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Glossary

Sabdalafnikara Figures of sound; beautiful, rhythmic, and repetitive sound patterns.

Abelian Group A group that is commutative under its binary operation, meaning the order

in which elements are combined does not alter the result.

Alankarasastra The traditional Sanskrit theory of aesthetics, poetics, and literary ornamen-

tation.

Anuprasa A figure of sound similar to alliteration, involving the repetition of consonants in

close proximity.

Arthalankara Figures of sense; stylistic patterns that give rise to pleasure due to the under-

lying meaning.

Binary Operation A rule (denoted usually by = or +) that operates on two elements of a set

to produce a single output from that same set.

Citrabandha A type of literary construction that creates visual, geometric, or symmetrical

patterns from the specific arrangement of syllables.

Confusion Matrix A table layout used in multi-class classification that provides a detailed

breakdown of a model’s performance by mapping predicted classes against true labels.

Cycle Decomposition A compact mathematical notation used to represent the cyclical re-

arrangement of elements in a permutation.
Dhvani The implied or suggested meaning in poetry.

Feature Engineering The process of manually extracting text features based on domain-
specific clues (such as Sanskrit poetics) rather than relying entirely on automated neural

networks.

X1



Group Theory A rigorous mathematical framework used to quantify and describe the struc-

tural properties of symmetries in objects or literary patterns.

Holdout Validation A testing technique where a dataset is split into two distinct subsets:

one for training the model and the other for testing its performance on unseen data.

Isomorphic Having a structure-preserving mapping between two sets, indicating that they

share the exact same algebraic structure.

K-fold Cross-Validation A validation technique used to evaluate the precision, standard

deviation, and overall stability of machine learning models.

Kavya Literary language or poetry, distinguished from ordinary speech by its aesthetic and

multi-layered meaning.

Kavyaguia Syntactic and phonemic qualities or features of a literary text that enhance its

overall aesthetic experience.

Klein Four-Group A specific Abelian group (denoted as K4 or Zy X Z3) containing four

elements where each element is its own inverse.

Luptopama An elliptical simile where one or more components of the Upama are omitted.

Madhurya The poetic quality of sweetness, characterized by soft consonant combinations

and short or no compound words.

n-gram A contiguous sequence of n items (such as syllables or letters) from a given sample

of text.

Oja The poetic quality of floridity or grandeur, characterized by harsh consonant combina-

tions and lengthy compounds.

Pada A foot or one-quarter line of a poetic stanza.
Parfiopama A complete simile where all four components of Upama are explicitly present.

Permutation Group A subgroup containing elements that represent the various symmetric

transformations (such as reflections or rotations) of a structure.
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Prasada The poetic quality of lucidity or perspicuity, ensuring the meaning is easily com-

prehensible.

Riti Poetic style or diction, primarily categorized as Vaidarbhi, Gaudi, and Pancali.

Rasa The aesthetic essence or emotional experience evoked in the reader or audience.

Sadharana-dharma The shared quality, property, or event linking the Upameya and Up-

amana.
Samasa Compound word formation in Sanskrit grammar.

Sandhi The phonetic joining and morphological fusion of adjacent words or syllables.

Upama A figure of speech denoting a simile, expressing similarity between two distinct en-

tities.
Upama-dyotaka The comparative marker or comparator (e.g., iva, yatha, tulya).
Upamana The object of comparison in an Upama construction.

Upameya The subject of comparison in an Upama construction.

Vakrokti Oblique or indirect expression; artistic deviation from ordinary speech.

Vectorization The conversion of text into numerical representations or vectors based on

specific criteria so that machines can process the data.

Word Embedding A representation generated by models like Word2Vec where words with

similar semantic meanings are mapped to nearby points in a continuous vector space.

Word2Vec A neural network-based vectorization method that generates vector representa-

tions of words based on semantic meanings and relationships.

WX Notation A transliteration scheme providing a one-to-one mapping between Sanskrit

phonemes and Roman letters, ideal for computational processing.

Yamaka A figure of sound involving the repetition of a sequence of syllables, typically pos-

sessing different meanings at each occurrence.
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Chapter 1

Introduction

1.1 Aim of the Research

In this research, we essentially attempt to apply the theory of aesthetics and poetics (Alankara-
sastra) established in the knowledge tradition of Sanskrit to build various computational ap-
plications for Figurative Language Processing (FLP) in Sanskrit. We also aim to relate the

ancient theory of aesthetics to the contemporary theory of symmetry.

1.2 Motivation

The poetic literature of a language reflects its intellectual and cultural depth. Sanskrit, with
its origins in the Vedic era, has a long-standing tradition of sophisticated aesthetic expres-
sion. Classical Sanskrit poetry employs intricate rhetorical devices, requiring an advanced
level of understanding for accurate interpretation. Anandavardhana highlights the necessity
of deeper comprehension, stating that poetry is not fully appreciated through mere knowledge
of words and meanings but requires an awareness of its underlying essencef| For machines,
which lack human intuition and world knowledge, this poses a complex challenge. Without
advanced computational methods to handle implied meanings, processing ornate poetic lan-

guage remains difficult.

Natural Language Processing (NLP) is an interdisciplinary field combining computer sci-
ence, artificial intelligence, and computational linguistics to enable machines to process hu-
man languages [Jurafsky and Martin (2009)]. While significant advancements have been made
in data-driven NLP for various languages, Low-resource languages still face challenges such as

data scarcity, complex morphology, orthographic and historical variations, and limited digital

Sabdarthasasanajianamatrenaiva na vedyate |
vedyate sa tu kavyarthatattvajiiaireva kevalam || 1.7, Dhvanyaloka.
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resources. These issues, coupled with the inadequacy of models designed for other languages,
make it difficult to develop robust NLP solutions for Sanskrit. However, despite traditionally
being categorized as a Low-resource language, Sanskrit NLP has recently gained momentum
due to its well-structured linguistic theories and the integration of modern computational
methods. Several computational tools are available for analyzing the syntactic aspects of San-
skrit. (Goyal and Huet, 2013; Satuluri and Kulkarni, 2013; Kulkarni and Shukl, 2009; Kulkarni
and Kumar, 2013, 2011; Goyal et al., 2009; Kulkarni et al, 2020; Kulkarni and Das, 2012; S, 2022)

In the realm of Sanskrit NLP, we can trace various works to process the grammar and
syntactic factors of the Language. We do not find any computational work for Sanskrit that
processes the poetic aspects of the literature. Our prime motivation behind this work is to
initiate the Figurative Language Processing for Sanskrit starting with selected Alankaras and
Kavyagunas. Furthermore, to facilitate the readers with a computational framework, which
can assist with understanding the figurative devices used to enhance the beauty of the literary

language.

1.3 Significance

This research bridges the gap between traditional Sanskrit poetics and modern computing.

Because of this interdisciplinary approach, the work is designed to be useful to several groups:

+ Computational Linguists and NLP Researchers: Handling ornate and poetic lan-
guage is a major challenge in Natural Language Processing. This work provides new
computational frameworks, algorithms, and tagging schemes specifically designed for

Figurative Language Processing (FLP) in a low-resource language like Sanskrit.

To encourage further development in this field, we are making the annotated datasets
used in this research publicly available. This will allow other scholars to test new mod-

els, improve upon our results, and collaborate on future NLP tools for Indian languages.

« Sanskrit Scholars and Indologists: The computational tools developed in this study,
such as the classifiers for Yamaka and Anuprasa, offer scholars a new way to analyze
classical texts. These tools can automatically identify and categorize literary devices,

making it easier to study the vast body of Sanskrit poetry at scale.
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« Educators and Students of Alafikarasastra: For students learning how to identify
complex poetic devices, these computational tools can serve as a practical guide to check
their own understanding. For educators, the structured classifications, such as the tag-
ging scheme for the 25 subcategories of Upama, provide a clear, consistent way to teach

the syntactic structures behind these poetic ornaments.

1.4 Review of Previous Work

Automatic processing of rhetorical language is assumed to be one of the toughest tasks in the
area of Natural Language Processing, as it is heavily dependent on the word meaning. Despite
this several kinds of works are found on the same. Some of the prime fields are mentioned
below. Figurative Language Processing has gained significant attention in Natural Language
Processing due to its importance in poetry and decorative language. Various research efforts
have explored the generation, identification, analysis, classification, style analysis, and para-

phrasing of figurative language.

1.4.1 Poetry Generation/Synthesis

Automatic generation of figurative language has been explored extensively. Chakrabarty et al.
(2022) presents a systematic overview of developments in figurative language generation, fo-
cusing on metaphor, irony, and similes. Himaélainen (2018) introduced ‘Poem Machine’ which

produces poetry of its own and assists the user in authoring poems.

1.4.2 Figurative Speech Identification

The identification of figurative language elements is crucial for computational analysis. Liu
et al! (2022) introduce FLUTE, a dataset that enhances figurative language understanding
through textual explanations. They highlight the challenges faced by language models in
recognizing non-literal expressions. Shutova (2011) presented a computational approach to
process metaphors using statistical methods. Qadir et al| (2016) attempted the task of Auto-

matic inference of implicit similarities in similes.
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For Hindi, Audichya and Sainj (2021) worked out the alarikaras in Hindi to present the
hierarchical structure with a taxonomical listing of alankaras. However, the computational

implementation was not exercised.

1.4.3 Poetry Analysis

Analyzing poetry using NLP tools has been discussed by Bizzoni and Haider (2023), who
survey automatic poetry analysis methods, emphasizing their applications in European lan-
guages. Computational linguistics tools such as SpaCy and ChatGPT-4 have been utilized to

analyze poetry structures (Mishra et al,, 2023).

Naaz and Singh (2022) was able to contribute by presenting three different tools for Hindi.
‘Text2Matra’ produces the laghu and guru matras for the input, ‘RPaGen’ detects the rhyming
quality of the poem and ‘FoSCal’ generates a score according to the quantity of Anuprasa used

over the poem.

