 1976 ge 3098
ATAg=Ih 1981 | dreg= 2076
I 2180 | IS 4243
SRUTA 2186 | GRUTAD 2183
UH 2294 | U 3727
forgeTer® 2294 | fo=guTet 3727
CRIDLACCY 2352 | &Myt 2295
HICD 2372 | Fgc 2324
gaTfey 2376 | UTicieh 1537
IR 2434 RIS 2361
foree 2440 | fom 2365
fRaror 2479 | IRUTIH 2433
BIIRES 2531 | argfy 2687
PR 2578 PREYD 3528
Ta 2613 | WHa® 2791
HUSIA 2614 | BUSIAD 3107
foe 2614 | fic 3107
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forfetera 2615 | fnfers 3105
CEEEG] 2620 | 37D 3110
IS 2630 | gga= 3125
farg 2638 | fu® 3549
fuftes 2674 | fufde 1255
GG 2723 | Ut 3818
g 2736 | aRIH 3825
farge 2762 fia 3867
Hletd 2762 | e 3867
BIAD 2772 | & 3870
<D 2778 | 438 2636
qued 2815 due 4298
gl 2827 | i 3175
GIEED 2829 | dm 3172
IRAD 2830 | == 3168
RIGIGED 2845 | 8RdIeT 3202
ot 2852 | IId 3409
BN 2878 | RUBRD 2754
ACDRD 2891 | AEHR 2815

167




aTforaTe 2908 | Tfrares® 2833
TeIHh 2918 | T 1161
aTH 2918 T 1161
IS07 2921 | S%TH 1210
LUCHED 2928 | gEYl 3877
NgEY 2928 | g7 3877
fe 3068 | fiom 1173
Repa 3167 | 4327
&P 3174 | g& 4281
[BEEax 3186 | fauepe 4338
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Annexure 3
Analysis of concordance between AMAR,

ABCH, ACPH, ACS]J and AVCH

1. 999
ABCH enumerates only 244, but ACSJ adds 999 also. It is a case in
which the talavya Gisman consonant is replaced by a murdhanya one.

2. 9f
ABCH mentions Ffggd as the name of a tirthankara. ACS] adds Ff.
HSDS explains it like this - “gfFRIgcidaar a1 gf:”. Just like 9 is used
instead of M9, ekadesa justifies this usage. There are other such
cases too e.g. SeRM-YMH.

3. A
ACS]J adds this word over and above Aff. HSDS justifies it thus “AH:-
AT FAfET |: SRATEICT AT | AR SRS a1 4t | "ager” [41913] S[T aemig
ROl

4, HUSaY
ABCH entry reads “Af0SaHRIgar" as one of the 11 ganadhipas. In ACVH,
Hemacandra himself splits this compound in two ways - Af0ed and ‘ﬂﬁ?ﬁ
as well as Af0STHARIAT: Gl Thus, another entry df0edqs is added by ACVH
and ACS].

5. Food!
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ABCH entry has “A%cdar, but ACS]J also attests another form #o<dl by
mentioning ‘“7aT MoUM:" [U139] 3fT e S 1"

6. 3rfordT
ACS] justifies it as ekades$a of 3ifSiderer.

7. GaRI
gdRaT is also known by the name of gdRl. ACVH and ACS]J both attest to
this form. HSDS gives its etymology as “3MHT dRT 3RT: GART | FRMH, TR
T faefesy gfa ar 1.

8. Hs
Synonym of ¥xdd as per ACS]J.

9. 9=

Synonym of 9§ as per ACS]. “d=df [3.3%9] 3T %: qge T [Iavedq, AAmM™E
(JW‘_ ||.
10. ST

s is also known as %@l as per ACS]. Etymology is given as ‘S

FIA BT gi%r Hqur:’,

11. Y

X

This indeclinable is enumerated by AMAR along with the other words

denoting svarga, whereas ABCH has skipped it, saying Ry 9&Id" in
ACVP.
12. EISE]
AMAR treats it as masculine, whereas ACVH and AVRD treat it as
masculine as well as neuter. Namacandrikda commentary on

Amarakosa by Visnudattasarman (ANVS) attests its existence as
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neuter by saying ' “Afed § @ | Tt g Afkar FEm 3fr W afes 1.
Amarapadaparijata of Mallinatha (APPM) also cites Vaijayantl of

Yadavaprakasa (VJYP) to justify both masculine and neuter gender of

the word. “doia=i (4. 3, eall. *) g Afdaeres: g7gaa® s sfa: 1",

13. SIS ACIREICIN
AMAR has f3e2e’d. ABCH adds 3@’ and ACPH adds G, Here, 37e
and 3N are synonyms, and g9 and X are synonyms. dNd is %, i.e.
king of gods. Therefore, this kind of alternate headwords can be
generated by replacing 3 with its synonyms and 37eld with its
synonyms. The only restriction that applies here is that the usage should
be attested in literature. ABCH has very categorically dealt with such an
extension of vocabulary in his paribhasa section.
“IeIfY U< gd FeaTigTR 11 9 |
s Pyery wafauRad= |
Ud RIgFET AT RgRRT T 1 9¢ 1
A8 g IRIgRgeT Maforaf - |

Taeg=isa"
Thus, there are three types of dafauRac={ which can happen. Words
like a1fd allow replacement with synonyms in ptrvapada only e.g. aifg,

ST, dafd etc. Words like @<y allow replacement in uttarapada only

e.g. ISd1, gSqMcl, Feddis etc. Words like 99 allow replacement in both
purvapada and uttarapada e.g. 4d, Jd9d, &R, IdeR etc. These words

are known as Jiflé words.
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Unlike Ifie words, f4% words do not allow for any replacement at
all e.g. "aful. We cannot replace either purvapada like dreTUl, uttarapada
like :9R, or both like @/FeR. None of these words would have the
meaning of ‘god’. Therefore, the users of the lexica have to be very
cautious when they extend the word list by replacing it with synonyms of
the words that have been provided in the lexica.

In the present case, both purvapada and uttarapada are
replaceable. There are multiple such cases in which one dictionary has
used one word out of the synonym set and the second dictionary has

used another. An example in which uttarapada is replaced is g -

9gq4d. In the following, the plrvapada is replaced, eRId — TRIPERH. In
the following, both piarvapada and uttarapada are replaced, 3T -
CRCICCH

14. qERIfIP, ATERINIS
AMAR has given the word as AgR1fS%, and ABCH has given it as AERIS.
Ksirasvamin mentions in his AmarakoSodghatanam commentary (AKKS)

that both are valid forms and gives the rules for deriving both

“TERTSIISRI ST | AR <adT (o) 3T ATRRINIT g, TERTSMISURISS] (o) 1"
15. Difference in form due to compound v/s taddhita forms

There are multiple such cases where one of the dictionaries has given a

compound form, and one has given taddhita form, e.g. e - 3,

eI — digief, etc.

16. Additional words in ABCH
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H9< and dad® are said to be T and &4 of §eRM. This information is
absent in AMAR. Names of enemies of ®M<d are enumerated in ABCH.
Similarly, there are other such words too.

17. Additional words in AMAR

Names of flowers which make up the arrows of Kamadeva, like 3Rfdw=,

3NeN®, g, daHedl, iacae and the effect of Kama on human beings like

ST, IO, 90T, ¥+, TIET are mentioned in AMAR, but absent from
AMAR. Similarly, there are other such words too.

18. geeH
AMAR treats sudaréana as a neuter word - dsh ﬁ‘d@ﬁ‘{ | (9.2%). ABCH
treats it as a masculine word - b ﬁ‘q’ﬁ:{: I (R.M).
Abhidhanacintamanisvopajnavrtti (ACVH) holds that it is masculine
despite the authority of Vacaspati (VCSP). dreRuftRg- “ds gaHIsfeam"
g8 | (R.232). Abhidhanacintamanivyutpatttiratnakaratika (AVRD) holds
that this word is both a masculine and neuter word — "ga2FIsfer " 3T
TG, §gaRiegIst | aeRuiRY 'ge GRSt s|@a® | (22N
Therefore, there are multiple authorities who treat this word as a
masculine and neuter word.

19. PIHIGD - DIED]

The club of $H1EH i.e. 9] is called @HIGdHl. ACS] mentions that it is also

known as ®HUIEH! - “Pulad JaT biaed! 1",

20. 3151, 31T, 3IS(dhld, 3o
AMAR, ABCH and ACS]J put together have brought out these four usages

of the word denoting Siva’s bow. Sabdabhedaprakasa of Mahes$vara
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(SBPM) summarises the four valid alternatives thus “3ISFEISSFI T
TISTORTG TIT | FUThSSThTad a1 sy ToRea™: 1l 99¢ 11",
21. fo=Ten
AMAR has it as masculine, whereas ABCH treats it as masculine and
neuter. AVRD attests occurrence in both masculine and neuter genders.
“JgT greitfel foeh:" and “Ig1 fUsceRiA fuTe".
22. qIRSeE, qrve
AMAR has UIRSE, whereas ABCH has ume. Hemacandra also
acknowledges the existence of the word Uiik§g in ACVH by saying “urR¥ar
23. afered, gfarar
This kind of difference is caused by the application of different suffixes
conveying the same meaning.
24, e, Rfe, ggiife, 9fsife
AMAR has the following entry - “g! g1 RfC¥guel" whereas ABCH has

"geT gigRicyfsifcafeafedfans:". It requires further examination to check

whether the editor of AMAR wrongly put space between %! and Rfe.

25. PIRIR, FIRIR, gATeiR
AMAR has gTRIR, ABCH has IR, AVRD also has g¢fR. Amaraviveka
of Mahe$vara (AVMH) summarises the occurrences as 'gRIR: "fedreled:
IEERECH

26. I
AMAR treats it as neuter, whereas HSDS treats it as both masculine and

neuter.
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27. oy, 9y

ABCH has R4, and ACS] has 9J¥. Hemacandra himself also admits %J¥
in ACVH. HSDS treats it as having both masculine and neuter genders.

28. ATRSTTeTeh, TR
This is a common occurrence. One dictionary has enumerated an entry
with ‘ka’ suffixed at the end, whereas the other may have enumerated it
without the ‘ka’ suffix. This phenomenon is already analysed in
Annexure 2.

29. TRICt, S, AT EA!
Both AMAR and ABCH attest TRl and &4l. ACPH adds TR&SH! to the
list.

30. iR, oA, IS
Some commentaries on AMAR interpret the word ’Eﬂ%zﬁjﬂﬂ' as 99 and
g5, whereas some other commentaries allow dfg:g4 also as a separate
entry. See Vyakhyasudha commentary (AVSB) for example which says,
“9IehT J9ITRT afgafE: g aru” 3 ereamuiard “afe:gsAr” 3 &avd Fd M 3f
HieTd. ABCH takes it as dfg: &,

31. T
According to AMAR, this word is feminine in nature, whereas ACVH

treats it as feminine and neuter. “3rIqsf: Edetafas:". AMAR itself also

mentions it as feminine and neuter in nanarthavarga. "SRl 9 JRIfo"
(AmeieR: 239). Hence, this word can be conclusively treated as taking

both feminine and neuter genders.

32. SToSITdTd, o=l
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5407 is a special category of did. AMAR prefers to call it =51dId, whereas
ABCH prefers to call it only F==11.

33. SHT, S
Both feminine and masculine word mean the same thing. ACVH
mentions “SfAFIST 'SFd: FUICT! 3 G

34. g7
Out of 9 treasures, U3 is treated as masculine in both AMAR and ABCH,
but according to Vacaspati, it is used both in masculine and neuter
gender. This view of Vacaspati is cited in ACVH as “dreufcRg- T=iIsferm,
g1 II". Rasala commentary on Amarakosa by Saktidharasarman (ARSS)

quotes the full quotation thus “UsNsFRIT He0=:: o Haxdeodl |

qpraradlolled Gagd el Faf (greamig:)”. APPM mentions the same verse
and ascribes it to Haravali.

35. T, T
ABCH prefers @eR{ over @d. Even different commentaries cite Rm@el to

have both @d and ﬂ%ﬁi Tikasarvasva commentary on Amarakosa (ATSS)

mentions the following “U=NISfeRIT HETUS: AT FARDooU! | JPaadleled TUL

el 99 11 37 8R1Get". Whereas APPM mentions the following - “g=sfemi

TR g1 HeRGesUl | qpragraiianed @aed MEl 99 11 3 dfey aoaen 9

gRTAfel: 11",

36. JRE, IFaxiel
AMAR has 37<R&, whereas ACS] also adds 314 to the list.
37. JaTel, 3T
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ABCH mentions cf&unmsurt, and ACVH adds 3@l to the synset by
saying ‘VUfedg d«@ @Ml 3. WU is a gana in
Siddhahemasabdanusasanam which allows replacement of ‘p’ with ‘v’
by the rule ST 91 g: (2.3.90Y) like SUT-5faT, IRTGT-URMd. ACVH has 14

such occurrences where alternate words are explained with the help

of this rule. They are 3Uml-3f@w, fdfU-feifd, der-aler, HRUTA-ARATA, HUTC-
FAC, YRIR-IRMER, JHUR-3HAR, HA(I-Safd, SI-o/@l, AUTe-2arel, ToRT-3TeRT,

THT-q4T, URIA-IRIeEd and Jreg-red.

38. AT, I
AMAR prefers 3@, whereas ABCH prefers 31qr<i.
39. STRI-3UTTCRT, 3T -STRAT
ACPH has added names of directions by mentioning the diagonally
opposite direction and appending A3 at the end. 3T is termed as
JUTART and 3MMY is termed as STRARI. This is a way to increase the
lexicon by taking advantage of the antonymic relationships.
40. Directions and their grahas
AMAR mentions that "3fd: el A8RIg: FeigAga f[Ay: | goT gevafaeafy e
°g dem TE: " i.e. starting from the East, South-East and so on
counterclockwise, these grahas preside over those quarters. This
information is missing in ABCH.
41. Consorts of Diggajas
AMAR mentions the 8 consorts of 8 diggajas, whereas ABCH does not
provide this information.

42. IHY, IR
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ACPH adds ¥ as an alternate to 9M™R.
43. ay
AMAR treats it as neuter, whereas ACVH treats it as neuter and
masculine, based on the authority of Vacaspati “Jg dmreRyfc:- 37
el HRifesf afus 1",

44. PRD, DRDT

AMAR has #¥@l as feminine, whereas ABCH has it as a word that can
take all three genders. ANVS cites the following: “@xa%] FATIIAY
SfSAsty o | gameUer 7 St aRg 9 dHUset 1"l Thus, in the meaning of
JEUe, this word seems to take only masculine and feminine gender,
and not neuter, as claimed by Hemacandra. In neuter gender, this
word can be used in sense of dIg or HHUS.

45, i, fas

Both these words are attested in AMAR. ATSS explains this

phenomenon with the quote “aft aRRRATHATIOURTI: ",

46. fed, AR, guUR

AMAR treats 89 as neuter and the rest two as masculine, whereas
ABCH treats all three of them as taking both masculine and neuter
gender, “Td 3T: YFeiafaigT:".

47. dRT

AMAR treats it as feminine, whereas ABCH treats it as masculine as
well as feminine. Vyakhyasudhd commentary on Amarakosa by
Bhanujidiksita (AVSB) clarifies the situation thus “dRIc: U=
(3.9.93%) | RSO Hed F99Hed ¥ NI WKR AU sfa e | (‘amr
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IFRAFRIIYGE: JEHifhd | A1, AeRASRITE) T 71 A1, T 9YAH | S gEeaaris
arferfidferri: | RfdgiscgeasTes a)

48. JRPT

AMAR treats it as feminine, whereas ACVH treats it as having all
three genders. AVSB clarifies the situation thus “3MUereaTIRSINY a1 R
| Tk g0 F SYSARHI | FeR AIfeded 9 dRd dRGIy I 3 enedd: | (‘AR
SANHUTERA SIS | SRS T 7 JARaR BY) 17,

49, IRRY

AMAR treats it as neuter, whereas ACVH treats it as having both
masculine and neuter gender, “YaeliafelgIsTd, Tgrawyf:- A= FORISFEAT
I". AVSB has totally different view, and claim that it has both feminine
and neuter gender on the authority of Vopalita “wUdcaeied | =i
TIRR: TGHRRT:' 3T aTferd: Sficaws ',

50. RIS

AMAR treats it as feminine, whereas ACVH treats it as both
masculine and feminine. ATSS cites a quotation from Venisamhara to

justify that this word also takes up masculine gender. '

“FEAR ST TAd e AR Iag 39 g1 fager: 1" sir Jvfer
f1egres: gfergisy I

51. Jain measurement of time

Entries like 3/@¥fdufl, Icafioll, oR, Ueagudr, JudT, JuHG:SHI, TRV,
SYHT, UbT~d:¥HT are present only in ABCH and absent from AMAR.