1.4.4 Poetry Classification

Poetry classification is performed using various standards such as sentiment, poetic style, etc.
Several researchers have explored the classification of figurative language in poetry. Kumar,
et al| (2023) proposes a method to categorize figures of speech in Devanagari-scripted lan-
guages using NLP techniques. Wujastyk (1978) worked out the classification for Sanskrit clas-
sical text of Kumarasambhava based on meter scansion for authorship criteria. Ahmad et al.
(2020) classified poetry text into emotional states using deep learning techniques. Deshmukh
et al. (2021) performed sentimental classification of Marathi poems using machine learning.
Singh et al! (20234) attempted classifying Hindi poetry on the phonemic features komala (soft)
and kathora (harsh) with the use of learning algorithms using statistical data. Kaur and Saini

(1970) developed Punjabi poetry classifiers using different textual features.

1.4.5 Style Analysis

Understanding stylistic elements in figurative language has been studied extensively. Veale
and Hag (2018) compile various studies on figurative language processing, offering insights

into computational modeling techniques. Englard (2013) used the rhetorical analysis of text
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to predict the author. This study presents a novel approach based on ensemble learning, Dis-

tiIBERT, and conventional machine learning techniques for authorship identification.

1.4.6 Paraphrasing

Paraphrasing figurative language remains a challenge in NLP. Chakrabarty et al! (2021) pro-
pose a knowledge-enhanced model to improve the interpretation of non-compositional figu-

rative phrases.

1.4.7 Meter analysis for Sanskrit

Regarding the processing of aesthetic aspects, the automatic Meter Identification task has been
worked out in a detailed manner, from various application perspectives, by different scholars
for Sanskrit. Melnad et al. (2015), Rajagopalan (2018), Neil (2023), Terdalkar and Bhattacharya
(2023) are some of the notable contributors to the available state-of-the-art Sanskrit Meter
Identification systems.

However, no other focused computational work can be traced in this regard of Sanskrit

FLP.

1.5 Tradition of Poetics in Sanskrit

The tradition of Alankarasastra (poetics) has evolved over centuries, emphasizing the aesthetic
and structural ornamentation of poetry. The decorative components of a language, which en-
hance poetic beauty, can be traced extensively in Sanskrit literature. Even Vedic texts exhibit
early examples of these rhetorical devices. Hence, Rajasekhara says that other than the six
disciplines viz. $iksa, kalpa, vyakarana, nirukta, chandas and jyotisa there exists a seventh dis-
cipline which is benevolent to Vedas which is the Alankarasastra. Without the understanding

of the poetics the interpretation of the meaning of the Vedas is not possible.f

The tradition of Sanskrit poetics has developed over more than 2000 years, giving rise to

six major schools, each presenting a unique perspective on literary beauty and poetic expres-

Siksa, kalpo, vyakaranam, niruktam, chandovicitih, jyautisam ca sadangani ityacaryah | upakarakatvadalankarah

Adhyaya-2, Kavyamimamsa.
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sion. These schools emerged from differing scholarly views on what constitutes the soul of
poetry. Various scholars identified distinct elements of poetic ornamentation as central to
poetic excellence, enhancing the reader’s aesthetic experience. Each school is founded on a
particular aspect that it considers fundamental to the creation of poetry. A brief overview of

these six schools is as follows.

1. Rasa (Aesthetic Essence) - Established by Bharata (1* century AD) in the Natyasastra,
the Rasa school focuses on the emotional experience evoked in the reader or audience.
It identifies eight primary emotions. Later on, Abhinavagupta (10° century AD) added
the ninth rasa, i.e. the santa rasa in his commentary on the Natyasastra. The nine
rasas are: $rngara (love), hasya (humour), karuna (pathos), raudra (fury), vira (heroism),
bhayanaka (fear), bibhatsa (disgust), adbhuta (wonder), and $anta (tranquillity), which
a poet should aim to evoke through literary and dramatic works. Bharata outlines the
step-by-step process of rasa elicitation in the form of the rasasutra. The rasa is evoked
by the combination of vibhava (determinants), anubhava (consequent expressions), and
vyabhicari-bhava (transitory emotions) | The rasa perspective is respected even by the

followers of the other schools.

2. Alankara (Figures of Speech) — The Alankara school, championed by Bhamaha (7™
century AD) and later Dandin ( 8™ century AD), emphasizes the role of rhetorical de-
vices and embellishments (alarikaras) in poetry. These include figures of speech such as
Anuprasa, Yamaka, Upama, Riupaka, Ananvaya, etc., which enhance the aesthetic appeal
of poetic compositions. The total number of Alanikaras vary from scholar to scholar. In
Bharata’s Natyasastra, only 4 Alankaras are mentioned, whereas, in Kuvalayananda of

Appaya diksita (16™ century AD) 125 Alankaras are enlisted.

3. Riti (Poetic Style) — Propounded by Vamana (8" century AD), this school conceptu-
alizes poetry in terms of stylistic elegance. According to this theory, the riti (construct
of expression) determines the impact of poetry, with well-structured compositions re-
flecting a refined and sophisticated style. There are three kinds of ritis marking three

different poetic styles, viz. Vaidarbhi, Gaudi and Paricali.

moksanubhavajanitam rasatvam Santasya laksanam | 6.31-32
(Abhinavabharati on Natyasastra
vibhava-anubhava-vyabhicari-samyogat rasa-nispattih || 6.31, Natyasastra.



1.6. CHALLENGES IN SANSKRIT FLP

4. Dhvani (Suggestion) — Introduced by Anandavardhana (9" century AD) in Dhvanya-
loka, this school argues that poetry’s true beauty lies in its suggestiveness rather than
explicit meaning. The Dhvani theory emphasizes indirect expression (vyarijana), where
the implied meaning (dhvani) evokes deeper emotional and intellectual engagement,

which is superior to the abhidha (denotation) and laksana (indication).

5. Vakrokti (Oblique Expression) — Formulated by Kuntaka (10™ century AD), this
school asserts that the essence of poetry lies in creative and unconventional linguis-
tic expression. Vakrokti (literally, ‘crooked speech’) refers to artistic deviation from

ordinary speech, where poetic excellence arises from unique and striking phraseology.

6. Aucitya (Propriety) - Championed by Ksemendra (11" century AD), the Aucitya school
emphasizes contextual appropriateness in poetry. It argues that every element of poetic
composition—whether emotion, style, or figure of speech—must align harmoniously

with the theme and situation to achieve literary excellence.

1.6 Challenges in Sanskrit FLP

1.6.1 Ambiguity in Interpretation

Figurative expressions convey meanings beyond their literal sense, posing challenges for com-
putational models. For example, the phrase ‘grham agnimiva pravistah’ (entered the house
like fire) does not imply physical combustion but an overwhelming presence, requiring se-
mantic understanding beyond word-level analysis. Machine learning models trained on literal
text corpora struggle with such implicit meanings unless enriched with extensive contextual
knowledge. Additionally, Sanskrit poetry often relies on multiple layers of meaning, making

it harder to determine whether an expression should be interpreted literally or figuratively.

1.6.2 Scarcity of Annotated Datasets

A major challenge in Sanskrit FLP is the lack of large-scale annotated datasets. Unlike tasks
such as part-of-speech tagging or dependency parsing, identifying figurative expressions like
alankaras (figures of speech) requires expert annotation, which is both labor-intensive and

subjective. Further, figurative meanings often rely on subtle rhetorical features, making it
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difficult for conventional machine learning models to capture indirect expressions such as
Dhvani (suggestion) or Vakrokti (oblique speech). The absence of standardized resources limits

model performance, making supervised learning approaches difficult to apply.

1.6.3 Context Sensitivity and Cultural Dependence

Figurative language is highly context-sensitive and culture-specific. Sarcasm, irony, and hu-
mor require an understanding of sentiment shifts and background knowledge that go beyond
lexical patterns. Sanskrit poetry often encodes philosophical, mythological, or cultural refer-
ences that are unfamiliar to modern NLP models. Many computational techniques developed
for Western literary traditions fail to generalize to Sanskrit, where different figurative con-
ventions and poetic traditions exist. This makes context modeling a critical yet unresolved

issue in Sanskrit FLP.

1.6.4 Morphological and Syntactic Complexity

Sanskrit’s inflectional morphology and free word order introduce significant challenges in
processing figurative expressions. Word segmentation, part-of-speech tagging, and syntactic
parsing are complex due to extensive sandhi rules and multiple morphological variations.
Additionally, Samasa (compound formation) further complicates interpretation, as compound
words can encode entire phrases whose meaning depends on syntactic and semantic context.
The figure of speech like $lesa depends upon the different kinds of segmentations which lead
to various interpretations of a single word or a sentence. In such cases, the potential figurative

aspect should not be suppressed due to computational models’ incapability.

1.6.5 Multiple Levels of Meaning in Poetics

Sanskrit poetics incorporates multi-layered meanings as described in theories such as Sabd-
abodha (cognition through language). Unlike modern NLP approaches focusing on explicit
textual patterns, Sanskrit poetry often relies on indirect suggestion. Computational models
struggle to capture these nuanced interpretations, especially in cases where Alankaras (figures
of speech) introduce additional complexity. Recognizing rhetorical figures such as Upama,

Riipaka, and Slesa requires deep semantic analysis and sophisticated linguistic modelling.
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1.6.6 Detecting Oblique Expressions (Vakrokti)

A defining feature of Sanskrit poetry is its reliance on oblique expressions (Vakrokti), where
meaning is deliberately indirect. Unlike prose, poetic language often deviates from conven-
tional syntax and semantics, making sarcasm, irony, and satire difficult to recognize using
rule-based or statistical methods. For instance, an expression like ‘simha iva mrduh’ (gentle
like a lion) involves an intentional contrast, requiring a deep understanding of poetic conven-

tions. Current NLP models lack the cognitive ability to interpret such deviations effectively.

1.7 Leveraging Alankarasastra for FLP

Sanskrit poetics (Alankarasastra) and cognitive theories offer valuable frameworks for ad-
dressing the challenges in FLP. Traditional NLP approaches primarily focus on syntactic struc-
tures and explicit semantics, often failing to capture the deeper, context-dependent mean-
ings found in decorative language. However, Sanskrit literary theory has long recognized
the multi-layered nature of meaning, and its systematic classification of poetic and cogni-
tive phenomena provides crucial insights for computational modelling. Some of the possible

applications of Sanskrit poetics are as follows.

1.7.1 Figurative Language Tagging and Benchmarking

These theories can be leveraged to construct Treebanks and tagging systems, serving as guide-
lines for annotation tasks. Such tagsets will be highly beneficial not only for Sanskrit but also
for other Indian languages. Furthermore, the theoretical foundations of alankarasastra can
be utilized to evaluate, cross-check, and compare machine-generated annotations. They can
also aid in resolving inter-annotator disagreements by providing an objective benchmark for
linguistic annotation. By ensuring that annotated data is aligned with an established the-
oretical framework, we can significantly minimize human subjective biases. This results in

high-quality datasets that yield reliable outcomes, even when the available data size is limited.

1.7.2 Dhvani Theory and Implicit Meaning Detection

The Dhvani (suggestion) theory, as elaborated by Anandavardhana, asserts that the true essence

of poetry lies in its implicit, suggestive meaning rather than in its direct expression. This con-
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cept aligns with modern challenges in NLP, where models struggle with detecting indirect
meanings, sarcasm, and irony. By integrating computational techniques that mimic the cog-
nitive process of inference used in Dhvani, NLP models can be improved to recognize and in-
terpret hidden meanings in texts. Transformer-based models, when fine-tuned with datasets
annotated for implicit meanings, could significantly enhance the computational understand-

ing of figurative expressions.

1.7.3 Vakrokti and Creative Expression Recognition

Kuntaka’s Vakrokti (oblique expression) theory emphasizes artistic deviation from ordinary
language, arguing that poetic beauty arises from unique and unconventional linguistic pat-
terns. This principle is particularly useful for sarcasm detection, humour recognition, and
creative text generation in NLP. Instead of relying solely on surface-level textual features,
computational models can incorporate phonetic, syntactic, and semantic deviations as indi-
cators of figurative usage. Developing feature engineering techniques inspired by Vakrokti

would enable better identification of linguistic novelty and non-literal expressions in texts.

1.7.4 Rasa Theory for Emotion and Sentiment Analysis

Bharata’s Rasa theory, foundational in Sanskrit poetics, provides a structured approach to
emotional modelling in texts. The nine Rasas encapsulate the emotional spectrum of literature
and drama. Unlike Western sentiment analysis, which primarily classifies texts as positive,
negative, or neutral, Rasa theory enables a finer-grained classification of emotional states.
Computational models can be trained to detect Rasa elements by leveraging annotated cor-
pora of Sanskrit poetry and modern texts, enhancing emotion recognition in natural language

processing.

1.7.5 Alankaras for Figurative Language Identification

Sanskrit poetics categorizes a wide range of Alankaras (figures of speech). The systematic clas-
sification of these rhetorical devices provides a structured basis for figurative language iden-
tification in computational models. Existing machine learning techniques, such as metaphor

detection, can be improved by mapping these traditional Sanskrit classifications onto NLP fea-

10
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ture extraction techniques. By incorporating the principles of alankarasastra, computational
models can generate well-formed poetry that adheres to classical stylistic norms.

By integrating these insights, we aim to bridge the gap between traditional Sanskrit po-
etics and modern NLP techniques, fostering advancements in the computational analysis of

figurative language.

1.8 Objectives

The objectives of this research are as follows.

«+ To study the theory of Sanskrit poetics and compare different classifications and defi-

nitions of various aspects of the figurative language.

« Develop computational tools based on theory to analyze selected alankaras viz. Ya-

maka, Anuprasa, and Upama and Kavyagunas computationally.

« To study the symmetries considered in the types of Yamaka furnished by Bharata with

the application of Group Theory.

1.9 Contribution

This research primarily contributes different computational models to analyze figurative as-
pects involved in Sanskrit poetry. In various chapters of the thesis, we first provide a brief
discussion of the comparison of prominent definitions and classifications suggested by var-
ious scholars in the tradition of alankara, followed by the detailed algorithm on which the
tools are built.

The independent tools which we present in this thesis are:
1. Yamaka Identifier and Classifier.
2. Anuprasa Identifier and Classifier.

3. Kavyaguna based Poetry Classification.

In this thesis, we also discuss the sentential parsing of the Upama sentences based on the

grammatical categorization propounded by Mammata.

11
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Furthermore, we mathematically analyze the symmetries present in the subtypes of Ya-
maka provided by Bharata using Group Theory, which provides a novel approach to study

the aesthetics of Sanskrit poetry.

1.10 Thesis Outline

This study draws insights from Alankarasastra to classify and analyze Sanskrit poetry using
computational techniques. The various tasks covered in this research are presented system-

atically across different chapters. The organization of the thesis is as follows:

Chapter 1: Introduction
This chapter outlines the objectives and motivation behind the research. It highlights the gap
in computational studies on figurative language processing (FLP) within the broader field of
NLP. A review of previous attempts to generate and analyze rhetorical language is provided.
Additionally, the chapter introduces six major schools of Sanskrit poetics, discusses the com-
plexities of processing decorative language, and explores the applicability of Sanskrit poetic

theories to modern FLP challenges.

Chapter 2: Sabdalankara Identifier and Classifier
This chapter describes the architecture of two distinct tools developed to automatically iden-
tify and classify the Sabdalarikaras, specifically Yamaka and Anuprasa. The algorithmic ap-
proach is based on traditional definitions and examples provided in Sanskrit rhetoric. Various
scholarly interpretations from the tradition are considered for implementing these tools. The

user interface through which these tools are accessible is also presented.

Chapter 3: Mathematical Analysis of Yamaka
This chapter examines Yamaka, a Sabdalarnkara (figure of sound) from a mathematical per-
spective. The discussion begins with an explanation of Yamaka as propounded by Bharata,
including its systematic definition and classification into 10 subtypes. The mathematical con-
cept of symmetry, particularly Group Theory, is then introduced as a framework for quanti-

tying the structural properties of Yamaka. Various symmetries observed in different types of

12
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Yamaka are presented from the group theoretical perspective.

Chapter 4: Poetry Classifier based on Kavyagunas
This chapter presents a novel approach to classifying poetry based on stylistic features such as
Sweetness (Madhurya), floridity (Oja) and lucidity (Prasada) collectively known as Kavyagunas.
Various machine learning models are explored for this classification task. Additionally, the
effectiveness of two different vectorization methods—Word2Vec and feature engineering, is

analyzed and compared.

Chapter 5: Sentential Parsing of Upama
This chapter discusses the computational parsing of the sentences of Upama alarikara by the
Sanskrit sentential parser Anusaraka. Upama is one of the popular arthalarikaras that de-
scribes the similarity between two distinct entities in a literary way. For processing purposes,
we consider the classification provided by Mammata, which is based on grammatical distinc-
tion. The main contributions of this chapter include the design of a detailed tagging scheme
covering all 25 subcategories of Upama, the proposal of representations for irregular construc-
tions that are not considered in the grammatical categories, and the discussion of annotation
strategies for other similarity-based alarikaras. Ultimately, we outline the challenges that

need to be addressed in future work.

Chapter 6: Conclusion and Future Directions
This chapter summarizes the study’s contributions, emphasizing its novelty in applying com-
putational techniques to Sanskrit FLP. The limitations of the research are discussed along with
potential future directions that can further advance computational approaches to Sanskrit po-

etics.

13



Chapter 2

Sabdalankara Identifier and Classifier

2.1 Introduction

The literal meaning of the term ‘Alankara’ is an ornament or a decoration. In the context
of literature, these ornaments are either related to the sounds of the phonemes in the words
or to the meanings associated with the words or to both. The beautiful rhythmic patterns of
sound are termed as Sabdalarnkaras (ornaments of sound) and the patterns that give rise to
pleasure due to the meanings of the words are called Arthalankaras. There are constructions
with rhythmic sound patterns that are also meaningful. These fall under the category of Ub-
hayalankaras. Sabdalarkaras being governed by the rhythmic, repetitive sound patterns, are

very easy to capture and can be identified with the pattern matching algorithms.

Repeated use of the same sequence of letters is one of the techniques poets use to enhance
the beauty and charm of poetry. Anuprasa (alliteration) and Yamaka are two popular sabda-
lankaras. Both use repetitive patterns. Among these two, in Anuprasa typically a single letter
or a syllable is repeated. For example, in the following phrase, the syllable ‘ra’ is repeated

twice and is an instance of Anuprasa.

‘ramo rajamanih sada vijayate

o -y -
ramam ramesar bhaje |

Yamaka also shows the repetition of sound patterns. But these patterns are larger se-
quences of syllables, typically consisting of at least two syllables. For example, “samara-
samaraso’yam”. Here, the sequence ‘samara’ is repeated. The first occurrence is the left part

of a compound and the second occurrence is a part of the word ‘samarasah’.

In this chapter, we describe the automatic identification and classification task for the two

distinct figures of sound.



2.2. YAMAKA IDENTIFIER AND CLASSIFIER

2.2 Yamaka Identifier and Classifier

Background

The word ‘Yamaka’ is derived from the nominal stem ‘yama’ which means twin or coupled.
Therefore, the literal sense of Yamaka is repetition. In the construction of a Yamaka, a group
of phonemes is used more than once in a stanza to bring in a special rhythm. The meaning of
these groups of phonemes at different occurrences may be the same or may be different. The
effect it creates due to the sound patterns followed by the meaning, creates joy in the minds of
the reader. The construction of Yamaka and understanding of the poems with Yamaka leads

to a delightful experience both for the composer as well as the listener.