52. fe
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AMAR has it as neuter. ANVS emphatically declares that it is neuter
only. “fdH @eflema". ACVH treats it as both masculine and neuter
genders.

53. T

AMAR treats ™I as masculine, whereas ABCH treats it as neuter.

ACVH justifies it thus, =afd F 91, Fefafag: | Mewg-SoRem e
AR A1 H il 18 1

54. TURTH

AMAR has it as neuter, whereas ABCH has it as both masculine and
neuter. It is a quite hotly debated issue in the commentarial literature
of both AMAR and ABCH.

55. qusq, g

AMAR - m., ACVH - mn. VJYP mentions ‘IHRId &l aws AN G |
e Aedswg qoase s XA I So, it seems that the words indeed
take two genders, but in different senses. Therefore, in the present
synset, it takes only masculine gender.

56. UDhIUS

AMAR - n., AVRD - mn. Amarapadaparijata by Lingayasurin (APPL)
mentions ‘ “HHUSISHET JATE:" 3T FAdpmosam: I,

57. 1SN

AMAR - m., ACVH - mn. AVSB mentions the following without
providing the source, which also attests the neuter gender ‘R HeRI
.

58. IRATF
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ABCH provides the names of Jain agamas. AMAR does not.

59. Tenets of Jainism

ABCH provides them, AMAR does not. See IS, MUY etc.

60. BRI, gy, Uity

AMAR treats them as a separate synset, whereas ACVH subsumes
them under the 234 synset.

61. I

AMAR - m., ACVH - mn. ACVH also quotes § to say that the word
means a slightly different shade according to some lexicographers *
“tge: RIfpuers:" S g0, AVSB also mentions a different author
“TERTUIT  "Heich: HIUHIT: FATGCRATgSIRA=1:' gegehd 1"

62. SUIRI-aTgd, SUIEN-IER

AMAR treats them as two separate synsets, whereas ACVH has taken
them to be a single synset.

63. HHET, FHT=IT

AMAR enlists {Hel, whereas ABCH enlists #H1sll. AVSB also attests “
FHTET 3fcl AHTS YA loST: "

64. Ucg

AMAR - mn., ACVH - m. ACVH also cites Vacaspati’s view that it

takes both the genders ‘rRUf]-“UCEIMDISIEIT” T8 |'.
65. Types of A1

aIRﬂ‘T, JHIBR, etc., are mentioned in ABCH, and not shown in AMAR.

66. SEIN
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AMAR - m., ACVH - mn. AVSB also mentions the following 'Pj§~li3|

TOMUSH | GRA TS T JFR AT | (07 dag g @)’ 3fT 89: 1. Therefore,
this word is used in different genders for different intended
meanings. In the present case, it takes masculine gender.

67. X

AMAR - m., ACVH - mn. AVSB mentions “‘&X: SIgICAN: | & g dax' 3
Stk

68. A

AMAR - m., ACVH - mn. AVSB mentions “‘HI JHT0! JRTE! A& T8
gfcr g,

69. Gender differences in the words denoting poisons

dXNIAIH: dleipcl sizidAt: L«ICE\ILH: |
ARIY: elifehdd: Haidl SREISTT T 199R€ |
Sffeeeal HuNsF: PB-dlefd Ao |

PRICHI I Hhe: BRARD: 1999 I

YUY HeTep! TRTSiep: Ah-bar! |

FSTRIR: Bifers: Yfed TyRiaed: 199%¢
g5l clTgfetd! faRgpfets-Usrer-vitae: |

TR ST FATART fIvSTTa: 11998 %1l

According to ACVH, they also take neuter gender as per the
authority of Vacaspati. ‘T ddsfd aeitafergt:” it arerafa:’,

70. Names of hells
AMAR enlists as per Hindu tradition, whereas ABCH does as per

Jain tradition.
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71. EIEINEE DILESb]
There is difference of opinion about the interpretation about
gender of these two words. Whether 313 applies to @Y or 3
or both. Amarapadacandrika of Rayamukuta (APCR) mentions this
clash as follows: “3M-2eeRATCRIwe o ATfAd "SI fa Hrarfeaq ar
T | FRIIUAf B gfa w11t

72. aRfUr-aRofl, TR-a_t
AMAR prefers @RftT, dR. ACVH prefers axuft, ol

73. AgTd, Agdh
AMAR has 9§19, whereas ABCH has ig-$. ANVS mentions “IgH
TG 39 (TFTIT:)--- 3T J qPe: 1| AFTpT:-- ST 11"

74. Coverage about names of insects

ABCH has more coverage of insects like gfa1, fidicres, fudiefier, smerof,
e etc.

75. 3AETd
Both AMAR and ABCH mention 3J%WTd to be neuter. But ANVS also
mentions “"3RE! <A@ " 3T JEBIUSSTREGTNT Gy 1",

76. ATetdTet

AMAR - n., ACVH - mn. AVRD cites Abhidhanaratnamala of

Halayudha (ARMH) for masculine gender thus, ™3Mdlel 3fTeidle:

TITSTATY: FIeh A" [SAFDIN:R 19¢Y 1] 3T SRgy: |
77. Siaret

AMAR - n., ACVH - mn. APCR cites Vacaspati to attest masculine

o

Ic: 1",

version of the word  “9iactea daret: dlael ST s areRy
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78. SER
AMAR - m., ACVH - mn. AKKS cites “9<I Sfel 9@ei 9@rel 9, fisi-
JersTaaaTed: ( So ), daat daTafiifcr g SfIe: 1" to attest neuter gender.
79. fawy

AMAR - n., ACVH - mn. AVRD, ARSS and APCR all cite Amaramala

to justify the masculine gender ‘ “fivar fwqiseeft yad g TgAHT"
STTRATARR: |
80.  gq
AMAR - m., ACVH - f. Hemacandra himself is aware of the
difference of opinion, as he himself notes in ACVH * f=Id axf=is&i
81. ARTeAT ORI g9 |
The anvaya of this verse is explained by AVMH as “SHifelgamat dg:

AMAR - m., ACVH - n. Hemachandra is aware about his difference

of opinion as he says “U: ASEIISYYTAR:" || (EAfIF Jo -‘-lg'o 9al-¢) 1l gfe

Fetlaead | 3] — fAuerduereal s, eed JaTe- “egeal fquermmelt” i i1
83. T <

AMAR - f.,, ACVH - mf. APCR also mentions ‘Tegfi: g ferm = |

"eraeRIEd g DI IUed O | T B g Tgfried Med = aq it gk

ARRGRT: | "GR! Sghal "SR g AE R Tegf: YR et sf
SIeaa: I,
84. List of countries
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ABCH enlists the countries from &Y to < and T to fuer.
AMAR does not.
85. RIEH

AMAR - n., ACVH - fn. APCR mentions “A<: f&ee (3° 9 | 4R) | 'Tf=’
| "ERar Regiih: (3RueTRh: ?)- i e (@re 8 1 9 | g) 'A< T |
TINTeT-"AfRIawdaTR:" 3fd gfcr: 1", ATSS also cites the following
detail - “AfR AHT TS DI 9 Trdl TR ARG STVUET B AHR
afSaq | doIT IRAT YART:- 'goTfa gfeh §4918(?) AfraxTaRaRaT:' sfr 1

86. ClNIEL]

AMAR - n., ACVH - mn. AVRD mentions ‘aIaRa1sa= THHEAAT a—A:,

yaeiidierg: | R ame:, et A1e I

87. IRIECR
AMAR - n., ACVH - mn. ATSS mentions ‘3= f3RaRfHfa Tre=e: ',
88. 4%

AMAR - n., ACVH - mn. ARSS mentions ‘A: §5: YddWHM",

89. for, foft
AMAR - f, ACVH - mf ARSS mentions "#ft: HY&A: Gh!
FHfTfARTEA (37 Afe)’. ACVH mentions ‘sfiad siftr: gefifas:, i sioft
I,

90. PCHA, DA

AMAR - $cAd, ABCH - $gfcl. ARSS mentions “@sfi, e a1 HgHc:
el Pead a1 Peaasa”.
91. g5

185



AMAR - n., ACVH - mn. ACVH mentions “Ysfd U Yeeilaiols:,
IrRRUfCR ‘geaisE 3T gRwTE 1

92. e, e
AMAR - fiigmel, ACVH - fUarel. ACVH also admits fS/met too.

93. by, Dby
AMAR - @a=g], ACVH - @9, ACS] adds &d-¢ as a supplement.
HSDS mentions “@® dlfed: oFY:;, oed FgRa a1 Hdhe: |
"FAISITOHARREAGRT Hg" [ U193 ] 3T Hfs I | Hifelg: | ua da-g:,
Ppact | gelifelglsad 1"

94, s
AMAR - f., ACVH - mfn. ATSS mentions ‘I $g<: I'. So, masculine
gender is taken care of, but the neuter gender remains unattested

in commentarial literature other than ACVH.

95. Helg, Hely, Helq

ACVH has #cg, but AVRD has He1g, Various commentaries of AMAR

have #oig, Hetg or Aoy, ATSS has Helq ("Hel GAIdicd”). AKKS seems to
have both A and A ("Aa o3 U Aaq: fedaws o™ , ( 9eld: ) g
ST 17).

96. TJHTA
AMAR - m., ACVH - mn. AKSS mentions ‘T g&ve:',

97.  fe, frjudt, e
AMAR has uSl. ACVH has vs! and fudt. HSDS adds r[ve! too.

98. PNUCh, HoUCh, HDUC, PRUShH, HDUSh
O O O O O
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ACVH and HSDS put together attests these many variations of the
same word.

99. PR
AMAR - m., ACVH - mn. AMAR himself mentions that "E'r%ﬂgc'ﬁ
FRRISET TS 'C T A7 1", Therefore, the word depicting the tree is
masculine in nature.

100.  Adds, Jgfds
HSDS mentions these two as alternatives.

101, forfceen, Mifden
AMAR mentions &g, ACVH mentions f&@n. But it seems to be

an editorial lapse, as AVRD mentions it as Mf&em and writes in

footnote “ 'ff-' 3f¥3, FftaIel Tamsdem o 'FfifEar sf g 1

102. Names of trees
AMAR enlists many trees which ABCH does not. It may be because
Hemacandra has authored a separate work Nighantusesa dealing

with the subject.

103. SIENIBNCRENIE
AMAR - §eaut:, ACVH - dedw:.
104, 3few
AMAR - n., ACVH - mn. AVMH cites Vi$vaprakasa - 'Jifgw: "ifgs:" |

"y FHor eid Afesr sRom=R" i fdeauamen: I'. So, in the present usage

neuter seems more apt.
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Annexure 4
Additional information provided by lexicographers on

specific words

1. ABCH - %gf: ()
ACVH - B8l STy ol 3BMS: .. SfraT BMe: |
Bhattatota — Jgedid:- V9T fhel MRS |
2. ABCH - gfo=afawarfast (¢ o)
ACVH - f3: Hifers:
Vacaspati (VCSP) - JgreRuft: - “Rfied caatie! 4fd: St enfar et |
3. ABCH - 78gs: (R4)
ACVH - a7feaar fg gyrontemifefinam geonf |
Vyadi (VYDI) — I5ea1fs:- “FYUIMeed ASalsed goorf=i Fad 78 11"
4. ABCH - 99T (R4)
ACVH - guft7 a&d wgesieafiiRir “SfEafar-" 1 (Sum-Qoo) 1 gearfer rf g |
VYDI - 35 ifs:-
"SHGHCT IR IR 97t |
STt gTee 7ell FAIea JEd 191
IS TSI AR |
Tl @TTe greel defeEd 1Rl
PIfcicheh cAdIGeT ATId qURITY |

TRl g S IS TAIE T W 1311
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Oy vg R 1R e fworm <9 (129 11"
5. ABCH - Aftesfuaiferem sanforfizugeadfiea: | (%)
Gauda (GAUD) - 3nfigRfc aite: |

6. ABCH - 3f¥ICl HIGNTET: Qﬂlagz qiRyTfedant: 11903 1|

“FRIGRIATARIGT: TIRUTIeGd: |
TRIILT  aT: | AT R 191
T <SP AT USR] SUSHIID: |
afexg <famr ured fUgel am=ed |: IRl
JEeR Tea st shor it |

fach?r g emferdt ot @Rt e 131
JIR J JHIET SHHT HerTIafeml |
FEHT PHTeTed IASTAOTATET 113 I
TMT AJHRRE! ATSRE! faciiad: |
qfeETfeRgeull it TTCgaTd, Harde! 114l
ST Jerevrdt dt o TSt HHT |
T G el df SUSYDNT AT g Il
amfeaHt g uredsd df g1aa fheiRat |
SIRGD! LIS eN: qTRaTfedan:” 19l

7. ABCH - T=5HT: $Ycd-¢al SddarcagagReifagoi: | (104)
VYDI - 318 &1fs:-

“IHIRY, S T AJLIFHAT - |

AHYTgEAT dToit &A1 AR R: 1191
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3raf @rer I FAMSRRT e Fafd |

AHETAT: G: T ARSI pAf” 1Rl

8. ABCH - af=ad1 g=mfddar 1190¢ |
VCSP - afacafy arerufd: |

9. ABCH - T1&mIuy: |at: afdfoRm: 19941

Amaratika (AMTK) - SERIGTN 30 E-aeRIF0l ST~y 3 3FRCIdl, O
AU AT J9rEaerd_ fog: 1l This quotation in ACVH mentions an

Amaratika, but does not specify the commentator.

10. ABCH - ¢! FETa: H1ed I2FT 9FE: Hid: 11998 1
Vamanapurana (VMNP) - SEhaR0 FRafdcarsT Jg-am-gRmol-
AT A=

f3r9m=T o1 <7 @ FoRTA 19 11
11. ABCH - Jsy&d! JsardTaaiacdT TRt 1923
Vi$vadatta (VSDT) - 35 faeae: et gue—arearaf I
12. ABCH - &0t: 5fg¥Rg ATR$HhT | (93€)
ACVH - 1e¥q Tfelal; SN ATfSal |

Nandin (NAND) — U] 3feRehrad, ST ArSifc A= |

13. ABCH - AR faereradett 3fU | F1 (480)
ACVH - < fosf 9, areflaifets: |
GAUD - TISH] - SR [IhIated Aried Aafeled d il J&ITE |

14. ABCH - HTgaleieg Padlsedl 9i kg I: | (989)

Smrti (SMRT) - Iq FR:-
fRaa=gTes YM g<1vafd TR |

3 PIel: padl I ol S<wer I
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This seems to be referring to Mahabharata verse 1.87.31.

15. ABCH - f3amr arfa=) aidt o+t a1 fa9qmest |1 (98R)
ACVH - araf=t aehaTdT 3R, TIRTEETd, S o+ 1190 1l TAfT  SFRETSTRIRT ||
16. ABCH - 'affsT sefanfat | Siteet g giomRIf:

ACVH mentions that according to AMAR, the meanings are not strictly
the nights of 3MERAT or YiMN 'dfRar arRdt IHIRRT 3FR: I' and ‘<Is=
Tfraaarsfaafa amR: 1.

17. ABCH - fefterecgeiRil 7e1fiem | (984)
Katya (KATY) - fad eRasfafaefter: | “_ggwai offs:” 11 (Iom-22¢) 11 3T o8 foe |
31 Ua Hrear fyeftel gaor s |

18. ABCH - 'aff ffiR d9: 11984 11 € YeBRIFghR 99 qHared: | '
AMAR specifies that these three entities refer to specific type of
darkness. ACVH duly notes this phenomenon saying 'W?—@-Wfd
Tes—eT™ N, &fvisacm e a: | fasae eI faeemme 1.