Notable theoretical work regarding poetics, especially Yamaka, can be traced in various
studies done so far. S6hnen (1995) examined various definitions and classifications of Yamaka
in five different treatises viz. Natyasastra, Bhattikavya, Kavyalankara, Kavyadarsa and Ag-
nipurana. The aim of this study was to find the influence of the definitions and classifications
by the earlier scholars on the latter. The influence is presented in the form of a tree where the
work at the child node inherits the properties from the work at the parent node. A Similar
attempt has also been made by Hattori (1997) where he compared the three contemporary
texts Bhattikavya, Kavyalankara and Kavyadarsa. He mainly looked at the various patterns
of repetition accepted by the three texts on rhetorics. Despite such theoretical works, we do

not find any computational tool that analyzes Yamaka in the poetry.

2.2.1 Yamaka in Sanskrit Poetics

The use of various alankaras can be traced in the Sanskrit literature as early as Vedas and
Puranas. Agnipurana and Visnudharmottarapurdnaﬁ contains description of a sabdalankara
called Yamaka in brief. The Sanskrit rock edicts of Aihole by the king Pulakesin II (6™ cen-
tury AD) have many instances of Yamaka. Poets like Kalidasa, Bharavi, Magha and Dandin

deployed Yamaka in their poetry.

adau madhye tathaivante padasya tu tadisyate |
sandastakasamudgakhyau tathaiva yamakau matau || 14.28, Visnudharmottarapurana.
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2.2. YAMAKA IDENTIFIER AND CLASSIFIER

The concept of Yamaka has evolved over a period of time ranging from Bharata (1* century
AD)) to Mammata (12™ century AD). Below, we present a sketch of definitions and classifica-
tion schemes by various scholars.

Before proceeding, a short note on the terminology is needed to ensure it is in order. A
verse or stanza consists of four lines called a foot or pada (We will use these terms alter-
nately). In what follows, we consider only the repetitions within a verse. The Yamaka, due to

consecutive similar verses being the same, is not considered here.

Bharata

For the first time, Yamaka as an alankara was presented by Bharata (1°* century AD), the pi-
oneer of Sanskrit poetics, in Natyasastra. He has described four alarikarasf] viz. Yamaka, Ri-
paka, Dipaka and Upama out of which only Yamaka is a sabdalarikara. According to Bharata,
repetition of a word or a syllable is a characteristic of the figure of sound Yamaka. Bharata
classified Yamaka into ten sub classes determined by the number of repetitions and the place

of repetition in a line of a stanza. The names and patterns of these ten types are given below.
1. Padanta - Once at the end of each foot (pada). For example,

dinaksayat samhrtarasmimandalam
diviva lagnam tapaniyamandalam |
vibhati tamram divi suryamandalam

yatha tarunyah stanabharamandalam ||
2. Kanci - At the end and the beginning of the same foot. For example,

yamam yamamcandravatinam dravatinam

vyaktavyakta sarajaninam rajaninam |
phulle phulle sambhramare vabhramare va

rama rama vismayate ca smayate ca ||

3. Samudgaka - The first half is repeated in the second half (the half may refer to a stanza

or a foot). For example,

upama rupakam caiva dipakam yamakam tatha |
alankarastu vijrieya catvaro natakasrayah || 16.41, Natyasastra.
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2.2. YAMAKA IDENTIFIER AND CLASSIFIER

ketakikusumapanduradantah
Sobhate pravarakananahasti |

ketakikusumapanduradantah

Sobhate pravarakananahasti ||

4. Vikranta - Alternate feet are the same. For example,

sa purvam varano bhutva
dvisrunga iva parvatah)|
abhavaddantavaikalya-

dvisrunga iva parvatah ||

5. Cakravala - The pattern at the end of the preceding foot is repeated at the beginning
of the next foot. Alternatively, if two adjacent feet are the same then also it is called

Cakravala. For example,

Saila yatha Satrubhirahata hata
hatasca bhuyastvanupunkhapunkhagaih |

......

Scitadhirudha nihitastalaistalaih ||
6. Sandastaka - The repetition is at the beginning of foot. For example,

pasya pasya ramanasya me gunan
yena yena vasagam karoti mam |
yena yena hi sameti darsanam

tena tena vasagam karoti mam ||
7. Padadi - The pattern is repeated once at the beginning of at least two feet. For example,

visnuh srjati bhutani
visnuh samharate prajah |
visnuh prasute trailokyam

visnurlokadhidaivatam ||

8. Padantamredita - The repetition is at the end of any foot. For example,
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vijrmbhitam nihsvasitam muhurmuhuh
katham vidheyam smaranam pade pade |
yatha ca te dhyanamidam punah puna-

rdhruvamgata te rajani vina vina ||
9. Caturvyavasita - All four feet of a stanza are the same. For example,

varananamayameva kalo
varananamayameva kalah |
varananamayameva kalo

varananamayameva kalah||

10. Mala - Repetition of syllables like a garland. (This type is further elaborated by the

later rhetoricians as Anuprasa alankara.) For example,

asau hi rama rativigrahapriya
rahahpragalbha ramanam manogatam |
ratena ratrim ramayet parena va

na cedudesyattarunah paro ripuh ||

Bhamaha

Bhamaha (6™ century AD) brought a valuable reform in the definition of Yamaka. While
Bharata looked at only the sound patterns, Bhamaha insisted on the patterns that are similar
in sound but different in meaning

He divided the foot of a verse into three parts - adi (beginning), madhya (middle) and anta

(end) and classified Yamaka into five types as follows.
1. Adi - at the beginning of a foot
2. Madhyanta - at the middle-end of a foot
3. Padabhyasa - Repetition of a foot in a verse
4. Avali - a series of repetitions without considering the position in the foot

5. Samasta-pada - repetition of a sequence in all feet

* tulyasrutinam bhinnanamabhidheyaih parasparam |
varnanam yah punarvado yamakam tannigadyate || 2.17, Bhamaha-Kavyalankara.
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Bhamaha believed that the types viz. Sandastaka (repetition of alternate feet), Samudgaka
(repetition of adjoining feet), etc. of Bharata are nothing but the consequences of this fivefold
classification. He directed that the repetition can occur either in the adjoining feet or the

alternate feet or in all four feet.

Dandin

Dandin (7™ century AD) furnished Yamaka with new insights. While defining the Yamaka, he

referred only to the sound patterns. He looked at the repetitions from three different angles.

1. Category - I (15 patterns):
Positions of the repeated patterns - within a pada and across the padas. The patterns
may repeat either in the same pada or across the padas, as described below. The number

in the parentheses indicates the possible patterns of that category in a verse.
+ Repetition in the same pada. (4)
« Pattern repeated in two different padas. (6)

« Pattern repeated in three different padas. (4)

« Pattern repeated in all four padas. (1)
This results in 15(4 + 6 + 4 + 1) patterns.

2. Category - II (3 patterns):
The second dimension that Dandin brought in, refers to the intervention of other syl-
lables in the repetition. This is more concerned with the repetition in the same pada,
rather than across the padas. If there is an intervention of other syllables between
the two similar patterns, the pattern is labeled as ‘Vyapeta’, and otherwise it is called

‘Avyapeta’. An example of Vyapeta-yamaka,

kamaleh samakesante
kamalersyakaram mukham |
kamalekhyam karosi tvam

kamalevonmadisnusu ||

And that of Avypeta-yamaka is,
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ramani ramaniya me
patala patalamsuka |
varunivarunibhuta-

saurabha saurabhaspadam ||

Of course, one can have both intervened as well as un-intervened patterns in the same

pada and such an instance is called ‘Avyapeta-vyapeta’. For example,

salam salambakalika
salam salam na viksitum |
nali nalinavakula
nali nalikinirapi ||
Thus, there are 3 possible variations due to the presence and/or the absence of inter-

vention.

. Category - III (7 patterns):
A padais considered to be made up of three parts viz. beginning (adi), middle (madhya)
and end (antya). Since there are three parts, patterns may repeat at least twice and a
maximum of thrice in the same pada. Accordingly, there are seven patterns viz. -

(a) Beginning (Adi) - both the patterns are in the beginning.

(b) Middle (Madhya) - the repetition is in the middle.

(c) End (Antya) - both the patterns are at the end.

(d) Beginning-middle (Adimadhya) - once at the beginning and once in the middle.

(e) Middle-end (Madhyanta) - once in the middle and once at the end.

(f) Beginning-end (Adyanta) - once at the beginning and once at the end.

(g) Beginning-middle-end (Adimadhyanta) - The pattern is found thrice in a pada viz.

beginning, middle and the end part.

This results into 15 X 3 X 7 = 315 possible patterns of Yamaka if we combine all the three

categories.

In addition to the Yamaka within a verse, Dandin also provided examples of Yamaka across the

verses. When two verses have the same sound patterns but are they having different meanings
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then the Yamaka is termed ‘Slokabhyasa-yamaka’, and if only a half of the verse is the same,
then it is termed ‘Sloka-ardha-abhyasa-yamaka’. Also, when there are two padas with the
same sound pattern but have different meanings, this pattern is called ‘Padabhyasa-yamaka’.
Another variety of Yamaka discussed by Dandin is called ‘Pratiloma-yamaka’. In this variety,
the repetition is in reverse order. The reversal may be within a pada or between two padas or

it may cover a complete stanza. Here is an example of ‘Pratiloma-yamaka’ covering a pada.
yamatasa krtayasa sa yata krsata maya |
ramanarakata testu stutetakaranamara ||

We observe that the part
ya|ma|ta|Sa|kr|[ta|ya|sa

is repeated in the reverse order in the first line and the part
ra|/ma|na|ra|ka|ta|te]|stu

is repeated in the reverse order in the second line.