19. ABCH - gegwrhie @let fageg faye = o 11 98¢ |l
ACVH - fayad, Yaefiafas: |
V]YP - 35 doR=il- QX 1841 89 e 4 o™ &I JNUSfaigT: |

20. ABCH - &9 789 @ 9T& (9€0)
Manusmrti (MANU)- I A:----
II1Aig: FEATVT GuivN g o g |
T TTeresd] e HEIee™ qATfaer: 1191
SNY ALY AHTIY 7 A |
TShTIRI i<l AEAT QT < 1121

eI, IRACIATTHIETS T |
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WIS, GIRLNTE <Ml Jead 13 11
SfIe™IT I J H8H IREERTT |

STERGTEed dradl Eeedd 131

IS STRHERE J2T-

TN ATV TAATgadad |

TR FEATT uIvN e el T 1191l
FeTfor TS AeT U |

el ARG DISHTUHT HIZH el 1111
R g 8 Heafor = fderfa: |

SR JE=I J ATUIE! Ja I 113 1
T Farfor wited FEATr dHet i |

IGITISATION ST F=I0N T3, 118 1
S < AN JF 0T el |

21. ABCH - &edl T HedT<: FeR: To:a: | (959)

ACVH - ®eqd SFEfE, ded: 1911 .... HeuRIFaIsafd: deurd:, 3Pd: deq: eaeifs=ar
STRIfeTe: |
Anekarthasamuccaya of Sasvata (ANSK) - g ATz ---he: g faet =Ry
SENECUIRCEN]

22. ABCH - & 5esl 0 1 (98Y)
Bhaguri (BHAG) - I8 HR:-gfa gFgeRIses: |

23. ABCH - gecai auforay (9€€)
ACVH - 99 Jareilaferg:
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VCSP - I8 arawyfr:-31f Jduael dfafcesi=i avor I
24, ABCH - W& quella] am: PHaIST: | Jouae: ATHH: gudiened s |
qQuoll
ACVH - RspHoIfty IRararg, v |
BHAG - “Wgd: Yue¥ich: PHTaMT:" Sfch ARIR: $HHHTE |
Mala (MALA) - H1eTl g-URTed: godie i |

25. ABCH - grdiHafe: (999)
ACVH - Uri=H@ET Sfeu 49f 3Ry Uref=efe: |
Visnupurana (VSPR) - Ig fasuygrror -
TRIIRIT: PRI gfSiedT fasgam 4: |
greFefeRddd, @ardl gfd q8/ee: | (VSPR verse 1.14.4)

26. ABCH - fUeTTeh WIICSRIgHSIehd ° dad: | (R09)

AMAR - 3% "fOATDISSRTd & " STE |

Pracya - TIRG- “3ISTd €9 Uihq" 3Tg: |l
27. ABCH - SaMifieed! 9 (343)
AMAR - “STeRIsTHIeIdRT TIT” $TR: |
28. ABCH - 3719 &IcR: | SRagaferd! fiar siosfoamsiigat: 13411
AMAR - “31efR PaR:” gIR: |
29. ABCH -
HRIT ST TSy P feiplad Al 1300
PUC Dad T e BB |

U Y o187 713 =t (30¢)

Unknown - ARITET: HUCISILT UhTf 33b |

AMAR - BUCE] USEIed =l geamR:
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30. ABCH -
37Ty |

\‘HCE"II UMUK ATAT dTATeYU]] QTfeI': N3¢l
AMAR - ‘A RgeANoT 37 Tafe: Fafeed meHar faeHfcTR: germe |

31. ABCH - ygafeducsged! (809)
AMAR - fificd sa=R: |

32. ABCH - Schedege ST: | Icehiudd: (83€)

AMAR - 'SETIfEh IIP:' STTR: JTE |

33. ABCH - fufeifteen gecplargfedi<adi<ar: | IagaRel (8Yo)
AMAR - g1 gfeaisdicarR: |
ACVH - 3/ gfeealg qucgaiee—<a: ||
34. ABCH - $a $fUI: (843)
Nairukta (NRKT) - $f: UIORRIRT oh: |
35. ABCH - UM: $Hegged! (8€0)
Bhoja (BHOJ) - IS UMH: IrgTfeedrst:, MR 3%, Fraulfe 9ot |
36. ABCH - qr%J g1fgRuredq (&)
VCSP - ggreryfa: - “fafdem a: axicanefi anfa: 9 & oz 11!
37. ABCH - 3R &Ur2d (88Y)
ACVH - $aftr rgie "arcfiR-" (IuM-33¢) i :, Fefaisa |
V]YP - dSa=iaReg- ‘quiisdmisiy 7 e it fms |
38. ABCH - 9l &9Y: M (8§¢)
ACVH - erafc fopdfar ener:, gfers: |
VJYP - Feitast dsr=it, JaT8- ‘anelisel saef: onh:' |

39. ABCH - aifguser fagfgyevsared: 1| 99 |
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ACVH - fag1 efioasefafer ar Sffagtsad |
V]YP - §fY dSiaw=dl, IaT8 - “fagfas sop |

40. ABCH — ScedTergdl & A ST & §Ppa: 11 894 i

Manu (MANU) - 5Te fo@Te arensad, a=4g;: -
“3ATTBTE ATeRIcdT I Yasiieted wR |

38 S H-A1T SRl &: Febifera: 11"

41. ABCH - 9Ueifeagr: (80%)
Kumarasambhavam - J&1&3 - “d1 A&7 lengrmTy: Faamsi-edae g499" . This
quotation is from Kumarasambhavam of Kalidasa (verse 1.47). Only
difference is in the word Ig< and R

42, ABCH - pfciereg Hatsist (8¢ 4)

AMAR - Pl BRI Peieh:, FIIR: |
43. ABCH - 9IR: enReg Wefil (8¢ )
ACVH - urdAT aniv: Eifels: |
Sabdika (SHBD) - emfedehReg URURM 2R 8~ JRIRIETeR= |

44, ABCH - RIFHANIGEATAded: (8 <)
ACVH - ‘fUg=iger: #4961 s |
VYDI - ‘Ige1fs: - “S: frgwesf a: | aramet #=rera:" |

45, ABCH - 3121 31 “fth: giReral JRmeT 18R € |
PHTRTEGAITRARERTIRIET: | SUER: (8%€)
AMAR - 7R 90T GRIfeT i fosigremfar faewmg i

46. ABCH - 311afaranT=, ureons anrarsife: | urems (83%)
ACVH - 3/d9T 3mfcaer 1a Smafre: |
SMRT- “~ioarorfcrfel fa |micres den” sy T |

195



47. ABCH - UFewiieRATgdaTeRa g | SfHearsgeion: (4oR)

ACVH — AT IAaT: fohareq=: |

Padarthavid - “SToTdl Ioradr <8 fohar gftr f2 uereifae: |
48, ABCH - H&IAT { JEROIRTOUI JAfIeen | Tl fadrpet (499)

Sisupalavadham - ‘J&&a "uRvAFHRBRAC eIk gl | (4.21)
49, ABCH - garfa-t agdt =arfeaiudt (49)

Dramila (DRML) - Fa1fa=iifa s |

VYDI - geaciaaiy &rfs: |

AMAR - fRUITmR: |

Others — IREET |

50. ABCH - SHI SR gRus: (493)

MANU - I - “SIRIR g STRIcd JST SR g~

51. ABCH - $cTal Peidifcial (494)
AMAR - STl R: |
52. ABCH - fefayeg gdfeseT (424)
MANU - Aqca~gelsss- “SISAT JeFe™l orarmedsTen | a1 anfefgegtar gaf g
fefergtar 1~
53. ABCH - SBse uRIIsTol SRUMRIET (43¢)
SMRT - T~ “ASHTSIDbeY Padl SRATEH | SRR URIR: TR gaor:” |
54, ABCH - 3791 Ufciedr 14209 1| TepUcrt GaiRaT ATedt At (Y¢)
MANU — JH: - AR S0 g Iei 7 JaffT |(5.153)
55. ABCH - rfer a1 5 ArsfRamept | (4R)
Bharata (BHRT) - I *Ra:- “fecal ooy f2orsT 7oA Aend a7 | JIRRIRIA Sl a1
JASRrRATRST” ||

196



56. ABCH - TIg< SIge Hgl e (489)
AMAR - 3FRE] "SIESHTOM, FTOTRD J ATTAH! 38 i
57. ABCH - fer 1 g ao: (489)
Sruti (SHRT) - “To™ 913 o 9 3T ofh: |
Yajfiavalkyasmrti (YAGY) - “da9 o™ @1sfU Ueel: Jfemmed: | 99107 9107 g9

AR | TaR:” || e T AGHT ST a1 A: | (3.83)

58. ABCH - 7 G: 148 9 1| IgBISFIcAST: JIua-1al SRa: Fo: | T (Y8R)

MANU - J9g:- "gaIPAl TRaIg, I IR T30 Ga: | a9 93 S Ukh: FeMd
Egar” |

59. ABCH - &3Sl SaRIfeSt: 114388 1l
MANU - I A:- “IRdeqst: THaW Fellae faae a1 | Fagmu FRIG™T 9 G &
a1 (9.167)

60. ABCH - ol SRARR! (440)
MANU - Iq Ag:-- “T98 AP g Fugaeds oo | Jke o, @
MBI dT” Il (6.166)

61. ABCH - 54 *fdiR SIRT: | TADISAT PUs: (Y40)
SMRT - q Hft:- ARl TR & Gal duetierd! | gl Siaf Pueed Jd Wik
Metep:” |l

62. ABCH - 97T g ST Felex: 1Y 0 || FHMIGINGITTHwgs 3ffT | AIexed (449)

AMAR - “TR]:” SIR: ||

(oY o\ QO

63. ABCH - ®faidd: WigRT: hlercllara a8 T 144y ]

Unknown - e hier * “dfeuRsafsadizg” sy b i

64. ABCH - TIITIspHT: us: §Ug: Fefidl 9gdad, 1Y€
AMAR - ‘90G:"'STHN: |

197



Others - ‘9103:’ 3T |

65. ABCH - #@t @: | AsIOSMUSITeMGEdRE: 14931 B0 31=: 990 9
(49%)
VCSP - Yaciiafels:, a5 areafd:- ‘#1a: Ssuafear |

66. ABCH - I9I0y[deR RITg gT9uRT Pic: 14081
GAUD - ypfeypel g JamRisRiv, Slifergt:, g Te:- “3f gpiedgieypieyspie:
fer:” sfa |

67. ABCH - 7 s fRrfgT (4¢ 9)

ACVH - 7 ..... Feiefaigisad |
VCSP - Jrefieg- “Fep! ARAT fagpfrer” $icr g=us |
68. ABCH - TcIT=t gahoft (4¢9)
AMAR - ‘gfenull' STR: |
69. ABCH - el g AegeATguR it Fafad 14¢ s

VIYP - SRR HEde=T Iofawdl SFT aed1eadigdl:’ Sfl agRl IeeramTe I
70. ABCH - Tall fRUI: U8: (4¢¢)
ACVH - SR eI $us: HUcd a1 Gielglsa |
VCSP - araefcRg-Tarier g HUaIsEl” 3i aellds@ms |
71. ABCH - IR Yolred BHohilr: HuRed A |
ACVH - & HUIfi] wwhiir: Efas: |
VJYP - “GUR: hiUMFN” 3iT Gy doraw |
72. ABCH - difufoedrgfer: umorfdrgdgestt | wumeee (4R0)
ACVH - g=Ifi Guedfa 95g: “qga” 1Y 19 121 37 Jo geifaist |
V]YP - Jasriil-“3iereild GRTe] af |l ggic: e’ sk I
73. ABCH - dt gal g=Ratfel: 1 (4%¢)

198



o

NRKT - 3/ St =-fd SodT: |

Natyasastra (NATY) - ey g- “Uarendi g el Heeivesiiel: Td:” 1 (9.128)
74. ABCH -g=< gf<migefl fiaus! Sodi | (§0%)
ACVH - 3far: gfets: |
GAUD - Te¥]- “SeR PpiéRecie” sii famwmE |
VCSP - aRRUfiRg- “Plarg JToR1eR” 3T STov1d g2 ||
ACVH - SR, Felidfclg: |
VIYP - II=<HpRIg- “SToR dlex 7 A1 $4Ts;
Buddhisagara (BDSG) - feigisafif gigarr: |
75. ABCH - 3= g QuIdf ligoyll
ACVH - Fefiafagisa |
VCSP - qrefcRg-31 RIdaeri, gid JRems |
76. ABCH - Tcuneaua! g o< ligocl
ACVH - Fefiefaigisad |

17 o\ Ny T
BHAG - "TRRG- “PPras! THER SHT Segua!” 3l TRITE |

77. ABCH - §g9%0&: lI€ 90 || TFSHAIwT: (§99)
ACVH - IUfTed Fesd Iu=el:, TR |
VJYP - SSciaReg- “Seh gaqueelisel” 3y aefidsws |
78. ABCH - RITCUS UaHUSH: II€ 99 || THISTSHIL u0: (€ 9R)
ACVH - 308, Feildicrs: |
VJYP - SR IhRRg- “31 ] TShDIMUST:” 3T JRITE |

79. ABCH - IRUI: HHUI: UTS: USisfgeeal: H: | (€9¢)

ACVH - 92rd UTS: “geoai—" 11413 19€ 11 3T &7 |

Durga (DURG) - Uefd, I8 gif:- "ureammrel: gefed™ 131

199



ACVH - GerisaH e: Ydeiidiels:, quifediae] gt |
VYDI - Ig &1fe: - “UcuTGifgea=unsat” i |
80. ABCH - 7 aaaigel | (§3R)
NRKT - AT 9 9&Raisgd, sia 3 |
MANU - I 9:- “H1 9§ HeRAIsTT I AAMEseIeq | Ud-Ng ARTcd Jaai~
HHIYO:” 191

NRKT - $g Tl |H:, HIT hed, PiaPpaed e, 3i et |l

c

81. ABCH - T g5 g3d garepl g3 I deiFq g3 |
GAUD - g1 e, gfers sfi als: |
BHAG - 9N— 3N dg Jadh . 3fT Feliem g |l
ACVH - 3594 gah1 “fsagosa-" | (SUM-2€) 1l 3 & Furad, Sifegisad |

GAUD - I Tits:- “ferdi gaepl gareh: RGN ” 3fT |

V]YP - ISapR¥g-“gad! qIedia Ieil” STE |

AMAR - “gFDBISTHN, &I T SIERUH, ITAR: Yeiep GTE |

82. ABCH - #=ISfRIgg qu1 JRIT doll-of T 997 11§ 2%l
Susérutasamhita - “JET T T: F: AT 1" 37 F=M: 1| ($arirasthana IV.13)
83. ABCH - < J A¥dda! ARTsD! Axgdgd: | (§4)

ACVH - & & PaerR! U, Felaiorgisa, |
VCSP - qrfcRg- “MeIsE! agdg . S T8 ||
84. ABCH - #3IS $1ed AR: (§%)
ACVH - IRR1 BIATRART AR:, 8 <931, AXPaIsy |
VJYP - I dSrIwil-“37eImey dhidsd g 3fT |
85. ABCH - SIS HABdI | (§10)
ACVH - RId 399, Feliaferg: “Rigil-" 1| (SuM-¢99) Il 37 Arg:, By |

200



VIYP - aSaw=! I<Te— ST BT i |
ACVH - & $Hoep Eaeidieig: |
Muni (MUNI) - ‘&emea!” g gi: I
86. ABCH - 759l g $Ifreh: Jepanisee: Faaeal g ¢l
ACVH - H5Slc¥™ ool “Sferafe— 1l (IuM-R00) Il 3T+, =: JFIIH |
VCSP - areRafoReg- “arer Aoo gat:” 3fi e |
ACVH - 9 g §:- Aorads-Fa1sfRif femfs feer Sifers: |
87. ABCH - ¢ Bfdesier! piigadisfT=qiert lig3oll