Vamana

Vamana (8" century AD) underlined the ‘different meaning’ factor in the definition of Yamaka
which was not explicitly mentioned in Kavyadarsa of Dandin. Also in the definition, he used
the term ‘Sthananiyama’ which emphasizes that the words need to be repeated in some well-
defined places only[| Thus, he insisted that there cannot be randomness in the repetition of

patterns. Rather, the patterns are to be in specific positions in different padas.

Rudrata

Rudrata (9™ century AD) has done significant work on Yamaka on the same grounds as Dandin.
In Kavyalankara, Rudrata elaborately explained Yamaka and it’s types. The Pratiloma-yamaka

of Dandin is not accepted by Rudrata, since for him the order of syllables is also important.

padamanekarthamaksaram cavrttam sthananiyame yamakam |

padah padasyaikasyanekasya ca adimadhyantabhagah sthanani | 4.1-2 , Kavyalankarasutravrtti.

kramagrahanat pratilomanulomasarvatobhadranuprasadinam yamakatvanirasah | nahi tesu tulyasrutisadb-
have’pi tulyakramo vidyate | Commentary of Namisadhu on 3.1, Kavyalankara.
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Rudrata’s main contribution is towards providing a multilevel classification with a system-

atic naming scheme. At the top level, he classified Yamaka into three categories depending

on whether a complete verse is repeated or the repetition is only within a half-verse or the

repetition occurs within one quarter of a verse. In the case of complete verse, there is no fur-

ther sub-division. The other two patterns have further sub-classifications depending on the

position of the repeated patterns. The repetitions can be either across the padas or within a

pada.
1. Samasta-padavrtti-yamaka (Repetition across padas)

In the case of repetitions across the padas, either the pattern is repeated in two or all
the four padas or two different patterns are repeated in pairs of padas resulting in 10
different possible combinations which are shown in Table R.1. Here, the ‘p;’ denotes i™
pada.

‘ Type H Pattern H Example

Pankti DL= o= ps=pa sabhajanenopari puritasau sabhajane noparipuritasau |

sabha janeno’paripuritasau sabhajane no’paripuritasau ||

Samudgaka | p1 = p3, p2 = p4

nanama loko vidamanavena mahi na caritramudaradhiram |
na namalo’ kovidamanavena mahinacaritramudaradhiram ||

Parivrtti P1=P4,P2=D3

muda ratasau ramani yata yam smarasyado’lam kurutena vodha |

smarasyado’lamkurute’navodha mudaratasau ramaniyatayam ||

Yugmaka D1 = P2, P3 = P4

vinayameno nayata sukhadina vina yamenonayata sukhadina |

mahajano’diyata manasadaram mahajanodi yatamanasadaram ||

cakram dahataram cakranda hataram |

Mukha = . . .
u P1=p2 khadgena tavajau rajannarinari ||
uttungamatangakulakule yo vyajesta satrinsamare sadaiva |
Puccha P3 = p4 _ _ _ . _ - .
sa saramaniya mahari cakram sasara mani yamaharicakram ||
o rajyamasaya bhavatyacintah samudratarambharatah sadaiva
Garbha Py = p yo rajyamasay y : : |

samudratarambharatah sa daiva pramanamarabhya payasyudaste ||

Sandams$a | p; = p3

sannaribharanomaya-maradhya vidhusekharam |
sannaribharano’maya- statastvam prthivim jaya ||

Sandastaka | pa = p4

idam ca yena svayamatmabhogyatam samastakafncikamaniyatakulam |
nitambabimbam kathamastu no nrnam sa mastakanci kamaniyatakulam ||

Avrtti

P1=DP4

bhavanbibhartiha nagadha medini- mudaratadisamarajirajitah ||

2.

Table 2.1: Samasta-padavrtti-yamaka with examples.

Ekadesajdf-yamaka (Repetition within a pada).

In the case of repetition within a pada, he divides a quarter into two and three parts
each and then considers the repetitions within and across each half or %rd . And finally,
he divides the half part and %rd part into two halves resulting into ith and %th of a

pada and names the repeating patterns.

¢ This is also known as ‘padabhagavrtti
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(a) Padardhavrtti-yamaka (Repetition in the half pada)

The number in parentheses indicates the number of possible Yamakas with that

pattern.

I

ii.

iii.

iv.

V.

Vi.

Vii.

Padadi-pankti-adi (10)
Padanta-pankti-adi (10)
Adyantika (6)

Antadika (6)
Padasamudgaka (15)
Ardhaparivrtti (1)
Anya-bheda - Padacaturthardhavrtti-yamaka (Repetition in the quarter of a
pada)

A. Vaktra

Sikha

Mala

Madhya

Adyanta

m m O 0O W

Karnci

(b) Pada-trtiyardhavrtti-yamaka (Repetition in %rd of a pada)

L.

ii.

1il.

iv.

V.

VI.

Vii.

Viil.

Padadi-pankti-adi (10)
Padamadhya-pankti-adi (10)
Padanta-pankti-adi (10)
Adyantika (6)
Antadika (6)
Padasamudgaka (15)
Ardhaparivrtti (1)
Anya-bheda - Padatrtiyardhavrtti (Repetition in %th of a pada)
A. Adimadhya
B. Madhyanta

C. Adyanta
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Rudrata admitted the possibility of innumerable permutations of these repetitions.[| Thus, the
combinations of the repetitive patterns, which do not follow any specific pattern regarding

the position are labeled as ‘Aniyata-pada-bhagavrtti yamaka'.

Mammata

Mammata(12™ century AD) brought forward a perfectly well-defined definition of Yamaka.
He defined Yamaka as a repetition of similar sounding syllables, having different meanings
when the sequence of letters is meaningful f| If both or any of the utterances of the Yamaka
are meaningless, that also is considered to have different meanings. He accepted the same
scheme as Rudrata’s for the repetition across the padas. But for the repetition within a pada,

he mentioned only the first two from 2a and the first three from 2b of Rudrata.

Post-Mammata, no remarkable upgradation or proposal of any innovative classification

scheme for Yamaka is observed.

2.2.2 Implementation: Yamaka Identifier and Classifier

Considered Classification Scheme

We have seen various definitions of Yamaka and various classification schemes provided by
the Indian rhetorical tradition. The main difference in the variations of the definition is con-
cerning the meaning of the repeated patterns. While Mammata insisted on the repeated pat-
terns that have different meanings, others are silent on it when they define Yamaka. From the
computational implementation point of view, we decide to ignore the meaning, as it is heavily
dependent on the complete context. Regarding the classification, we decide to consider three

classifications viz. of Bharata, Dandin and Rudrata.

We have chosen these three among the many for the following reasons. The three rhetori-
cians represent the development of the concept of Yamaka and the difference in the factors on
which the classification is defined. Bharata is the foremost person providing a crude classifi-

cation of Yamaka. Dandin has provided a very elaborate classification scheme where he brings

yamakanam gatiresa desavayavavapeksamananam |

aniyatades$avayavam tvaparamasamkhyam sadevasti || 3.56, Kavyalarikara.
arthe satyarthabhinnanam

varnanam sa punahsrutih yamakam | 83.1, 9th chapter, Kavyaprakasa.
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three dimensions, that is, position of the repeated pattern across or within a pada, number of
repetitions, and continuity. Rudrata, though followed Dandin closely, provides a completely
different classification following only the repetition across and within a pada, considering the
two-fold, three-fold, four-fold and six-fold symmetries within a pada. Of course, the four-fold

and six-fold symmetries make sense only if the pada is sufficiently long,.

Problems in pre-processing and solutions

Yamaka is a repetition of the same sequence of letters. Hence, extracting various sequences
of n-letters called ‘n-grams’ and choosing the high-frequency longest matches should help
in identifying the Yamaka and its classification. However, there are certain linguistic and
prosodic structure related concerns we need to address. These concerns and the solutions we

adopted for resolving them are stated below.

(i) Word Boundaries and Compound Formation: The repeated patterns in Yamaka are
typically words. Though not every definition of Yamaka insists on the ‘meaningfulness’ of
the repeated pattern, these patterns typically are meaningful and hence they are the words.
However, these words can be part of a compound as well, and thus these can sometimes be
bound morphemes and not isolated words. Sanskrit is very rich in compound formation and
often in Yamaka, we see repeated patterns to be part of compounds. Therefore instead of
taking the word as a unit, we consider the syllable as a unit for generating the n-grams. A
syllable is zero or more consonants followed by a vowel. We ignore the vowel modifiers viz.

anusvara and visarga.

(ii) Handling Variations in Nasalization: Since the Yamaka is identified based on sound
patterns, the variations in spelling need to be taken care of. Sanskrit allows some spelling
variations with regard to nasalization. The nasal stops viz. n, A, n, n and m can be written
as an anusvara (m) when it is followed by a homorganic stop. For example, ‘ambuja’ versus
‘ambuja’, ‘anka’ versus ‘amka’. Similarly, the nasal stop ‘m’ at the end of a word is written as

an anusvara when it is followed by a word starting with a consonant. Since the Yamaka pat-
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tern may cross the word boundaries, we decided to normalize all the nasal stops to anusvara.

(iii) Treatment of Avagraha (’): A special character that needs special attention is the
avagraha (represented as a single QUOTE (’) in IASTY)). The avagraha is a writing convention
to indicate the elided ‘a’ during the sandhi operation. Since for Yamaka identification, we

look at the sandhied text only, we ignore the avagraha if it is present in the input text.

(iv) Pada Boundaries and Word Spaces: Similarly, the pada boundaries and the spaces
between the words also do matter during pattern matching. In the oral tradition, the spaces
between the words do not carry any significance. Yamaka deals with the sound patterns, and
as such, we ignore the spaces between the words. However, we do retain the boundary be-
tween the two halves of the verse, since the pattern does not get carried over from one half

of the verse into the other.