ACVH - 3R SRR |
AMAR - 3FREg- “31for 7 Pt Tt 3R g i FrRfeard gerTe; ord gg
SIS STH: |

VCSP - qrRUR- “THfS FRIFEMeT faeed: | Tieaxur a5 Uikl sffoaHg:” ||

88. ABCH - 97401 g 191 ¥ (£39)
ACVH - =11g: “Paar-" || (S0M-9) 1l $Ju], Hifclglsd; FAasy |
VCSP - arefiriars- “afel T a=il:” 3 |

89. ABCH - Us J He™: (£39)

VAID - “FR[Eerd:” 3T dem: i

90. ABCH - guitel Sf=1 ATl Ssearg: sohapfeehl | (€3 3)
ACVH - girar s R: |

o1. ABCH - fIg fasrsaveps: e | (§3%)
ACVH - ‘fqafct yganer fag, Sfifeg: |

V]YP - IaioReg- ‘SR g = A1 31 aefldsas |

AMAR - 3Mg-“fasifast férmy” s 99 w18 |

92. ABCH - SRTTHTFDIATRITTsd: 11§ 3¢ Il TG JerameAr fsh: (€3%)

201



Dhanvantarinighantu (DHNV) - gra=dR¥g- "W PR T qAT |
FERFTE T A J&ieer:” (7.48)
93. ABCH - 3TdTRRISIE Al PG | 3R Sigd 9 (§80)
ACVH -genssn Af& afdrepr, Eereiaiorg: |
AMTK - “gomy 91+ STIRCIaT ||
94, ABCH - gRawe 11§91l deraftiemefist (€83)
ACVH - MefisfiRvacarg mefis:, gat |
GAUD - Titexg-"mefits deruftie” 3t defleds Il
95. ABCH - WITg WhaeH_ | Pama- diEaR 3 ferafoier g8l
ACVH - [ierg qui=Ramirerol dq forerdforer |

Unknown - fcremooff 7€t samisa s i
96. ABCH - 1@l g afaRRd Hleiaars | (§84)
ACVH - $3d ggH, FefisfelsIsy |
VCSP - qreRufeRg- “Femsit pgH: o W g gre |
97. ABCH - 93¢ §=: lig Yo Il Hifel: e dIdgsofiy (£49)
ACVH - 7ggd queed RRISTH e “AgHeqal a7 1l (S-94%) 1l 3J2:, T P
a1, Feftasad |
V]JYP - GRIfU IoRr=<h, JaTe-“Hifel: SIS e Jpelsterr:" |
98. ABCH - 3fc@iftrent g @urfg;: (£4€)
VJYP - dSR R “auTig: " SBRITTE |l
99. ABCH - Te8HIUEH<RT: II§ 0|l
31T Meamgeeagae TR | (§59)
Unknown - 3R g “IqIREAl  BRISHTEEMl  JARRY, | IfeHPpaHl

AUGRISTBRISETTED: 119 || HATITE] TR oA I ED: |7 FeaTg: I

202



100.  ABCH - 9e: UId: (§80)
ACVH - gefi fReiRId e, fifets: |
AMAR - “JIeid: YSISE” FeavRI fAH g 19911
ACVH - YN A1 |
GAUD - g Tife: |
VCSP - File araeyfa: i
101.  ABCH - GoRIGETHRI JGIaaIaeriy™ | (§€¢)
ACVH - SIS I+, FrHfaaféid dreHfy |
BHAG - 35 9HR:- “eRoT1 g diaaerarga”
Kumarasambhavam - @& 9- “Telqacg™-aae” 3T 1l (7.11)

102. ABCH - 35T BBl Bl URYTHTISIRIE 1€ 0Y I

ACVH - &esq Hesle! THCaEciad, & desleaT |

VYDI - “@resrel gferan:” gy anfs: |

103. ABCH - feilel: Jeeeue! Freeetreea: 11§ 0E |
ACVH - fraraf frge:,
GAUD - Titexqg-“fFratereg fFrgea” 3T Fefier s |

104.  ABCH - 3 qui: YR%&IM: YIUfHaaRer: | (&¢o)

ACVH - SRR STRR:, SRCRUMY; 31 o 8N RUIRUMSTgugS |
VCSP - g arayfc:-“faf ey sferammaRoney” i I

105. ABCH - UTel gagis: 11§ ¢ 3 1l ufaums: (£¢%)

ACVH - Uregd Utet:, Yfelg: o7 |

V]YP - Tefiesit doraw<t Ieme- “udgys: ufcums: grensel” i i
106.  ABCH - agdfSHresRk! (685)

AMAR - 3FREG- ‘BT Terel HAg:’ 3T AT e s |

203



107.  ABCH - JraTerh! g aad: | (§¢§)

Dhanapala (DHAN) - I guTel:- “TERN JTehlserchdn: FId:”
AMAR - 3FRIGIRG-ATATelh! ATeTaf: Fadrertarg: i
108.  ABCH - JFRg Padid: (£%3)

Hemacandra (HEMA) - I&draM- “Te YfH O AT THawa:” i

109. ABCH - UNYIREIgS: (§RY)

TrisastiSalakapurusacaritam of Hemacandra - Jgaram™- “5gT de=d g8 fUs

Sicr qufcy: | M SRR A FaIgar” |l (1.234)
110. ABCH - H1¢1dT ga-1asi: |l Yoo ||
YrYAR: P ERITSITAZ: |
goRAT a9 U SGLRA0eT 4: 1l 9o 9 |l
SSIfIRAT: FAH: AGTeAHST: |
TEING PIIAT QI TEEET: Il YoR ||
Unknown - JSTg:- “HFYIl GrgARYT 8NT—: Joxal: | WRAd: PG gsd
Fepafer:" |

This quote is also found in Siddhasabdarnava of Sahajakirti (verse 119).
111.  ABCH - 3NAeF: qaRegwgar JafeR: | dglisorie: (9ou)
ACVH - &g sTavifergeard |
GAUD - I 7ifS:- “Glr<I lIgYs ° Pgl ITufeifF" |
112.  ABCH - Ow==RI I 9F: A o=, | SSRiF: WRaR: qifsiiuresg ysd: |l
932 I
Unknown - I&Tg:- "3IRFFRAT FafEAa: o | quiRfis fE g forfer: = sane )
9|1 ITfSORTERATh=< MNIR! T Ta: JIg | FeamIseaRiA 3l FeeR™a” IR
113.  ABCH - SFfIsamm=aaTaemsr 31y | SO (934)

204



ACVH - gl yaR! feer fgda Semdd e aace: |
Unknown - Jg1-- SfAIGNaHEY arared T, | Gei9ee add drerieacettad: 119 11

114. ABCH - TUS: W1 918d &5: 1103l
ACVH - {84 9ol wd A18d Feldiolg: |
VJYP - d5ig=il g-“<Ue] &F: ATEIsEH” 3T GRS ||
115. ABCH - IchISUSS ool | TYTa: Tagad | (980)
BHRT - 35 ¥Rd:- IEEUTSTHR: FIhe IR0 I, | HTUTRISRRIE iol: FeTea |
91l
116.  ABCH - o gmfelaried wierm a1 g Aer lysoll
Kautilya (KAUT) - Icdifee:- “Iuenfy: efenetteaRem=mmre=m” s I
117. ABCH - =T J 15 8! Sueead! Y | (989)
Unknown - 3¥g:- “SUS] HUSAWF A(IeoHMEE G | JERdS  [oes:

GRIhggrearsia a7 ||
118. ABCH - UhHaRIR=IET: Ui YgueTia | (98¢)
Unknown - IJ&1g:- “[~ 1] w1 &<eft TN F I@er oIy =@ I R | vid I ITsaanl Ta ot
qoRrEr” ||
119. ABCH - I M@ el dfgdl gaar @ gl e 9 o
RTHTRIRERE!: BT | (98R)
Unknown - I&Tg:- “[~2]u<i AT AUTE 9 T 9 arfeelt =99 | fogon o9 spofioft
SaUitar Jrarafut 218" ||
AMAR - 3RICIEG- “AAE TN aTfet Y1 ;| tch=1” gedd shHul AHaTg: |l
120.  ABCH - sarife-arsaiifeo (<)
Unkknown - J&Tg:- “RIAISEIRUl A WrsTmdigation: | Al s ee: weied
ety 11

205



121.  ABCH - s JT=RA_ | (940)
MUNI - I79:-g7 e e |
122.  ABCH - farfder argam (v4¢)
GAUD - “gur” i Tits: |
123. ABCH - 9% dfgarg gfe e daga: 100l
ACVH - 3ifgdrgrefdars ey,
Unknown - 1fSIrsfided |
MUNI - I=5f+:- “3ffgaTs ARTTH” |
DURG- gRg- " ARG 213 f8arg 9 Fergq” T8 |

124.  ABCH - M4l J Tcf SATETdaRuE 190E I
ACVH - Jalfd dcf Freftafcls: ey |

V]YP - ISI=<i1epIR¥] IST8- “MeT IdT T A_1” |

125.  ABCH - ®FHIIedIRINATARIN AUSe™ | FHIE T (9010)
Dhanurveda (DNVD) - aqagé“a:-
CHRICIE SICE IS IECEING CAE R L

3MTelie J Tahdied BRIaI_iaeaRd_ 119

ISl ARt Rl AEEaTET: |

RIS I | PTALTRT & 1Rl
TRl ey HRRIEuISIPIRAa: |

foRaT: gReeH R fafersad 3 1

TS ! et et 7 gag! |

HUS HUSATHR! JTaIcevi faemd: 181

ACVH - U Feflafelgt: |

V]YP - ISR IhRRg- T JARGHRERIT” $TE |

206



126. SO gt (99¢)
NRKT - gTERT J2Iep NTHHRATT ~ochl: |
DNVD- I5 g9ac:-“Jg: IRETAT A GeR-IRISI( ¥ SfT I
127.  ABCH - 9vFfhaiaees: (19¢o)
DNVD - 3§ &gde:- "HATgRITId Russcaiied | el Iod gorl & cqaewanien
"

128.  ABCH - O gfR: ll9¢ Rl

ACVH - SSRIGUAUR, THFIRATSY RETS20 |
AMAR - IGR:-“F%: GSMSHE! 15 3fT Il
129.  ABCH - AR ger fAfa-Romrg o=: | (0¢R)
DURG - I5 §ii:- “@AIBTRRIRE] ffd: w_Y ARIS1g JU: Semai &fert: rl:” g |
AMAR - 3FRT-“IBIIRARISEYd] el ARNHIAE: | “Sfd FJeareiRoHd oHalRIRATS

130.  ABCH - THR¥g TR0 quiahmsiieaad |

AMAR - 3G-“HIRERAR: TRINH” §18 |

ACVH - Tea1sfermsant = daeatic "ga |
131.  ABCH - daifcia aieeT sifeler dagfia: |

AMAR - 3FR¥-“ddTfete SgdT:” 3T AHISTARUTGHHTE |l

132.  ABCH - AWl 779: (9RY)
ACVH - F1eafd grad e, deNERos It Irerd |
Mankha (MANK) - JSTg:-“AWTe: FFfAeT:” 3T A1 i
133.  ABCH - g5 JHHIqETEI =T e s | (990)
ACVH - 3! 8t JeasT g guIeRIieednd, awerd anRRT a1 “Hgrgl-" Il (SuM-49%) I 3 3
feoTear |

207



BHO]J - “FANGAsg™Y’ gl HIat: |
134.  ABCH - ycgrer=R! gadl (V8R)

ACVH - I8 Jrayfcr:-“TeRRgd g UcerererIgHt” i
135.  ABCH - TRR g ®I1d_ (¢00)
ACVH - Eliaefiafagisy |
VIYP - I5ra=it G- “ARIRIsE” S8 |
136.  ABCH - dR19RF carfaisasy: | (¢o9)
AMAR - “dRISH" STR: |
137.  ABCH - ScllchR¥E] T9Y 83: (¢0%)
VJYP - I5a=t J-“TIsEl TeflepR:” 3T TR |l

138.  ABCH - 9= U8%: WUl U8: lI¢o¢, |l

Unknown - I&Tg:- ‘gl TN YUTG-erey:” |

139.  ABCH - SIS Teael Tew: H1aa! Tat licod |l
MANU - Tz~ "TRATTAISSTSHON A= e |
TEReRT GRI=T TG, SUSTSMAI T 11"

140.  ABCH - SRR FHE: 1<l
Il areal fIm geRmt Sfis=e: |

JUIGS: JFABUS: TCHA JEAHA: 1Rl
e o e H9 U 11 (¢93)
SMRT - “HIg< faror ferefd Hifsfaremm” sfer wga:

Sruti (SHRT) - Iq-Hfh:-“STRIoNS JEHRAG” |

MANU - J=7:- “TF I SIS Aisfiaremfufed |
TS A1 Fifa) fOodT <o Iead 11”7

141.  ABCH - 3iig/R I@: | (¢9g)

208



MANU - F7g-"STavl Sequretall &iar aeareR |
UeTalgraRT ded] SUSHEI &Ha: 11" $eTE |

142.  ABCH - 3e53 seisl: RIS oadsl 3Mg: |
T 819 IVCHR: fUgaerg o Il ¢Q9 i
TegTg fUvSe @ JaesifaeTT |

YISl dfcl: I HERIE Haw<gHl || ¢RI

MANU - I;:- "31eqI seie: {UgasReg duuH_ |
BT AT aferfd s goee i1
143.  ABCH - Ju: WG Jeihleid: ¢l
144.  ACVH - Yfelglsa |
V]JYP - 5=t g-“JuisEl Fepaeae:” 3T Felids=s |
145,  JUWER | (¢RY)
qrareaforeg-“Junt 7 7 ferRr” gt R i
146.  ABCH - SMfFgaerauuieifd (¢ 1)
ACVH - 35 Feflafaigisa |
VIYP - aSia=! g- “8FaH STeerIsEt” 3T s ||
147.  ABCH - &0 g1 Sl fUqsa: deddie | (¢3R)
Srutijfia - YA Lfcrem: |
148.  ABCH - fIeal N | (¢39)
MANU - J=73:-feneft ©og 1 Fed amgaio: |
el Johey: RITg JSTOTsHLTST I
149.  ABCH - gd a11fe (¢33%)
Unknown - 38 9-"aMUIGUTSII SR 9 |

STEVCTARMI: Y Jaerd 11"

209



150. ABCH - 38 7fhaT 1< 3%l

Unknown — J<T8- "UhIIhH g AR I=d gId |
3FIerent JEME aafre 11

151.  ABCH - SWUR<arad= (¢30)
MANU - J=3:- "SURY fGull egseiernd s=ifed: |
gercd ATRYLIT], ARl T < ALY |

152.  ABCH - UrS g sasfeRafet: 13 ¢l
Unknown - I<[8- "decd s¥a@edd I & smetfel: Td: 11"

153.  ABCH - &ad c@geligd licsoll
Yajfiavalkya (YJVL) - g Ulsdedd:- “HFSS-IGEICId
ENIEINIBGERECRIRIEIGERIGEE

154.  ABCH - 3iyed quari: (¢8R)

SMRT - I Ff:-“ATN, FRIRILT qorda gt ||

155.  ABCH - $e drauiieed i8Rl

SMRT - Iq Ffci:- "8 A =8 UId: gaeediiad |

g W I AN, g A T, 11"
156.  ABCH - FARg UCHEUNEIGAIuaT: ¢8|l

MANU - I77:- "SI0 HRIGUEIE RI: |
I a: TR SR g Sfén: 13 "

157.  ABCH - fdid dudafrdad 1¢syll
MANU - ;- "9l e qromgueiegead fast: |
[ AR el Huaor 11"

158. ABCH - d<gm¥¥g A13R: I8 &
ACVH - Jerfq] @i guzafy dgeamr: |

210

R T



Bharata - I8 9Rd- “dareif TR =a=<r:” i |
159.  ABCH - &caaaisadhivff Ramq (¢4 g)