(v) Meaning Ambiguity in Repeated Words: From the very definition of Yamaka, it fol-
lows that the repeated words are ambiguous having more than one meaning and the meaning
of such words gets decided only based on the context, the relation of the word with other
words in the sentence and so on. In the absence of any computational tool that helps us in
the disambiguation of such words, we decided to rely only on pattern matching, ignoring the
meaning component. It is assumed that the input provided to the system is a real literary
work by a human author and not a random piece of text generated by an automatic machine
such as chat-GPT and as such, we can blindly assume that the repeated patterns do really have

different meanings in different instances they are found.

(vi) Phonetic Variations Finally, a note about a small deviation due to the defects in pro-
nunciation. Sounds such as 7’ and ‘d’ or T’ are pronounced interchangeably in different parts

of the country. Similarly the sounds “v’and b’ or n’and ‘n’. This has been observed centuries

° https://en.wikipedia.org/wiki/International_Alphabet_of_Sanskrit_Transliteration
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ago by the Alankarinsf{, and hence words with such differences are treated alike. Thus for ex-
ample, even though ‘abalam vitataravam’ and ‘avalambitataravam’ are two different words,
for the purpose of Yamaka, these are treated alike. And hence the following two verses with

these words fall under the category of Yamaka alanikara.

sa tvarambharato’vasyam-
abalam vitataravam |
sarvada ranamanaisid-

avanalasamasthitah ||

satvarambharatovasyam-
avalambitataravam |
sarvadaranamanaisi

davanalasamasthitah ||

In the current implementation, the tool does not handle this kind of example.

Algorithm for Yamaka identification and classification

Taking into consideration all the concerns and the solutions mentioned, we now present below
the algorithm for the identification and classification of Yamaka following the three schemes-

viz. that of Bharata, Dandin, and Rudrata.

Input: A verse in any of the supported scripts or transliteration schemes (Devanagari,
IAST, SLP, WX, HK, etc.).
Output: Identified Yamaka patterns and their classification based on Bharata, Dandin,

and Rudrata’s schemes.

Stepwise Algorithm

1. Accept Input
The user provides the verse in one of the supported scripts (Devanagari, IAST, SLP, WX,
HK)

ralayordalayostadvadvalayorbavayorapi |
namayornanayoscante savisargavisargayoh || 7.6, Ekaval?.
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2. Normalize Input
Convert all input text into WX notation for processing. WX notation is chosen because
it provides a one-to-one mapping between Sanskrit phonemes and Roman letters, unlike
Unicode Devanagari encoding. For example, =% is a syllable composed of ®+31, but it is
denoted as a single character in Devanagari. For processing, we need a notation which
denotes the consonant % and the vowel 31 separately. WX notation provides the one-
to-one mapping of characters in Roman letters. Here, the Devanagari character % is

transliterated as ‘ka’ in WX notation.
3. Preprocessing

« Remove spaces between words, but retain the boundary between the two halves

of the verse.
« Normalize nasalization (convert all nasal stops to anusvara).

« Ignore avagraha (), as it does not affect Yamaka identification.
4. Generate n-grams

« Extract syllable-based n-grams for each half of the verse separately.

« Ignore unigrams even if they occur multiple times, as their repetition might be

accidental.
5. Filter n-grams

« Retain only those n-grams that occur at least twice.

« Remove sub-patterns that are already part of longer n-grams.
6. Identify Position of Repeated Patterns

+ Determine the position of repeated patterns based on:

- Beginning, middle, or end of the pada.
— Repetitions occurring within a pada or across padas.

— Whether repetition occurs with or without intervention.
7. Classify Yamaka

+ Classify the identified Yamaka using three different schemes:
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— Bharata’s scheme
— Dandin’s scheme

— Rudrata’s scheme
8. Output Results

« Display the identified Yamaka patterns.

« Provide classification based on the three schemes.

2.2.3 Performance Evaluation

We have collected 185 different verses from Natyasastra, Bhamaha’s Kavyalankara, Dandin’s
Kavyadarsaand Rudrata’s Kavyalankara along with the verses from Raghuvamsa, Ghatakarpara,
Srimahabharatatatparya of Anandatirtha, etc. Out of which 163 were analyzed correctly. In
22 cases, the tool exhibited over-generation, by producing multiple solutions, only one of
which was correct and the other solutions were incorrect. The extra solutions which were
wrong were produced due to the following reasons. Classifying Yamaka from the verses con-
structed in matravrttas is currently beyond the scope of the classifier program. Although the
Yamaka identification task is carried out flawlessly with such constructions. The verses with
the patterns having interchangeable sounds mentioned before and the patterns ending with

a consonant like d’ or t’ (Ex. kamalam kamalankurvadalimad-dali matpriye) get changed in

their second repetition due to sandhi. In such cases, the tool identifies the repetition of dalima

but fails to identify the repetition of alimat.

2.3 Anuprasa Identifier and Classifier

Background

Anuprasa is a Sabdalankara. Essentially, it is the repetition of consonants. This repetition

should be in proximity so that one can recall the prior instance ] The phenomenon of Anuprasa

* purvanubhavasamskarabodhini yadi adurata |/1.55, Kavyadarsa
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is similar to Alliteration.[]

Like Yamaka, Anuprasa holds an important place in the alarnkaras. In the tradition of
alanikarasastra, Anuprasawas originally introduced as a subtype of Yamaka viz. Mala-yamakal
In Mala-yamaka repetition of consonants is considered, which is similar to Anuprasa. In Ya-
maka where repetition of the longer patterns are engaged in the poetry especially the metrical
verses when employed in a more complex way, this might create a hindrance in the process of
experiencing rasaf] Because the meaning is different in each repetition, the listener might find
it difficult to understand the meaning of the complete verse and lose interest. But Anuprasa is
considered to be a contributor to the emergence of rasa. Anuprasa can be traced in any text,

suggesting any kind of rasa.

Anuprasa is independent of the form of poetry, that is, it also is used in the prose format,
like in Kadambari of Banabhatta. The classifications found are based on the variations in
repetitions in terms of the categories of repeated consonants, number of repetitions, number
of repeated consonants and mood emergence due to the combination of different consonants.
Hence, we do not observe many variations in the definition and classification, but the number

of subtypes considered varies.

2.3.1 Anuprasa in Sanskrit Poetics

In this section, we present a brief overview of various types of Anuprasa furnished by dif-
ferent scholars. Bharata, known as the first scholar of the tradition, has enlisted only four
alankaras, namely Yamaka, Upama, Riupaka and Dipaka, among which Yamaka was the only
figure of sound. Mala-yamaka, a subtype of Yamaka can be considered as the inspiration be-

hind Anuprasa. (See Bharata’s Yamaka Classification in section P.2.1)

Other scholars, after Bharata, considered Anuprasa as an individual alarikara and classified

it from different perspectives. Bhamaha provided only two types, whereas Bhoja extended the

In alliteration, consonant sounds in two or more neighbouring words or syllables are repeated. The repeated
sounds are usually the first, or initial, sounds as in ”seven sisters”, but repetition of sounds in non-initial stressed,
or accented, syllables is also common: “appear and report”-"Alliteration” https://www.merriam-webster.
com/dictionary/alliteration. Merriam-Webster, 2023.

nanarupaih svarairyuktam yatraikam vyafjanam bhavet |

tanmalayamakam nama vijieyam panditairyathal|16.84, Natyasastra

* tadetatkavyantargadubhitam| in the vrtti of 83" karika, 9™ chapter, Kavyaprakasa
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count to 6 types. Some scholars, being excessively analytical, tried to increase the count even

more.

Bhamaha (6™ century AD) for the first time put forward Anuprasa as a separate alarkarain
his treatise Kavyalanikara. Bhamaha declares the arrangement of similar letters as Anuprasaf]
Moreover, he provides two types of Anuprasa. One is Gramyanuprasa. As the name suggests,
the repetition of letters without any pattern or elegance is Gramyanuprasa. Learned people

assume it as an ordinary repetitionﬁ For example,

The another type is Latanuprasa. It is a repetition of a complete pada (word). But the

meaning of pada does not change. For example,

drstim drstisukham dhehi candrascandramukhoditah | 2.8, Kavyalankara

‘Lata’ is a name of a geographical region. Poets belonging to the region ‘Lata’ used to employ
this kind of repetition in plenty. Most of the scholars in the tradition included Latanuprasa
in the classification of Anuprasa. Latanuprasa shows similarity with Yamaka alankara. The
only difference is that, in Yamaka the repeated word or the sequence of sounds should possess

different meanings in each repetition.

After Bhamaha, Dandin (7™ century AD) added the clause of proximity to Anuprasa. Ac-
cording to Dandin the repetition of letters such that the listener remembers the previous oc-
currence of the repeated letter is called Anuprasa] He added that the repetition in Anuprasa

nourishes the rasa.

Udbhata (9™ century AD) introduced Chekanuprasa in his work Kavyalankara-sara-sangraha.
Chekanuprasa is one repetition of two groups of consonants.{ Here, the sequence may not

be the same. The example given is as follows,

sa devo divasan ninye tasmin Sailendrakandare |

garisthagosthi-prathamah pramathaih paryupasitah ||

3.3, Kavyalankara-sara-sangraha

* sarlipavarnavinyasamanuprasam pracaksate| 2.5, Kavyalankara

¢ gramyanuprasamanyttu manyante sudhiyo’pare| 2.6, Kavyalankara

7 purvanubhavasamskara-bodhini yadyaduarata| 1.55, Kavyadarsa

'* chekanuprasastu dvayordvayoh susadrsoktikrtau| 3.2, Kavyalankara-sara-sangraha
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In addition to this, Vrttyanuprasa was also defined. Here, the combination of the repeated
consonants is considered. According to it, three vrttis are defined viz. Parusa (harsh), Upana-
garika (soft) and Gramya (other than the prior two). Again, the count and the definitions of

vrttis vary from scholar to scholar.