SMRT - I Ff:- SEARIGHIvN ITq B e aor |l

160. ABCH - 971cg: dhrafoid: 1<Y8 1l

MANU - I7:-31 Hed ISR JATRIFTATHT: |
AT arear YarcardfaRTfEa: |

161.  ABCH - fifedem: gompf (¢4y)
AMAR - “fIfede: HeurepHf” geawR: |l

o

162. ABCH - Je8FI FfR1apf: 1 (¢Ys)

c

SMRT - 3 FfT:- "3 g AT I 3 Pocl 5 |
3 Steeid ey Tesfd dar=ad: 1"

163. ABCH - &7 J &3 ol o1 ag99a: 11¢E 3l
SHRT - Jg fci:-“d1g o Hal:” ||

164. ABCH - 3raf feRgell 3937 SH7ed] ool a2l | (¢§9)
SHRT - Iq Hfi:-“% dexg Tad:” 3 ||

165.  ABCH - 9IFd g d1ored aforsdr (¢ W)
MANU - I9:- “SHaPeeRid g qd SeaTd |
gd g anfad Sl T Yo S 19 1l
TG g arforsd aHsf @ Shtead |
AT S FORREITAT AT, of IRawRI” i |

166.  ABCH - fiemiufieht =Ry (¢ o)
Smarta - ¥ @ VRIS

“TRATCLARET §RISORY J&fua |

Sl IguiHTe=aiRT: Tep1ed TRt g 191l

211



fd: Rifcew g HIvS TRepgATaT” 3y |
167.  ABCH - 03 TR} A
VCSP - I8 qreRyfcr:- “Tor g Torm” 3 |l
168. ABCH - ST cdeplfadl 9ad 11COR |
ACVH - U& 3NoRIT Ueplfaepl, SMMGHBU @l #8: d@R: W dredicigh:, U
AHITSI ST JAfAFT: |
HEMA - J&diamE- “Fwl TSl SiojsHawed RRfeigdl:” | 3fd |
ACVH - teHfdarfiieficcy: aacale Sferst: |
HEMA - Jearam SfagoR- "fdercmen g g=s" sfr |
ABCH - vftxg Afdg R gufdds Sh: | 3 9 The 3 Su=< Ag@) Jaw,

fdorcaTeeg ASEIea] Uhcd aoHl: SR ASEIM 9 ddwd gor fdefiEer:,
fderfereie™my; o e, ord TarfAfey |

VCSP - IS8 IreRyfc:- “IEEARI UhEl: Al ASCIIIRRT: | SHrfdecdrenrg

qqf: AT EIA:” 191l

Bhasyakara (BSHY) - WTSIGRISURE- “3FEM: ASE SR ddd, dd: U8

S TS T~ 2 |

169.  ABCH - JItR SNV ol SRT: |

I AeAHY AGFIGADICT: 1193 ||
JgeHss Wd T fed T Aerger |
gt qed Wi DAY TH: 1Cog

Unknown - J&T&- “Ueb ST ATTHRHI A8FHY i TR <8 |

W PIfcHerTSIETeS &g =ad = 1191

TS BRI 91g AR Tl Fovea—a |
e IRILHTEIRN ST o 11911 SR |

212



170.  ABCH - 3RS aUaredfis (¢vY)

Unknown - J&Tg:-“3ASEINT GIURFIST:” i |

171. ABCH - $uieRe A1fdd: (¢9g)

DURG - 3 gii:-“auf: siaRAE 9

172.  ABCH - 31 Qivft srsrganfat | (<o)
Ksirasvamin (AKKS) - &farft g-arsquesen Hsisemfendt SerarRoft soft gfy
;i |

173.  ABCH - Ugerg $ud: 1100l

Unknown - 9 €aTICTEITER 5P I

GAUD - Tﬁ@?ﬂ-\ﬂt’ll*d‘{-\‘lh‘i PYUDI-le I
174.  ABCH - IE 751 AfFIR: 1 (¢0¢)

ACVH - 9g: Jfergisad |

VJYP - doig=it - “HRT Fgaferam” gf aefldsas |
175.  ABCH - T ¥I1E T3T: U= Ab: 1| ¢¢3 |

d g 9IS HuIse: Ual Hoage |

foeeT: gaott a=1ser (¢¢s)

Unknown - I<Tg-

“HTST STEN: WISLHTST fFrerd &: |

IV GauiaRd Uet agfied” i |

176.  ABCH - oo dedel iyl

MALA - JTeTl- “Tei & Gauie pofaw:” |
177.  ABCH - d ganfre: icey i
Unknown - FESAHRT |

178. ABCH - ﬂ‘gﬁ%ﬂgmmi gl QUSTISMN: |

213



S dl T SpIT: f & g TReaH Il ¢ |l

T TG ASEPIe G AT | (¢ )
Unknown - I<T8-

"B ST AGRI-ATAT TTSBRI ST |
dfg T8 DI JroT ey agseniel:” g |l

179. ABCH - MRl  $elel: (¢]R)

ACVH - §=R1_ |
VJYP - d5ig=il G- “MeRY Ppeler” Sii Feliad e i

180.  ABCH - JRIs=Iaull gua: Uel: Joull Seaat: 11¢] I

Narada (NARD) - RSHI-“Ju & FEOH &I I: P el gual d [T
¥ @l
SHRT - Iq #fh:-“ugwdi gaissad” 3 i
181.  ABCH - A7edId T SaqeT HIUHEEST IR0 3 i
ACVH - Aecd=1-1 ATedfia, “GolldhRaiie-" 11(S-Yo) Il St FaTed |

Unknown - FglRI fGbRT ATeeipoed= i

182.  ABCH - Teadh¥ a9d: HITd SRPLATIAIUH | (]0%)

AMAR - 3FRE] ARBIIVIEE! GRIIRAYUIITETE |l
183. ABCH - J#R: SR dAlgdR: (R0)
BHO]J - & s33:9-317: 3y ioT: |l

184.  ABCH - IUSTolS~IaIRI~IdNURgeendl: |

TS e et |JT: 11R33 1]

VYDI - I &1f$:- “TueHTe 97 IR ef: Sregadi 7d:” i |

Pauranika - 71 fAf¥g Tg<ifa a1, Aragocafafe a1
185.  ABCH - 9d%gl el Sreht Afe 1 1(R30)

214



BHAG - IT9ciifcl 9 |

186.  ABCH - RRawyfgiea IJe=it A<t It 7 O (33R)
Utpala (UTPL) - 3§ Sol: “eargfeiaifgads AeRiges gauri-deer: gulexIieaTiad,
NERIRIEIU LI Sl

187.  ABCH -3M& g oH19dH, | 3 IR Ied |

ACVH - qafd o g%dd oo |
MALA - =TT “IA9e g a3 |
188.  ABCH - 3wl { I foeter (R%3)

VAID - Ig J&T:- “P0l Al ur 1qul T=erafsid” I
189.  ABCH - a¥ querTerg (380)
190.  Unknown - difdehT Faauivagen-

IRA Yo 9 adl: fhgoy T |

gRay qdarug TR &St I

TG IR I8 TRIAT R0 |

STRT: PRALIAT AT  9Re T |

IG1d ol #_1: dhgATe g ufeeH |

TIFIE T by fooraad ! i

SAgd T e e Aeofed: IR
191.  ABCH - Rvgvqua< |
el SFYET igg Ty fieE quser ] 1R 8Vl
Katya (KATY) - “IUra<=q” g dred: i
ACVH - fad ad=aseai Higq Sifes: |
AMAR - 3HE] Y8 ||
AMAR - 3MRG- “AIgosHual Syt qua-1” 3T gerTs i

215



192.  ABCH - mfadl S=rfifSHaaaegafhom |
QURTEARIS! Hed fareafe isman: 1R 8¢ |l
VYDI - 35 =1fs:-

"JGTed 4 Yaierggared qfeadrd |
fEaferemaMemmRIiad fagder: 1" sf i
193.  ABCH - UfFRR&ER=T: (3Y4R)

Unknown - J<T8-

"OER T faoTT &9 &fRIad ge |

faeT ereafdiqed a1 A1 @: URITeBREd” i
194.  ABCH - I5aT: AGERd (R4Y)

ACVH - 9T1&: osq o el |

SHAS - I 217edd:-“ISaaaral: ane:” 3 |
195.  ABCH - Mo Meq (R€%)

ACVH - Taf&TS~d7 TS Feildiely: |

SHBD - qIfedehreg ST YTYd 3fcr Gaft I |
196.  ABCH - 90 &g: (R10)

SHAS - I a1ead:- “JuIiF IRIAN: FGLIOT efet: ALABR:” 3T Il
197.  ABCH - 7RI §: & Gg: g geued 1RV 4l

e Hfas™ Terid FREIS 7 1 (]JLR)

VCSP - araefoRg

"SI FATT <afcrer el T TMHLAATED |

g J QI dod HAcHRI 119

PAICIE PgfcD TIRIaE g PbracH |

e U dod UxiH geHeTq IRl

216



g o e e |
PaceeM] GF: TAAIGTHed F: 1131
Sowed Fraeed J va s 3afy | gy
forersmTE I
198.  ABCH - 9Ty~ Uy (R6R)
Unknown - J&T&- “9TRAT ISR 7 UreuTsif=idhs o a7 |

199. ABCH - SsoiH! ®1g_faerersait gsuerfiUs | (9€)

VYDI - I e1&:- “Iooig=aT ge o, T TUPRUSHH” 3ff |l
200.  ABCH - 9YX1 J 78U 94T (R1¢)
Unknown - FYRRIT: UL Sig3wd TRHEI i
201.  ABCH - 3 N8 RITE BTRIYY 8RR BRRIATIR 1R I
Bharata - Ig 9Rd- “FR AFRITEY” 3, “T 0GR 9 FRH, AR |
202.  ABCH - uRg¢ &Rl TRERGES | (3¢R)
ACVH - 8% 39 8Ra: FIgRIEeRUNe: A Jepel STIHR: |

Unknown - SfeRdeH=T: Aumgh Jgreifiedd |
203.  ABCH - 95 f1:8R07 (3¢R)
KTLY - Iq Pifce:- “qaaH: Aha:” 3 I
204.  ABCH - ed] gReq: et fquef #ruel 9 4 1R ¢8|
ACVH - “92J: FSISTARR:” || (BAfelgTdo Ao eal-¢) Il 3T Feftacer |
AMAR - 3R] - [qeraaeerest &I

GAUD - 79 IS8- “egear fauermeit” gy i
205.  ABCH - g™IsTR f2m=d 7 (] 3)
ACVH - famr=afRafarers, “srrefeaream” 1419191 sfa & |

Unknown - 2T 3Farsafe s |

217



206.  ABCH - 93fG8R! o= 1R%% 1

AMAR - 3M¥G- “dIHRIT ged” 3f, “digmi fAeRisE” 3ir 9 dafdgrt Rremafars
207.  ABCH - 3720 emf=ieq (]%0)

ACVH - o= T& eNf<RIE emvirgdhAm |

VCSP - Ig greRyfcr:- “3Meu ofeoi]g digddws:” 3i i
208.  ABCH - gNdrRufeqapt |

SHAS - “@emmedl: ufer:” 3 g anead: |
209.  ABCH - g3 fiifl: (9003)

ACVH - gefiafargisa |

VCSP - qrRUfcR- “Ppeaaferim” gid JRIswE |
210.  ABCH - ®™R: WIREIRR! e Ariledaraiir (d00¢)

GAUD - “Ta=ied Srd-aReeeng-ref Jeraead a1 farer” sfa ate: |

MALA - SRIER AGSHed roull R it g #7ef, Jams- I 1 SReuR gRensdn
ST 1T R it Il

211.  ABCH - U2l =IIE 93T (909Y)

AMAR - ‘UISU] T8’ SO UScOHR: |
212,  THAISAIST (9090)
Unknown - 3RS |
VIYP - Jgorgel- “If-raase s’ 3 I
213.  ABCH - 31sfieT | goedsHdagg g, fEsgull I A1 11909¢ i

ACVH - IS sami=ianT |

MALA - “3rafgsmoft waq” gfr g Arer i
214.  ABCH - AfUmIsfeisR: | (30R)

SHAS - I emead:- “3ifcleR AfoT faerg Ae-magar Afor:” |

218



215.  ABCH - gfe: @si: (90RY)

ACVH - gfeigls |

VJYP - aSia=it J-“Te Felieq” 318 I

216.  ABCH - {A@UH HI0E YIS g AN | (903%)

ABCH treats them as two synsets JdHEU= 90€ and YHETFA J AN,

AMAR - 3FREG-IEUATG TATSIBIAATE ||

217. ABCH - ldlcllhdshdlel: (903 9)

Kalidasa (KLDS) - IJ<hIiclaRT:- “HhIaradRId Aldbiclid sarsael:” i |
218.  ABCH - fiR®R fIeTIR citeur-geunfAy arg: | (903¢)

SMRT - J&HfT:- “31eas=ar T |

ACVH - Tt Ffld |

AMAR - §&IfY ST=R: |
219.  ABCH - 94 9 099 @18 (903R)

Unknown - J<Tg:-

“Jaul IoTd T JAfT: B FoIr 7Y |

HRF T iR g TSt dAreT e |
220. ABCH - fdeR&aa™: Peaft 1 (903R)

SHAS - Iq-enga:- “PeN a4: et Bet:” |

221.  ABCH - dH¥ %ioeqd Ycd Wh eIgRR 119038l

NRKT - ‘STarad’ 3fi = |
Unknown - 3gRRFI |

222.  ABCH - 3R g dIu=aH_ 190%oll
ACVH - Fefiafargisa, |
VJYP - oot g- “SRAsEl” 3T g |l

219



223.  gaui gH: |
BT B BRI TOTHTIIY
EICINCINRSECI RTINSl ikeS) iRaotTaay
U R TH IR e o ST [~ TSehepTeReRepERTTOT 11908 Il
SIS TP IoTd YR T | (084)
ACVH - gefd S 81eaH, Blehlanyacdlg, a1, Fedfagisad, i |
VCSP - dqreryf: ITe- “BIChHERIH, BIChIBRAYT TeTApgHonid:” |l

Unknown - J&T8:-“3RRY T Jaure” 3fT Il

Purana - ICGRIVF- ARG do I JEARANAT | STPgieRed waf Javh Ageur
I
ACVH - 9acame R, “9gPA-" 11 (IUM-¢-3) 1 3T fovg R:, eflarfergisa ] |
VCSP - araefiRg- “qRRemarsfermm” sii geaams |
224. ABCH - 357d 9 gavul g |fer® gliaid: | (30809)
VCSP - Ig- qraeyfcy:- “qRe=1 g AiReTe SMeTha e gic i
225.  ABCH - gugoid= g feger: 19091l
ACVH - G |
VCSP - arevfcRg-“fegerafeam” it Fefldsers |
226.  ABCH - 3 ag Af0r: (90%3)
VCSP - 35 qrayf:-  “€Ra Aifthd Tq01 WA aadT @ | JF9aH 9 a9 dcds! oy

ST |l
227. ABCH - HiemfuriRg=s=itet: (A0£4)

ACVH - B_IEFGiIQ e |
V]YP - “Soritct HeMter” s defle doraf=a: |

220



228.  ABCH - G g €Ra: | (90§4)
ACVH - €rR&: gfais: |
VCSP - dreRYfoRg- “ITATSE! EReh:” 3l FelldsTE |

229.  ABCH - &RdcRpiCaHmam=l TEhiCHIE! | (908 ¢)
ACVH - GUaa-arsdhi=l al 31U SThIevhicare! geael: |
VCSP - g arayfe:-
“FHICHIEY FCITHIDBILHICHT R |
3l R CPHTATHTIRRICH J |

3l eI GIBTA9T TEDpaed o a7 |l

230.  ABCH - gfthoi Aifthds Tt Johithet TG 1905 ¢ |l

ACVH - gfthwucievl sRceRiPEgad |

Unknown - Jqle-

“BRETRAdel  S¥T YART: |
Tel JoTgH! JUHRI! Aifchaa:” ||

231.  ABCH - ¥R dIR STcT & ®Had qHRIHH: P
BIPNIEENIERI DRI R EIMIR LGB CrG
&R JoenRHEgSIehHeTITg: 0f: TTeRft
It Yo a1 Tl Iral ST 190 € R I
Pl Pe=g T TV FIAHEH, | (9010)

ACVH - g7 R T%: |

MALA - ‘G-RAH’ i Fefls HTe i
ACVH - & g4 d1g dfe a1 Se1f dee |
Unknown - ‘@9, 3 3ftT & A1 3P ||
232. ABCH - 3RATHRINFRCTERY DAyl 1| qo9o ||

221



= TR TR (90019)
ACVH - 3reerere varf+ 33 i

233. ABCH - GIUTRT 3SIRA (900%)
ACVH - ITg: - “IFGEl giadgsT:" gid |

234. ABCH - JauiaiRSEISIRERATGERY: | (9004)
ACVH - IgTg;: - “cIaull IG: IJRISeh: AU Sfester: Tg:ua: |
RATATNOE 9T FEARI Wi o g9 aiRorr: I1" 3f |

235.  ABCH - guaRg fderer: 11 90¢c i

KATY - I BIg: - fdav puerg: |
236.  ABCH - fAddr aigfam: (90¢R)
ACVH - ‘fafe: 9=’ fdaa=1 odn: “giiRfE-” I (SuM-0¢) 11 | 3T fhea:, Sifagt ar
CEEERI NG
HEMA - JSamem™-“df g STl ibIoaRR: fRiswdrgee: aT:” (fgto ) i i
237.  ABCH - A& Ar<Iuc! dH18! g&@a-e | (90]R)
ACVH - diH18: Yereilafels: |
V]YP - JgorIwd! - ‘dHeafeam’ |

238. ABCH - W=HRAST: T HRIR: AT Rz 1190% %11

VCSP - IeRafiRg- ‘SRIRKICIRRN TR g 78RR:’ 3T AL e |

239. ABCH - HIRAdTHdTe™ ad: IHd ° I: | qoR Yyl
Unknown - 3TadTel f[IGERT GRUT STdls=_: |

240.  ABCH - f13iR¥g 3R: 9R: | I&T: @a: a0 (908%¢)
ACVH - 3c4: “BIRMW-" |1 (IUM-Y&©) 1l SfT fobd A:, JIaH |
VCSP - areRuforReg aR: S f3R1 3R: ScReasll” 37 aellds@s i

241.  ABCH - afgdegr-feRuarasdt (90%0)

222



ACVH - f&Rvd 158 feRuaRa: |
SMRT - Iq Ffi:- “3MRU Yo Jaur]” 3T |l
242.  ABCH - PpUlcaiFeqAT RRIFTSsYE BRRERTAUT I 9080 ||
ACVH - Ul QI eHsicdrg, Her, Huican: |
Unknown - ‘PUIE IR’ 5P
Unknown - JSTg:- “IgRAISASI: &HeT=l T |
243.  ABCH - SifisIq- g aA eAgen: | 90%¢ |l

ACVH - /=71 T9: 9ied: |

KLDS - Idq Pifelera:-“HifHara=aRel - urads™” 3 i
244.  ABCH - 9ifusher: gfi-gaas!-ggen: aa-—-
SATAToTR] Saer-RIREA! SRyfsTdaaT: |
e gSHT-sreRTg-ag, Afearear-sssranett
SfESAifdaed-agall seameIsTalsii: 19081
ACVH - JH-7-Sa1aereey: R fSig: Juforgr ovg JufSig: |

Unknown - J<Tg:-

“yqfel fexUAT BriehT TIPSV aGHHT BT |

<hI Igeuf AE FEfE @t 191

ACVH - 3f&e: o 9o qife:gsT | 96 a8 Sfefd oo™, go ‘afgan sar’
PII EAT |

Amaramala - JT- ‘AT TRFIRRRG 37 Ifdod AT | g ‘gen afon
gfgocd:’ 3T I

ACVH - 3TSRIHTCERAHATRT SR |

Unknown - 3TSRIATIRISATITHAN $3b |

245.  ABCH - afScRrad! faefeaett araisfRyT 11990l

223



ACVH - om=fcy o/ dT “qroar=for-" 1| (SUM-%€) 1l 3fc 9z, o fuedifar ar |
Pracya - S=TfeRafifer uream: & fafy e oot g @ ol
246.  ABCH - I WRIEISgRISERI g2 (999¢)
ACVH - 9Tgefehig; STeicdsgR:, Yfetgrad! |
V]YP - Fefiesft dorawt, JeTe- 'wmg@rs;ﬁsﬁ?aﬁ' 3fer |
247.  ABCH - IRy o979 79 1199 1l
ACVH - gsIfiT gou geefiafers: |
VCSP - qreRufeReg ‘goaiseE!” 3 gaams i
248.  ABCH - SIclohaiRe! ged! Bicipil g dIkeb: | 19Y 1| HgH Pl (193€)

Hrdya - IR-3fa-cR¥S F 570+ Ia1g:, “HPeTRedl J Dicidl PgHel Silefdh T | &RD

PRD T~ I |

249. ABCH - T3 Teo-319® Jcdl: | TIo8: (99%)

ACVH - T [58: “Tgaufafissfaes-” 1 (Iom-92¢) I 3T & o, g |
VCSP - Feliasit aresafi:, Jee-gselsel 3 |
250.  ABCH - g~ 5¥ae-4-H |
ACVH - %q: JeUTfeey §=¢H |
KATY - I &IT: ‘I8 JSutherdig=<rg:” |

251. ABCH - &Rg gt Sict 199391l

ACVH - UheNe HolH<dT Udhc! |

VCSP - Ig dreRyfc:- ‘el ok gaheHq! 3 |

ACVH - §253d e kDRI SaFel T |
SHAS - Iq_ 2mead:-“faerm udhdl teter: toer: fUogerarey:’ gfr i
252.  ABCH - =ug%] JgUN &S gl I5auerd: | (193R)

ACVH - 3%qURY JeRITer J&uIerd: |

224



Unknown - 3STg:-GC 9¢ df@ur:’ i |
253.  ABCH - 319ld: dgfer: (9934)
ACVH - sgfer: efiferg: |
Amarasesa - IJSHRIAY: - ‘fERIT GNP Bger:' |
254.  ABCH - g9l qRIISSTHYS (9980)
ACVH - JIftf Tesfd SelSATS=T a1 “Ararare-" 1| (SUT- $&€%) |l 3T [, Teaaisa |

AMAR - ‘IS B I dreredi=:’ Se&R: ||

255.  ABCH - Hfgdsl 58Ia®: 11990l
VAID - T e |
256.  ABCH - f1gal fdssieiouiat | (998Y)
KSRS - 'fEdorarmaygsn fasorer:’ gfer efivart, Sierdasfadscaesy i
257.  ABCH - &ferel fsfida: 199841l
Unknown - fS¥9es 5= ||
258. ABCH - ddd: hhdwog: |
ACVH - &kt a1 dhad: Jelifers: |
VCSP - Ig arayfcr: ‘dadheg gar:’ 3T Il
259.  ABCH - 90 g 9 Al 9 iife: TraepiRed o | (A9§¢)

Unknown - J<Tg:-
“fifeiar 7RI MYAT JSTSTAIUIDT: |

e fRIg: Plgaageed: AfeRead: 1191l
{51 Setr-petcell URIHGET Gty 11

260. ABCH - gm"-ll‘{'l‘{-g gidch: 1199094 ||
Unknown - JIT9AT Iiadh: GAIAN: 33+ ||
261.  ABCH - g=~9mafid Rg (99¢3)

225



Unknown - ‘emeMsIiRaqaiay’ s 1R
ACVH - vregfa 3 Re Refege: |

Unknown - FFU=H' D |

262.  ABCH - U REtheThUSTamad!: 1199¢3 I

GAUD - “3firegd drememear sfa et i

263. ABCH - 9<r: DIIR-YUFITRAT (19%%)
VCSP - 37feeard HIYBRIE:,
IS, TRy~

"qUs QUg: e USSR AY: |

ITDIUS! Hodeg SRAT TR 7&_ 191

LU DI~dIX: DIHDIRX] q9rP: |

TR YT : FIaTS RIS aToT: (1R ]
QAT AUTlT IR HETeaT: |
IR el SrEuat wegar 113 1

PSR FEIDIVS] AR |
FreraReg g ArerdideriSiar i
UG U Tt fedggaietant |
FRgfer: AMHBY: (oA Teard: 14 11"
il i

264.  ABCH - gr%g Ja9 (99%Y)

ACVH - I a4 “afeg=ai ar” |l (SU-409) || STF:, FAfigis |
VCSP - qreRafcReg—3Teiset Jas! urt:’ 3 e |l

265.  ABCH - qQuifoga | (99RY)
BHAG - ‘A T JUH9 3fcT 9mR: |

226



266. ABCH - fau: gder RIEiet IWal: (99RY)

ACVH - 9af¥ fav: Yaefiafclg:, F T a4, TATRSTHYER |

Unknown - Jqle-

“ehraol Pleipelfc YousT SrefafadH |
IS ERIRITS SETfaST g S 1191”7 3T I
267. ABCH - gcg-TY: Pleipel &Y Yalo: | (99%€)

ACVH - S&/v: $l 5/€9: |
YJVL - I8 aTeidead:-d Oy | §@on: 35 9 g9 Fafeud:’ |

268.  ABCH - aifgzeall q98g: $8-aleld A1 | (39%0)

ACVH - SYYgIHRG A99E: |
VCSP - Ig areryfe:- 94 afagsepi: I

269. ABCH - dRIch! 89adl Hdhe: PaRD: 11990 I

ACVH - PReRTA-STeaTd axaR: |
Unknown - I&T&-‘GRER GLaHRAerST Faargead’ ||
270.  ABCH - 3IgIeNIR: difelg: yfad! Agfaaed: | 99%¢ |
ACVH - 4595 Jfseh:, oecHIfcdrd |
Unknown - IJ<T8-Yfseh  POUGUIHSRTHAATR T I
271. ABCH (1196-1199)
ACVH - T 9dsf Temare-RaforacdTd SUTaRfIsSR Siaiy 9 3T |
VCSP - ‘T |dsf gaeftafersT:' gt aremafa: |
272.  ABCH - 3/ 9T SidlaT: 1| 9303 i
ACVH - 319 figcaar |
Unknown - ‘fader 33 |
273.  ABCH - A1férpife g 9g 1 |

227



ACVH - Hf&epifi: o Hiféres “ife dférepriasa:” 11§ | 3 19831 30, SISO
EIREICH

VCSP - I qreyfe:-

3Te] BHBHIE! SIS GO 119 |

T3 Uifegangany fawdhiesH |

YR J YHRST YTUgR Toeficerd 1Rl
gile g oftet a1fg garid HetrasH |
el g Sofol A ot wardTetd 113 Il

Jecldh g 2Meleh fauioig AgRMw et |
e g 7Y SIS faeel derauied 1811

e  YSIHIIIUg AT forch Harretehd |
B AHTHER Aate oI 1411”7
ISl
ACVH - 5gdsasid 99 Fetafeig: |
VIYP - §RIfY ISl Ie18-AYel g TgATSE! 7Y qegRa= 3 I
274.  ABCH - TRaAgY: |
ACVH - T=fRjor deafey miRadt |
Unknown - J<Tg:-
“TIIET MOTASTaTETIRT SIeHEY |
Sl T o I Tl TRt 11
275.  ABCH - $"RIR=R fag: 11 9R2€ |

Palakapya - Iq Ureidry:-
“TAREIAH 5 g gt s dt |

228



Hep eeTed foRidy o wgHaTgerarun I1”

276. ABCH - gSa1sdr ugaiH! (4233)

ACVH - ‘98 3mgur’ H“H:, gefa mf gear “afsafe-” || ([uM--49Y) 1| g7 |
NRKT - ‘g€ g1 & a7 grfify a1, 19a1ssat afey Sochr: ||

277. ABCH - U8R TRa¥: [E! 119491l

ACVH - Ugd: WRIAAT TER: “SIoR-" |l (I0M-803) 1l SIA MU, IR BT T,
STGERHETAI G |
VJYP - FAesi dorawdl, IeTe-HeR IRaRI-SFEam |
278.  ABCH - yugaltad 3M¥e: (934R)
Unknown - SUSIRI 3 ||

2709. ABCH - ¥8d1¢ J &1 ZUIeT: 193¢0l

Unknown - ‘S99 AfNid:’ s I
280.  ABCH - guTshl=c1 J AfFEHT | (92€9)
KATY - ‘315 algehlel g A-a-1 3T e |
SHAS - ‘|f8=aepreigre TguT- =1 9 |f-em’ iy g emeas: i

281.  ABCH - 31 RIo6el: BRISSNER:RAH: Ug: | (320Y)
AMAR - ‘g9’ gIHR: I
282.  ABCH - faRaedgeq $el Jd (93¢ 9)

Unknown - fa7d sqdhe9=0dd |

283.  ABCH - JTal S gd: 1o URus: Bd: fR1ar 192¢R I

NRKT - 9t fear feren ‘erpmdal” sfer Aot |

ACVH - sy Hifelg: |
SHAS - Iq_ emead:-“fora: fiet: farar st Yaerterd farar |
284.  ABCH - %T: gRg: IRg! ararg-sRumafd | (923 3)

229



ACVH - g araRg: “gamaral-" 11 (Iu-9) 11 5G] |
Unknown - ‘ad gSHHId arar]:’ I |l

285.  ABCH - @ccil daeil HOUIR: gua-ifed! 193¢l
ACVH - @@ dcel! “giidpf=-" Il ([0M-8€Y) I | ST, Foamad |
Unknown - IS8~ "&aalt g fdel A Jgaald By |
~fietRl AARRIHT A1 fercageaar 1911”
ABCH - $vgM ofT drael $IMault exaramT Jerest, Rfagisa |
AMAR - PRI AeqfRA=amaTs ||

286.  ABCH - foerel angafoiivy gigp2e gueere: 119309l
Unknown - ‘GIga-HINIR:’ 3= |l

287.  ABCH - 9! ARMfEuIsT=al fGagdmer JMed: 19300/l
Unknown - “‘9asfE &R’ 3= |1l

288.  ABCH - SIRIISTR AFMRRIcpardgdr: 193991
Unknown - 3(TCUEUNG HEFIAGY:; J<Te-

“HETIeT: PRET IoUEILd GHY: |
iU I AR o BRARD: 1191
TeTTY=: YfchepUl-BfeTe-g-er: |
iR AEFRIID! SIEqRr: 1Rl
TIRGD! SR AfN: JgRUTSH: |
PIfIT: AP foaeh: Aggsd: I3

SCATSNSUR. AT, PTsRIHI: 11 3T |
289. ABCH - gg1eft: (9394)
Unknown - IT8-“3MefRTera <7 - fagT 7 Sfafa” |

Unknown - ‘SHRFAISTH’ 37 |

230



290. ABCH - df 9I1T: he: The: | BT (9394)

Candra - U TgHD IRHDLITST: |l
291.  ABCH - ueflolansus (9398)
ACVH - UefFi Ai9@usHi e 1911 3Mfd F:avcaers Yaeliafas: “0=Heg-" |
(JUT-9€,¢) |l T S: T |
GAUD - fo=a: et i ite: |
292. ABCH - 9R9! S1&H0T (932¢)
ACVH - @&l 33 |
293.  ABCH - 9 f&bifafa: |
Unknown - ‘g A/ 3= | fhfdhaifariy i

294, ABCH - TTcgg dlefdhvch: |

Unknown - ‘&@leT: BUSISRART PIcThucd:’ 52U I

295. ABCH - Scllgd: W15 dallh: (9333)

ACVH - 9cTieh:, I3 |

VCSP - I Ireryfcl:- ‘Fefleheq dollge:' |
Lingasasanakrt - ‘Geavist Sfifelg var’ i faggaraTad: |
296.  ABCH - §cTie faqepfudent | (9333)

Unknown - “fd9&0eHT 3 |
297.  ABCH - SOIHINR defag-adR-[asgadn: 195 3%
Unknown - J&T&- “TRY faRAd Fa+ favee=r’ g |
298. ABCH - FerHfeafetfd: (93%¢€)
VAID - ‘fifereifeRyegd’ s g dem |
299.  ABCH - geiR: dde: fUgag: aredieriD: |