Bhoja from 12™ century conducted a vast review on this alankara. In addition to Vrttya-
nuprasaand Latanuprasahe added 4 more types viz. Srutyanuprasa, Varnanuprasa, Padanuprasa
and Nama-dvirukti. Varnanuprasa is similar to Chekanuprasa. Also, Padanuprasa and Nama-

dvirukti can be included into Latanuprasa.

Jayadeva (12™ century AD) in Candraloka introduced two types of Anuprasa viz. Sphuta-
nuprasa, which is the repetition of consonants within a pada or a half of a pada and Arthanuprasa,
where the repetition of consonants occur in the two words which are connected semantically.

For example,
candanam khalu govinda-carana-dvandva-vandanam| 5.6, Candraloka

Here, the two words ‘candanam’ and ‘govind-carana-dvandva-vandanam’ are connected with

the ‘upamana-upameya’ relation and possess the repetition of consonants ‘nd’.

The criteria for classifying Anuprasa into different types is the number of repetitions, con-
sidering the order of the repeated letters and what letters are being repeated. Focusing on
these points, different classifications are framed. Due to such finite classification dimensions,
we observe a limited number of types. Also, similar kinds of types are explained in various

other classification schemes.

For the tool development, we follow one comprehensive classification. Visvanatha’s Anu-
prasa classification provided in his treatise Sahityadarpana has five classes that cover the
extract of all the other interpretations available. Categories proposed by the rhetoricians like
Dandin, Udbhata, Vamana, Rudrata, Mammata, Jayadeva, Bhoja, etc. are covered under the

umbrella of the classification of Visvanatha.
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2.3.2 Visvanatha’s Classification

The tenure of Visvanatha (14™ century AD) comes in the later part of the tradition of alankarasas-
tra. He provides a well-defined and comprehensive theory for the classification of Anuprasa,
which facilitates the clarity for implementation. Visvanatha’s classification includes other
prominent classifications. Moreover, it uses widely accepted nomenclature. According to
him, the Anuprasa is classified into 5 sub-classes. The examples for these 5 types are taken

from 10™ pariccheda of Sahityadarpana.

1. Chekanuprasa
Chekanuprasa is the double occurrence of consonants with the same sequence. In each
repetition, vowel endings may vary. In the example given below, one repetition of ‘n-d-
R, ‘v-r’ and ‘p-v-n’ is in the same order. That means the order of the repeated consonants
is not changed. The repetition of ‘v-r’ is not changed to ‘r-v’ irrespective of the changing

vowels in between.

adaya bakulagandhanandhikurvan pade pade bhramaran |

ayameti mandamandam kaverivari-pavanah pavanah||

2. Vrttyanuprasa
Vrtti is the mood or emotion. It is defined as the arousal of a specific mood resulting
from a certain combination of letters. Repetition of one or many consonants in any
order to produce a specific mood (vrtti) is called Vrttyanuprasa. The emotional effect
differs according to the repetitive sound pattern and the combination of the letters used.

This effect should complement the actual rasa of the poetry.

unmilanmadhugandhalubdhamadhupavyadhutacutankura-
niyante pathikaih katham kathamapi dhyanavadhanaksana

praptapranasamasamagamarasollasairami vasarah ||

In this example, the first foot has multiple repetitions of the consonant ‘dh’. In the
second foot, there is repetition of the consonants ‘k’ and ‘I’ in any order. The third foot

has the repetition of ‘dh’ only once. The last foot has the repetition of ‘p’, ‘r’, ‘s’ and ‘m’

in different orders.
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3. Srutyanuprdsa
Srutyanuprasa is the repetition of a group of consonants with a similar manner of ar-
ticulation. According to Dandin it is also beneficial to the rasaf{ These are further

sub-classified into five classes according to the place of articulation.

(a) Kanthya (Velar) - {k, kh, g, gh, n, h}

(b) Talavya (Palatal) - {c, ch, j, jh, 71, y}

(c) Murdhanya (Retroflex) - {t, th, d, dh, n, 1,
(d) Dantya (Dental) - {t, th, d, dh, n, L, s, v}

(e) Osthya (Labiel) - {p, ph, b, bh, m, v}
For example, the following verse

drsa dagdham manasijam jivayanti drsaiva yah |

virupaksasya jayinistah stumo vamalocanah ||
has a repetition of Palatal varnas ‘j” and ‘y’.

4. Antyanuprasa
Repetition of syllables at the end of the padas (words) or at the end of the foot. Specifi-
cally, after the penultimate vowel that is the last but one vowel of the pada or pada. For

example,

kesah kasastabakavikasah kayah prakatitakarabhavilasah |

caksurdagdhavaratakakalpam tyajati na cetah kamamanalpam ||

In this example, the ends of the first and second feet match, similarly the ends of the

third and fourth feet.

5. Latanuprasa
Latanuprasa is not just the repetition of the consonants but the repetition of a word
(pada) with similar meaning but different implications. This kind of Anuprasa is similar
to Yamaka as repetitions are considered for longer syllable sequences. Following is an

example of Latanuprasa.

¥ yayakayacicchrutyayatsamanamanubhiiyate|
tadrupamhipadasattihsanuprasarasavahal| 1.52, Kavyadarsa
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smerarajivanayane nayane kim nimilite |

pasya nirjitakandarpam kandarpavasagam priyam ||

In the above given example, the words ‘nayane’ (meaning eyes) and ‘kandarpam’ (mean-
ing desire for love) are repeated with the same sense. The words are sometimes an in-
dependent word or a part of a compound word. According to the role of the word in the
sentence, the implication changes. The first appearance of nayane in smerarajivanayane
(meaning - a woman with lotus like eyes) is in the form of an element of the compound,
and contributes its meanings to form a meaningful compound. The other occurrence of
‘nayane’ is an independent word to give the meaning as ‘two eyes’. Similarly, in ‘kan-
darpam’, both repetitions possess the same meaning, but the implication differs in each

occurrence.

2.3.3 Implementation: Anuprasa Identifier and Classifier

From the definitions of various Anuprasas, we note that some types have more stringent con-
ditions than others. Hence, the examples that satisfy more stringent conditions may also
satisfy less stringent conditions and thus can be categorised under two different types of
Anuprasa. For example, Latanuprasa demands that the repetition is of words and not sylla-
bles. Chekanuprasa demands the repetition of syllables in the same order. Thus, any example
of Latanuprasa is also potentially an example of Chekanuprasa as well. However, due to the
stringent conditions of Latanuprasa, it is appropriate to classify such an instance only under
Latanuprasa. A similar situation exists with other pairs as well. In order to decide the proper
exclusive sequence in which these Anuprasas should be identified, we look at the necessary

conditions for each of them.

From the table .4, we understand that the natural order for identifying the Anuprasa type
is Lata, Cheka and Vrtti. The conditions of sruti and antya type of Anuprasa do not clash with

any other classes and hence can be identified either in the beginning or at the end.

We use the frequencies of n-gramsPq for identifying Latanuprasa and frequencies of n-
grams of the sequence of letters ignoring the vowels and their positions identifying the Cheka-

nuprasa and the frequencies of n-grams of consonants for identifying Vrttyanuprasa and only

2 The sequences of letters of length ‘n’ are called n-grams.
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Type ‘ Count ‘ Order ‘ Unit

Position in the input ‘

_ next to each other or with a few
lata >2 same | word . .
: interventions.

. anywhere within a proximity of
cheka | 2 same | sequence of syllables without vowels 8 + 2+ length of syllable sequence.
oriti a)> 2 an a) sequence of syllables without vowels | anywhere within a proximity of

ri b)> 2 Y b) a consonant 8 + 2 length of syllable sequence.
Sruti | > 2 any syllables from the same class within a proximity of 8 syllables.
antya | > 2 same | syllables after the second last vowel. end of feet and words.

Table 2.2: Differentiation of the various types of Anuprasa from the implementation point of
view.

consonants having the same place of articulation and their positions in the input for identify-
ing Srutyanuprasa. The Padantyanuprasa is identified by looking at rhymes at the end of the

padas. For Padantyanuprasa, we consider the rhyming in the space-separated word endings.

Normalization of the input is an important step in the processing. To analyse Antyanuprasa,
the dandas (‘|’) and spaces to mark the word and the foot boundary are preserved. For other
types, the normalization of various elements like removing the white spaces, dandas and av-
agrahas, changing anunasikas to anusvara are done.

Algorithm for Anuprasa identification and classification

Input: A verse in any of the supported scripts or transliteration schemes (Devanagari, IAST,
SLP, WX, HK, etc.)

Output: Identified Anuprasa patterns and their classification based on Visvanatha’s theory.

1. Read the input.
2. Convert the input to WX notation.
3. Normalization:

+ Remove spaces (except for Padantyanuprasa).
« Convert all nasal stops to Anusvara.

« Remove Avagraha and Danda (except for Padantyanuprasa).

4. Check for Padantyanuprasa by dividing the input into 4 equal parts and comparing the

sequence of letters after the second last vowel at the end of each part.
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5. Check for Padantyanuprasa by comparing the word endings from the penultimate vowel
to the end of the consecutive words. If the sequence of letters matches at least in two

words mark the repeated sequence as Padantyanuprasa.
6. Get the n-grams (n > 2 ) along with their positions with and without vowels.

7. Remove all the small n-grams that can be subsumed by the large n-grams with matching

positions (indices).
8. If the frequency of n-gram with vowels is more than 1, mark it as Latanuprasa.

9. Else if the frequency of n-grams without vowels is 2, mark such sequences as Cheka-

nuprasa.

10. Else if the frequency of n-grams (n > 2) without vowels is greater than 2 and if the
frequency of single consonants is greater than or equal to 2, then the n-gram or the

consonants are marked as Vrttyanuprasa.

11. If the frequency of consonants belonging to the same place of articulation is greater

than 2, mark them as Srutyanuprasa of the type to which these consonants belong.

The use of else if ensures that the classification prefers a type with a more stringent defi-

nition than the others.