231



ACVH - I PpfoR: Gereilafers: “afafd-" 11 (Ium-89R) Il 3t fpalR:, PplcteiRafcr a1

SAD-HEI T |

KAUT - Iq $Ifced:- 'deaagm i g Iogar SHeyen:' i |
300.  ABCH - % fdoi fedier el gtk gfi: 193¢3 1
ACVH - It gfY: "argar=<a-" 11 (IuM-¢0R) 3f ffe: Sfifergisa |
V]YP - ISt J-'9ay Farett JGUT 37 TR |
Unknown - g R JfY S<a1c:' S |l

301. ABCH - 3d:@x01 799 d9: | (43€R)

Kamandaki - "37cT 7199 dfgasd:dRorgead” 3T dm<fd: |

Unknown - AI-fEREDR FIT:hRUl HeT |

HEMA - &g Job-"Haieugu q:" |

302. ABCH - geodl g U = Jeuelizda 193RI
Unknown - [eIsaiget F:F 1= ||
303. ABCH - 3N @cHarat 1193041l

AMAR - JEFaRAdt Fo19T ST9R: ||
304.  ABCH - g¥: qud g§: $:7: god (1309R%)
HEMA - J<ar=m™- “SIuaeTiOeRumgH Ied” |
305. ABCH - g&ifd eI (93¢Y)
HEMA - BISGIE I AT RIRIT- " YR ERaY TS EUTCT&TUTT (T
T RATEUTa: AU aTor Segamaser=" iy i
306.  ABCH - 3R] 59 | (93%0)
DURG - "Hae: ffeauen:" iy gi: |

307. ABCH - YSSI-hYH-TRT HEIH: JHHTIT |

gadt fAYe: 99 dllhudigdn: TR 119809l

232



VYAD - Sg¥II IRId S91:, I, aTfe:-
"HUSTG IS eh Fgol: SR IR |

N\ O (aN
DUSIRIATIATATHIT TST@l-AT SR 11911

FHET MeaadTieard, I8 JTS:-
"IRY: A A BUs IR |
TEGITHAG, TEAT, oY SBEH: T N1R I

T I gRITT TYR: Tegefeaf ar |
JaTe-

IRy AT ATH: PHugefHAE: |

AFRT-Eag: GURT-ERE ST 13 1

qeY 94 HeIH:, ISTB-

"TFed ] IR :BUSHATE: |

AITHT FEMRT FEFHH agAT" 18l

UHRATTHII U=H:, d<le-

"1 A ATHRRIgepUSHEY |

froRe] UFERRIAITSRT U ST (1Y |

foraT ot eftaereavnsd @lil?[:,
ST ey FARIMART a1; IaTe-
eI TR FRRY Sad:" |

233



"gA-" 11 (JUM-R0%) 11 3T & e
g 1l Ffief=T =T 3 fRuen fFAers:, J<rE-
"ferfiefer TeRT ST FTeRH BT |

308. ABCH - T F~5HeIdNT: %gw:iﬁﬂﬁff?l'@rw: | (980R)
Dantila - I gfdef:-
"JUFRIE Heeeg arfaercaer eaf: |
q UF PHUS HE: AT IR: R e |
309. ABCH - 9i& g f:oegsawasd 19835 I
4o enfed 98 did anfaaeafd | (A830)
AMAR - 3FREg-"Fifdfh anfad g8 M eerHavas” areE i
310.  ABCH - g9 Ut o<y | (983Y)
NRKT - gg A=l oahr: |l
ACVH - @8l 297:, Tegaist |
GAUD - Ig Tie:- "A4Isl Jefet 73 i wufid 9" Saamfe |l

311. ABCH - Beaadedg eI+ 7 19800I

ACVH - B B, BRegRIEHT YT fOr=eanfosralsyia: |

Unknown - ®feRa=d: gfT dbferd Il

312. ABCH - 7f9d ufaus o (95%€)

Amaratika - ‘FRY 9 @R AFOH,  SOgf-gdE-  Akcom

SRS “delsud:" Il ¢ I8 1§11 3 SfemeNsT 7 qadica =T |
Unknown - "HHU] SIRIT" S0 T 'HA0]" gfcl i uof~T, TR ar |l

313.  ABCH - gogmered Wied (940R%)

234



ACVH - “3rgfe-" 114 13 18611 3fcy Fafd ey |
MANU - J=7g:- 'ARIAS gATcHT T HHES SAqHT T0L:" ]
314.  ABCH - =uf iafgerfef: |
Unknown - I<Te- 'S eaHMIed e’ |
MUNI - ‘=af <t foggen:' sfa g g |
315.  ABCH - & YoM WfH o™ IR | (34oy)

ACVH - TiSHRFIT 3T |

SHAS - I 211ead:- B ™ HHRET RIR FABRIT: |l
316.  ABCH - JoR&qgg sfedd |

KAUT - 3R JERFTERIT difcedr medd i
317. <79 AT 9 QTG 8 (94R0)

Dvyasrayamahakavya (DVYA) - JATs¥HUe] GAT3IHEIhIY-
'Y 8 & R TR
SAEISHISEISY=ET: AT SATAT T ||

318.  ABCH - &d <o 19430 Il Wk T fob Jedm: (943¢)
DVYA - J2IT qsiR-
“TRHUT geepRTa<t | e TR it e ? |

Riggdset Tacalsedr Sgfad g " |l

235



Bibliography

1. Agirre, Eneko, and Philip Edmonds. Word Sense Disambiguation:

Algorithms and Applications. Vol. 33. Dordrecht: Springer, 2007.

2. Apte, Vaman Shivram. Sanskrit-Hindi KoSa. Delhi: Motilal Banarsidass,

2007.

3. Apte, Vaman Shivram. The Practical Sanskrit-English Dictionary,
Containing Appendices on Sanskrit Prosody and Important Literary &
Geographical Names in the Ancient History of India. Poona: Shiralkar &

Co. Book-sellers, 1890.

4. Apte, Vamana Sivarama, Parasurama Krsna Gode, Cintamana Gane$a
Karve, and Kasinatha Vasudeva Abhyankara. Revised and Enlarged
Edition of Prin. V. S. Apte’s The Practical Sanskrit-English Dictionary.

Poona: Prasad Prakashan, 1957.

5. Baker, Collin F., Charles J. Fillmore, and John B. Lowe. “The Berkeley
FrameNet Project.” In Proceedings of the 17th International Conference

on Computational Linguistics (COLING 1998), Vol. 1. 1998.

6. Bar, Daniel, Torsten Zesch, and Iryna Gurevych. “Text Reuse Detection
Using a Composition of Text Similarity Measures.” In Proceedings of

COLING 2012, 167-184. Mumbai, 2012.

7. Bar, Daniel, Torsten Zesch, and Iryna Gurevych. “Dkpro Similarity: An

Open Source Framework for Text Similarity.” In Proceedings of the 51st

236



Annual Meeting of the Association for Computational Linguistics:

System Demonstrations, 121-126. 2013.

8. Bejcek, Eduard, Vaclava Kettnerovd, and Markéta Lopatkova. “Automatic
Mapping Lexical Resources: A Lexical Unit as the Keystone.” In
Proceedings of the International Conference on Language Resources

and Evaluation (LREC), 2826-2832. 2014.

9. Bevilacqua, Michele, Tommaso Pasini, Alessandro Raganato, and
Roberto Navigli. “Recent Trends in Word Sense Disambiguation: A
Survey.” In Proceedings of the Thirtieth International Joint Conference
on Artificial Intelligence (IJCAI), 4330-4338. International Joint

Conference on Artificial Intelligence, Inc., 2021.

10. Bhanujidiksita. The Namalinganusasana (Amarakosa) of
Amarasimha with the Commentary (Vyakhyasudha or Ramasrami) of
Bhanuji Diksita. Edited by Pandita Sivadatta. Bombay: Nirnaya-Sagara

Press, 1929.

11. Bhattacharyya, Pushpak. “Indowordnet.” In Proceedings of the
International Conference on Language Resources and Evaluation (LREC

2010). Malta, May 2010.

12. Bonferroni, Cornelio E. “Teoria statistica delle classi e calcolo

”

delle probabilita.” Pubblicazioni del R Istituto Superiore di Scienze

Economiche e Commerciali di Firenze 8 (1936): 3-62.

237



13. CDSD. Cologne Digital Sanskrit Dictionaries. Cologne: Cologne
University, 2025. Version 2.8.0. Accessed July 7, 2025.

https://www.sanskritlexicon.uni-koeln.de.

14. Cochran, William G. “The Comparison of Percentages in Matched

Samples.” Biometrika 37, no. 3/4 (1950): 256-66.

15. Damerau, Fred ]J. “A Technique for Computer Detection and
Correction of Spelling Errors.” Communications of the ACM 7, no. 3

(1964): 171-176.

16. Devasagara (AVRD). Kalikalasarvajhasrthemacandracaryaviracita
Vacakasridevasagaraganikrtavyutpattiratnakarakalita
Abhidhanacintamaninamamala. Sr1 Randera Roada Jaina Sanghah. V.S.

2059.
17. Dietterich, Thomas G. “Approximate Statistical Tests for

Comparing Supervised Classification Learning Algorithms.” Neural

Computation 10, no. 7 (1998): 1895-1923.

18. Gabrilovich, Evgeniy, and Shaul Markovitch. “Computing Semantic
Relatedness Using Wikipedia-Based Explicit Semantic Analysis.” In
Proceedings of the International Joint Conference on Artificial

Intelligence (IJCAI), Vol. 7, 1606-1611. 2007.

19. Goyal, Pawan, Gérard Huet, Amba Kulkarni, Peter Scharf, and
Ralph Bunker. “A Distributed Platform for Sanskrit Processing.” In

Proceedings of COLING 2012, edited by Martin Kay and Christian

238


https://www.sanskritlexicon.uni-koeln.de/

Boitet, 1011-1028. Mumbai: The COLING 2012 Organising Committee,

December 2012.

20. Halayudha (ARMH). Halayudhakosah (Abhidhanaratnamala).

Edited by Jayasankara Jo$l. Varanasi: Sarasvatl Bhavana, V.S. 2014.

21. Hamming, Richard W. “Error Detecting and Error Correcting

Codes.” The Bell System Technical Journal 29, no. 2 (1950): 147-160.

22. Hemacandra (ABCH). Abhidhanacintamani.
Abhidhanacintamaninamamala (svopajna-sarthasabdanukramanikabhyam
samalankrta). Ahmedabad: $r1 Jaina Sahitya Vardhaka Sabha, $ri Vrddhi-

nemi-amrta Granthamala, no. 72. V.S. 2032.

23. Hemacandra (ACPH). Abhidhanacintamaniparisista (The
Abhidhana-sangraha or A Collection of Sanskrit Ancient Lexicons). Book
No. 7. Edited by Pandit Sivadatta and Kasinatha Panduranga Paraba.

Bombay: Nirnayasagara Press.

24, Hemacandra (ACVH). Abhidhanacintamanisvopajnavrtti.
Abhidhanacintamaninamamala (svopajna-sarthasabdanukramanikabhyam
samalankrta). Ahmedabad: Sr1 Jaina Sahitya Vardhaka Sabha, Sr1 Vrddhi-

nemi-amrta Granthamala, no. 72. V.S. 2032.

25. Huet, Gérard. “Sanskrit Lexicography, Past and Future.” In
*Research on the Language and Script in Buddhist Sutras*, edited by Li

Wei. Hangzhou: Hangzhou Buddhist Academy, 2019.

239



26. Jaro, Matthew A. “Advances in Record-Linkage Methodology as
Applied to Matching the 1985 Census of Tampa, Florida.” Journal of the

American Statistical Association 84, no. 406 (1989): 414-420.

27. Jiang, Jay J., and David W. Conrath. “Semantic Similarity Based on
Corpus Statistics and Lexical Taxonomy.” arXiv  preprint

cmp-1g/9709008, 1997.

28. Jinadevasiri (ACS]J). Abhidhanacintamaniparisista (The Abhidhana-
sangraha or A Collection of Sanskrit Ancient Lexicons). Book No. 11.
Editor Pandit Sivadatta and Kasinatha Panduranga Paraba. Bombay:

Nirnayasagara Press. 1896.

29. Johansson, Richard, and Luis Nieto Piha. “Embedding a Semantic
Network in a Word Space.” In Proceedings of the 2015 Conference of
the North American Chapter of the Association for Computational

Linguistics: Human Language Technologies, 1428-1433. 2015.

30. Joshi, Salil, Arindam Chatterjee, Arun Karthikeyan Karra, and
Pushpak Bhattacharyya. “Eating Your Own Cooking: Automatically
Linking WordNet Synsets of Two Languages.” In Proceedings of COLING

2012: Demonstration Papers, 239-246. 2012.

31. KeSavasvamin (AKKS). The Namalinganusasanam (Amarakosha of
Amarasimha) With the Commentary (Amarakoshoddghatana) of
KeSavasvamin. Editor Krishnaji Govind Oka. Poona: Law Printing Press.

1913.

240



32. Kilgarriff, Adam. “Word Senses.” In Word Sense Disambiguation,

29-46. 2006.

33. Kouvara, Eleni, Montserrat Gonzalez, Julia Gross, and Roser Sauri.
“Determining Differences of Granularity between Cross-Dictionary
Linked Senses.” In Proceedings of the 19th EURALEX International

Congress, 2021.

34. Kuiper, Koenraad, Romain Fromont, and David Gerhard.
“Polysemy and Word Frequency.” Journal of Research Design and
Statistics in Linguistics and Communication Science 4, no. 2 (2018): 144

-155.

35. Kulkarni, Malhar, Chaitali Dangarikar, Irawati Kulkarni, Abhishek
Nanda, and Pushpak Bhattacharyya. “Introducing Sanskrit WordNet.” In
Proceedings of the 5th Global WordNet Conference (GWC 2010), 287-

294. Mumbai: Narosa, 2010.

36. Landauer, Thomas K., Peter W. Foltz, and Darrell Laham. “An
Introduction to Latent Semantic Analysis.” Discourse Processes 25, no. 2

-3 (1998): 259-284.

37. Levenshtein, Vladimir I. “Binary Codes Capable of Correcting
Deletions, Insertions, and Reversals.” Soviet Physics Doklady 10, no. 8

(1966): 707-710.

38. Mahes$vara. Amarakosa with Commentary of Mahesvara. Pune:

Varada Books. 1990.

241



39. Maheévara. Sabdaprabheda. Edited by Vijayasricandrasari and

Vinayasagara. Surat: Randera Roada Jaina Sanghah. 2010.

40. Mallinatha. Amarakosa with the Unpublished South Indian
Commentaries — Amarapadavivrti of Lingayasurin, Amarapadaparijata of
Mallinatha, and the Amarapadavivarana of Appayarya. Vols. 1-2. Edited
by A. A. Ramanathan. Adyar: The Adyar Library and Research Center.

Adyar: 1971.

41. McNemar, Quinn. “Note on the Sampling Error of the Difference
Between Correlated Proportions or Percentages.” Psychometrika 12, no.

2 (1947): 153-57.

42. “Dictionary.” Merriam-Webster.com. 2025. https://www.merriam-

webster.com (accessed August 7, 2025).

43. “Thesaurus.” Merriam-Webster.com. 2025. https://www.merriam-

webster.com (accessed August 7, 2025).

44, Miller, George A. “WordNet: A Lexical Database for English.”

Communications of the ACM 38, no. 11 (1995): 39-41.

45. Miller, George A., Richard Beckwith, Christiane Fellbaum, Derek
Gross, and Katherine J. Miller. “Introduction to WordNet: An On-Line
Lexical Database.” International Journal of Lexicography 3, no. 4 (1990):

235-244.

242



46. Miller, George A., Claudia Leacock, Randee Tengi, and Ross T.
Bunker. “A Semantic Concordance.” In Proceedings of the Human

Language Technology Conference, 1993.

47. Monge, Alvaro, and Charles Elkan. “An Efficient Domain-
Independent Algorithm for Detecting Approximately Duplicate Database
Records.” In Proceedings of the ACM-SIGMOD Workshop on Research

Issues on Knowledge Discovery and Data Mining, 1997.

48. Nair, Sivaja S. The Knowledge Structure in Amarakosa.

Hyderabad: University of Hyderabad, 2011.

49. Navigli, Roberto, and Simone Paolo Ponzetto. “BabelNet: The
Automatic Construction, Evaluation and Application of a Wide-Coverage

Multilingual Semantic Network.” Artificial Intelligence (2012): 217-250.

50. Pradeep, Anagha, Radhika Mamidi, and Pavankumar Satuluri.
“Context and WSD: Analysing Google Translate’s Sanskrit to English
Output of Bhagavadgita Verses for Word Meaning.” In Proceedings of
the 7th International Sanskrit Computational Linguistics Symposium, 14

-26. 2024.

51. Rayamukuta (APCR). Padacandrikd - A Commentary on the
Linganusasanam of Amara. Edited by Kali Kumar Dutta. Calcutta:

Sanskrit College, 1966.

52. Resnik, Philip. “Using Information Content to Evaluate Semantic

Similarity in a Taxonomy.” arXiv preprint cmp-1g/9511007, 1995.

243



53. Rijsbergen, C]J Van. Information Retrieval. 2nd ed. London:

Butterworths, 1979.

54. Salgado, Ana, Sina Ahmadi, Alberto Simodes, John McCrae, and
Rute Costa. “Challenges of Word Sense Alignment.” In Proceedings of
the LREC 2020 7th Workshop on Linked Data in Linguistics (LDL-2020),
45-51. Marseille: European Language Resources Association (ELRA),

2020.

55. Sarvananda (TSS). Namalinganusasanam
Srimadamarasimhaviracitam Vandyaghatlyasarvanandapranitaya
Tikasarvasvavyakhyaya sametam. Edited by T. Ganpati Shastri.

AnantaSayana Samskrtagranthavali, no. 38. Anantasayana, 1914.

56. Sauri, Roser, Louis Mahon, Irene Russo, and Mironas Bitinis.
"Cross-dictionary linking at sense level with a double-layer classifier." In
2nd Conference on Language, Data and Knowledge (LDK 2019), pp. 20-

1. Schloss Dagstuhl-Leibniz-Zentrum fir Informatik, 2019.

57. Schuler, Kipper Karin. VerbNet: A Broad-Coverage,
Comprehensive Verb Lexicon. PhD diss., University of Pennsylvania,

2005.

58. Scozzafava, Federico, Marco Maru, Fabrizio Brignone, Giovanni
Torrisi, and Roberto Navigli. "Personalized PageRank with syntagmatic

information for multilingual word sense disambiguation." In Proceedings

244



of the 58th annual meeting of the association for computational

linguistics: system demonstrations, pp. 37-46. 2020.

59. Saktidharasarman (ARSS). Amarakosa Arthat
Namalinganusasanam Nama Kosah. Lucknow: Navalkishor Press Book

Depot.

60. Sasvata (ANKS). Sasvatakosah - The Anekarthasamucchaya of
Sasvata. Edited by Narayan Nathaji Kulkarni. Poona: Oriental Book

Agency. 1929.

61. Speer, Robyn, Joshua Chin, and Catherine Havasi. “ConceptNet
5.5: An Open Multilingual Graph of General Knowledge.” In Proceedings

of the AAAI Conference on Artificial Intelligence 31, no. 1. 2017.

62. Stokoe, Christopher. “Differentiating Homonymy and Polysemy in
Information Retrieval.” In Proceedings of the Human Language
Technology Conference and Conference on Empirical Methods in

Natural Language Processing, 403-410. 2005.

63. Srivallabha (HSDS). Jinadevasiiri’s Haimanamamalasiloficha with a
Commentary by Srivallabha. L. D. Series 46. Ahmedabad: L. D. Institute

of Indology.

64. Vacaspati (VCSP). Sabdarnava of Vacaspati. In Journal of the
American Oriental Society 85, no. 4 (1965): 524-543; and 88, no. 2

(1968): 345-347.

245



65. Visnudattasarman (ANVS). The Namalinganusasana viz
Amarakosha of Amarasimha with the Commentary - Namacandrika.

Bombay: Shri Venkateshwar Steam Press, 1929.

66. Vogel, Claus. Indian Lexicography. Delhi: Motilal Banarsidass,

2015.

67. Vossen, Piek. "A multilingual database with lexical semantic
networks." Dordrecht: Kluwer Academic Publishers. doi 10 (1998): 978-

94.

68. Vyadi (VYDI). Fragments from Three Lost KoSas: II. Vyadi’'s
Utpalini. Edited by Robert Birwé. Journal of the American Oriental

Society 87, no. 1 (1967): 39-52.

69. Webster, Noah. Webster’s Unabridged Dictionary of the English

Language. 1900. Kikwansha.

70. Wilson, H. H. A Dictionary in Sanscrit and English. 2nd ed.

London: Parbury, Allen & Co., 1832.

71. Winkler, William E. “String Comparator Metrics and Enhanced
Decision Rules in the Fellegi-Sunter Model of Record Linkage.” The

Educational Resource Information Center (ERIC), 1990.

72. Wise, Michael ]J. “Yap3: Improved Detection of Similarities in
Computer Program and Other Texts.” In Proceedings of the Twenty-
Seventh SIGCSE Technical Symposium on Computer Science Education,

130-134. 1996.

246



73. Yadavaprakasa. The Vaijayantl of Yadavaprakasa. Edited by Gustav
Oppert. Madras: Madras Sanskrit and Vernacular Text Publication

Society, 1893.

74. Yates, William. A Dictionary in Sanscrit and English, Designed for
the Use of Private Students and of Indian Colleges and Schools.

Calcutta: Baptist Mission Press, 1846.

75. Zipf, George K. Human Behaviour and the Principle of Least

Effort. Cambridge, MA: Addison-Wesley, 1949.

247



Sl No. 61119
Motification No. 1

UNIVERSITY OF HYDERABAD

{A Central University Established by an Act of Parliament)
P.O. CENTRAL UNIVERSITY, GACHIBOWLI, HYDERABAD - 500 046 (INDIA)

REGULAR EXAMINATION

SEMESTER GRADE TRANSCRIPT
REG. No. 21HsPHo1 AR
NAME OF THE STUDENT PATEL DHAVALKUMAR KIRITKUMAR
MONTH AND YEAR OF FEB 2022 SEMESTER 1
COURSE Ph.D. SANSKRIT STUDIES
PARENT'S NAME PATEL KIRITKUMAR JOITARAM / PATEL SUNANDABEN KIRITKUMAR
COURSE NO | TITLE OF THE COURSE CREDITS | RESULTS
SK812 | TOPICS IN NATURAL LANGUAGE PROCESSING 4 PASS
SK830 | DISSERTATION RELATED READINGS 4 PASS

SEMESTER GRADE POINT AVERAGE (SGPA) :10.0
(In words) :TEN POINT ZERO

-
DEPUTY REGISTRAR
(ACAD & EXAMS)
Date Of Result Notification : Mar 1, 2022
Date Of Download : Jan 24, 2026

This is system generated certificate issued by O/o The Controller of Examinations, University of Hyderabad

Website: https:/fwww.uchyd.ac.in and https://www.acad.uohyd.ac.in
Phone : 040-23132120, E-mail: ce @ uohyd.emet.in and ceuoh @uohyd.ac.in

248



Sl No. 75137
Motification No. 2

UNIVERSITY OF HYDERABAD

{A Central University Established by an Act of Parliament)
P.O. CENTRAL UNIVERSITY, GACHIBOWLI, HYDERABAD - 500 046 (INDIA)

REGULAR EXAMINATION

SEMESTER GRADE TRANSCRIPT
REG. No. 21HsPHo1 AR
NAME OF THE STUDENT PATEL DHAVALKUMAR KIRITKUMAR
MONTH AND YEAR OF JUN 2022 SEMESTER 2
COURSE Ph.D. SANSKRIT STUDIES
PARENT'S NAME PATEL KIRITKUMAR JOITARAM / PATEL SUNANDABEN KIRITKUMAR
COURSE NO | TITLE OF THE COURSE CREDITS | RESULTS
ENS75 | RESEARCH AND PUBLICATION ETHICS 2 PASS
SK801 | RESEARCH METHODOLOGY 4 PASS

SEMESTER GRADE POINT AVERAGE (SGPA) :10.0
(In words) :TEN POINT ZERO

hekf] -
DEPUTY REGISTRAR
(ACAD & EXAMS)
Date Of Result Notification : Jul 28, 2022
Date Of Download : Jan 15, 2026

This is system generated certificate issued by O/o The Controller of Examinations, University of Hyderabad

Website: https:/fwww.uchyd.ac.in and https://www.acad.uohyd.ac.in
Phone : 040-23132120, E-mail: ce @ uohyd.emet.in and ceuoh @uohyd.ac.in

249



UGC - CARE LISTED ISSN: 0974 - 8946

TS - YehTy-fawmiran Srarfent giver-ufient

IHE-TAT

(A Refereed & Peer-Reviewed Quarterly Research Journal)
47 a9 woHIsE: (SHet-uTet) 2022 3.

TUTHHISh

250



. SreruiAfeesay

. IEAGET: Te] WIS
—T TYTIEIER:
. HUATT:
—&f FEANEORiE:
fe<t fawm

. TR WRE § Woa=, TSa= q97 clehd=
(TEFd IS T % A=y H)

~gfo HRW 9 vl
. Tavaernt-gea § Svaufaa = fafg
(Fma-33 & ufwed #)

—8f. AT ST

. ohiferaT™ o Tl W famm e fafwan fram & w=d

-2l A FER SEEa

. Afqw arema ¥ awagyTe
-t Sfam St
English Section

. Sankhyatattvapradipa of Tulasirama -
an unpublished Sankhya work
-Dr. Dhaval Patel, IAS

+44

251

foemar=eafd: €. g<EREIE:

1-8

9-13

14-23

24-42

43-54

55-60

61-68

69-104



UGC-CARE Listed regwT
SHE-ATE, 2022 Y : 47, YIS :

Sankhyatattvapradipa of Tulasirama -
an unpublished Sankhya work

Dr. Dhaval Patel, IAS

Introduction

During my work of preparing a catalogue of the manuscripts in
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Word Sense Alignment of Sanskrit Lexica

Dhaval Patel Amba Kulkarni
Department of Sanskrit Studies, Department of Sanskrit Studies,
University of Hyderabad University of Hyderabad
drdhaval2785@gmail.com ambakulkarni@uohyd.ac.in
Abstract

Word sense alignment is a field of study in which lexical resources or texts are aligned
at the level of word sense rather than the word. The present paper tries to evaluate the
possibility of mechanically aligning Sanskrit lexica at the level of word sense computa-
tionally.

1 Introduction

Sanskrit, an ancient Indian language, has been a medium of transmission of knowledge in various
fields of study for centuries. Compilation of word lists in Sanskrit commenced at an early date
as it was found necessary to access the old literature such as Vedic literature, while the language
was undergoing some transformations with meaning shifts. The lexical resources known as kosas
were developed. They are of two types — (1) Samanarthaka kosas and (2) Anekarthaka koSas.
Samanarthaka kosas enlist the synonyms together. The synonyms are arranged following some
theme, semantic criterion, or ontological classification scheme. For example, in the most famous
samanarthaka kosa viz. Amarakosa, the words are arranged in three kandas and further within
the kandas, the headwords are arranged based on either semantic or ontological properties.
Anekarthaka kosas enlist different meanings of a given word. The words may or may not have
any alphabetic arrangement. Both kinds of ko$as were meant to be memorized, applied to
texts, and cited as and when the usage of the said word in the literature was to be justified
in a commentary. Therefore, the koSas were almost invariably in a verse form. Vogel (2015)
has given a comprehensive coverage of these Sanskrit kosas and commentarial literature thereon.

Because of the influence of Western lexicography, a few Sanskrit-Sanskrit dictionaries
like Vacaspatyam and gabdakalpadruma were also compiled on the lines with the Western
methodology of arranging headwords alphabetically and in prose form. Several bilingual
Sanskrit dictionaries such as Sanskrit-English, Sanskrit-French, and Sanskrit-German were
created starting from the early 19" century. Almost all of the major dictionaries that are
free from copyright are available on the Cologne Digital Sanskrit Dictionaries website (CDSD,
2023). This digitized data has various levels of markup. In the recent years Huet (2019) has
developed a digital Sanskrit-French dictionary where the lexical items are directly linked to the
inflectional and derivational morphology.

Some of these dictionaries, in addition to providing the meaning of Sanskrit words in
the target language, also provide citations from Sanskrit texts. The citations in different
dictionaries vary. These citations play an important role in understanding the context in which
the sense is being used. Aligning the senses of different dictionaries would provide us with
more than one example sentence for each sense to understand the context and the semantic
criterion that decides the sense of the word in a given usage. Further, with the availability
of word embeddings for words in several languages such as Hindi, English, French, German,
etc. if the senses in Sanskrit bilingual dictionaries are aligned, one can take advantage of the
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Concordance of Sanskrit Synonyms

Dhaval Patel
Department of Sanskrit Studies,
University of Hyderabad
drdhaval27850gmail.com

Abstract

The present paper tries to explore the possibility of creating a concordance of Sanskrit
synonyms based on Samanarthaka Sanskrit kosas.

1 Introduction

Sanskrit ko$as are mainly of two types - Samanarthakakosas and Anekarthakakosas.
Samanarthakakosas enlist the synonyms depicting the same meaning in one place, whereas
Anekarthakakosas provide multiple meanings of the same word. Various lexicographers enumer-
ate different words to depict the same meaning in samanarthakakosas. In the present paper,
the author has tried to create a concordance of Sanskrit synonyms based on five Samanarthaka
Sanskrit kosas.

2 Selection of Samanarthakakos$as

2.1 Amarakosa

Amarako$a (AMAR) is a well renowned Sanskrit kosa which covers both synonymic and
homonymic components. In the synonymic component, the words denoting the same mean-
ing are presented together. In the homonymic component, different meanings of the same word
are presented together. Amarakosa’s formal name is Namalinganusasanam. It also presents
the genders of the words explicitly. Amarakosa it the most widely used Sanskrit lexicon. Its
popularity can be measured by the wide literature of commentaries on it in Sanskrit and many
other languages. Usually, Amarakosa provides the gender information explicitly, but sometimes
the commentaries thereon have been consulted to check for the gender of the given word.

2.2 Abhidhanacintamani of Hemacandra

Hemacandra has authored many lexicographic works. The most notable among them are Abhid-
hanacintamani - a samanarthaka kosa and Anekarthasamgraha - an anekarthaka kosa. Unlike
Amarasimha, Hemacandra thought it fit to compose two separate works for synonymic and
homonymic lexica. Therefore, in the present comparision, only the synonymic part of Ama-
rakosa is compared with synonymic dictionary Abhidhanacintamani (ABCH) of Hemacandra.
Hemacandra has also authored a separate work on gender named Linganusasanam, and hence
has not given gender information in his ABCH explicitly. This gap is easily filled through
autocommentary on this work named Abhidhanacintamanisvopajnavrtti (ACVH) and a com-
mentary on Abhidhanacintamani namely Vyutpattiratnakara by Devasagaragani (AVRD). Both
these commentaries provide gender information explicitly.

2.3 Abhidhanacintamaniparisista and Abhidhanacintamanisiloncha

Abhidhanacintamani also has two supplementary treatises Abhidhanacintamaniparisista by
Hemacandra (ACPH) himself (also known as Sesasamgrahanamamala), and Abhidhanacinta-
manisiloficha by Jinadeva (ACSJ). These two works provide words which are missing in Abhid-
hanacintamani. ACPH is a compilation of extra words which Hemacandra has provided in his
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Abstract

Indian knowledge system has various tools of research
methodology. Sangati and Tantrayukti are such tools of research
methodology. They are the devices by which a treatise is able to coherently
put forth its central doctrine. In the present paper, the authors try to
define and elucidate the concept of various Sangatis and Tantrayuktis.
Authors also examine occurrences of Sangatis and Tantrayuktis in
Sankhyakarika and establish that these tools find widespread application
in the same.
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