As a general rule in Anuprasa, the repetitions should not be far away to make the reader
forget the previous occurrence. If the distance is large, the instance will not be able to pro-
duce amusement for the reader. To strike out such cases, we have added a function in which
the distance is calculated through the indices of the repeated consonants. For a single letter
repetition, the maximum distance is considered to be 4 to 5 aksaras, that is 8 to 12 letters

approximately, considering the frequent conjuncts in Sanskrit.

2.3.4 Performance Evaluation

We tested our tool on a data set of 70 slokas and 10 sample prose. The selected slokas are pri-
marily given as examples of Anuprasa in the alarikarasastra texts and some from the Raghu-
vamsa of Kalidasa. The prose examples were passages consisting of 2 to 3 sentences from

Banabhatta’s Kadambari. Most examples contained more than one type of Anuprasa. This
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tool could successfully handle these Anuprasa instances. Since the three classes of Anuprasa
viz. Latanuprasa, Chekanuprasa, and Vrttyanuprasarelax the conditions as we go from the first
one to the third; the latter is a strict superset of the previous one. Hence, a pattern satisfying
the conditions of Latanuprasa, though it is an example of Chekanuprasa and Vrttyanuprasa,
is shown only under the Latanuprasa. Similarly, the patterns satisfying the conditions for
Chekanuprasa are not again displayed under Vrttyanuprasa. Similarly, only those patterns

that are not covered under Latanuprasa and Chekanuprasa, are considered for Vrttyanuprasa.

Since this tool is not supported with word segmenter or meter identifier, for analysis of
Antyanuprasa it completely relies on the spaces and the dandas to mark the pada and pada
boundary. If the user has not provided the danda or spaces in the appropriate place, the tool

is not able to identify Antyanuprasa.

2.4 Interface: Sabdalankar Identifier and Classifier

We have designed a user-friendly interface to analyze Sabdalankaras. This is an integrated
tool for both Yamaka and Anuprasa. User can provide their input text in various available

encodings.

Sabdalankara Identifier and Classifier

Input Transliteration Encoding: | Unicode Devanagari V| Output Transliteration Encoding:| Unicode Devanagari V|

Enter a shloka with Fullstop('.") or Danda(pipe symbol'l") after each 2 padas!

Enter Sloka:

Select Alankara(s):
[JAnuprasa
[JYamaka

Figure 2.1: Sabdalankara Identifier and Classifier: Interface

To analyze Yamaka, we provide verse as an input without any special symbols except for
the full stops or pipe symbols (Danda) to mark the two different lines of the verse. Sample

input and output are shown in Figure .9 and Figure .3 respectively. In the given input, the
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Sabdalankara Identifier and Classifier

Input Transliteration Encoding: | Unicode Devanagari  v| Output Transliteration Encoding: | Unicode Devanagari v |

sannaribharanomayamaradhya vidhusekharam.
sannaribharano'mayastatastvam prthivim jaya ..
Enter Sloka:

Select Alankara(s):
[JAnuprasa
Yamaka

Figure 2.2: Sabdalankara Identifier and Classifier: Yamaka input

Input Text:

sannaribharanomayamaradhya vidhusekharam. sannaribharano’'mayastatastvam prthivim jaya ..

Yamaka:
dcarya rudrata
yamaka prakara

"sannaribharanomaya" samasta-padavrtti-sandamsa-yamaka

acarya dandi
yamaka prakara

"sannaribharanomaya" (1,3)-dvipadagata-yamaka

acarya bharata
yamaka prakara

"sannaribharanomaya" vikranta-yamaka

Figure 2.3: Sabdalankara Identifier and Classifier: Yamaka output

first and the third feet are identical. Hence, the output for the verse having this condition of
Yamaka is called ‘samasta-padavrtti-sandamsa-yamaka’ in Rudratas classification. According
to Dandin it is a case of *(1,3)-dvipadagata-yamaka’. Here, the numbers in the bracket are the
pada number of identical feet. In Bharata’s scheme, the same condition is named as ‘vikranta-

yamaka'.

Similarly for Anuprasa, if the input is a verse it should be having fullstops or Dandas

marking two separate lines of the verse. However, Anuprasa can also be found in prose, it
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also processes the input without the fullstops or Danda. If the input does not have line de-
marcation, it is considered that the input is in prose format. In this case, Padantyanuprasa
is not checked for the input. Figure 2.4 shows all five types of Anuprasa highlighted in red
colour corresponding to the input given by the user. The highlighted sequence facilitates the
user with a better comprehension of the alankara and helps the user understand the differ-

ence between each type of Anuprasa effectively and easily.

The interface is available in the ‘tools’ section at https://sanskrit.uohyd.ac.in/scl/

Sabdalankara Identifier and Classifier

Input Transliteration Encoding: [IAST (Roman-Diacritic) v| Output Transliteration Encoding: [IAST (Roman-Diacritic) v]

mandam hasantam prabhaya lasantam janasya cittam satatam harantam .
venum nitantam madhu vadayantam balam mukundam manasa smarami ..
Enter Sloka:

Select Alankara(s):
B Anuprasa
[JYamaka

Figure 2.4: Sabdalankara Identifier and Classifier: Anuprasa input

2.5 Conclusion

We have presented tools developed for the identification and classification of Sanskrit poetry
focusing on two distinct sbdalankaras viz. Yamaka and Anuprasa. The concept of Yamaka
and Anuprasa along with its classification is adopted by other Indian languages such as Hindi,
Marathi, Telugu, Kannada, etc. The same model with the necessary amendments can be de-

ployed for the identification and classification of Anuprasain modern Indian languages as well.
This module is extendable for other classifications presented in the tradition. The Vrttya-

nuprasa, a type of Anuprasa, can be researched extensively to identify rasa depending upon

the repetition of clusters of consonants.
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Input Text:

mandam hasantah pulakam vahantah gosthim srayantascasakam pibantah . ratimnayantah suvikas

Anuprasa:

latanuprasa
mandamhasantahpulakamvahantahgosthimérayantascasakampibantah.
ratimnayantahsuvikasamantahpriyamsprsantahsvarivavasantah..
chekanuprasa
mandamhasantahpulakamvahantahgosthimsrayantascasakampibantah.
ratimnayantahsuvikasamantahpriyamsprsantahsvarivavasantah..
vrttyanuprasa
mandamhasantahpulakamvahantahgosthimsrayantascasakampibantah.
ratimnayantahsuvikasamantahpriyamspréantahsvarivavasantah..
antyanuprasa
pada
mandamhasantahpulakamvahantahgosthimérayantascasakampibantah.
ratimnayantahsuvikdsamantahpriyamspréantahsvarivavasantah..
pada
mandamhasantahpulakamvahantahgosthimsérayantascasakampibantah.
ratimnayantahsuvikasamantahpriyamspréantahsvarivavasantah..
srtyanuprasa
dantya
mandamhasantahpulakamvahantahgosthimsérayantascasakampibantah.
ratimnayantahsuvikasamantahpriyamspréantahsvarivavasantah..
osthya

mandamhasantahpulakamvahantahgosthimérayantascasakampibantah.
ratimnayantahsuvikasamantahpriyamsprsantahsvarivavasantah..

Figure 2.5: Sabdalankara Identifier and Classifier: Anuprasa output
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These tools are useful for teaching Yamaka and Anuprasa, the sabdalarikaras along with
various classification schemes by presenting a demonstration of different examples. While
creating a masterpiece of poetry, a good poet does not deliberately enforce the figures in the

poetry. Such upcoming masterpieces in Sanskrit can be tested with this tool.

We are providing the list of all the types of Yamaka dealt with in the this chapter along
with the classical examples given by the rhetoricians in their treatises. This list has been
published under the Creative Commons Attribution-ShareAlike 4.0 International (CC BY-SA
4.0) license. The listis availableathttps://drive.google.com/drive/folders/1LaTyBd_
YtrKJDaLVgVmHUAfFDPbXQnsO7usp=sharing.
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Chapter 3

Mathematical Analysis of the

Symmetries in Bharata’s Yamaka

3.1 Introduction

The word symmetry (originated from the Greek word ‘Symmetria’) refers to the arrangement
in dimensions or the due proportion. It refers to certain compositions of structural objects that
preserve the structure. It acts as a measure of the beauty of the form or structure. Therefore
it has always been considered as an important factor in visual aesthetics (Molnar and Molnar,
1986). Symmetry is abundant in nature. Several studies discuss various kinds of symmetry
in living and non-living objects such as plants, living organisms, the structure of chemical
molecules and organic compounds, etc. (Lederman and Hill, 2005), (Bunker and Jensen, 2004).
The symmetry in arts, architecture, music and literature is also studied in great detail (Pavlovic

and Triajstic, 1986).

Indian civilisation is no exception. According to Sihng (1989), ‘Indian ethos has shaped
through the centuries in evolving the facets of symmetry. Various shapes of Vedic altars con-
structed using the Sulva siitras are all symmetric in nature. Some of the finest examples of
symmetry are the fractal symmetry found in the temples and wells across India. Indian liter-
ature also exhibits symmetry in abundance. The $abdalankaras such as Yamaka, and various

Citrabandhasf] present examples of symmetry in literature.

Yamaka is used to enrich the beauty of the poetry. Yamaka is a figure of sound where a
group of syllabic patterns is repeated, typically with a different meaningf] at different locations

in the same verse. The first classification of Yamaka is given by Bharata in his treatise Natya-

Citrabandha poetry is a kind of literary construction which creates visual patterns like Lotus (Padma-bandha),
Sword (Khadga-bandha), Wheel (Cakra-bandha), etc. from the specific arrangement of syllables or word.
? Bharata does not insist on different meanings
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sastra. Later Dandin, Rudrata and many other scholars have given various classifications
covering different patterns of repetitions. There is an elegance and simplicity in Bharata’s
classification. It is interesting to note that all the patterns of Yamaka mentioned by Bharata
are not only simple but also form a symmetric group under the operations of reflection and

rotation.

In mathematics, symmetry is rigorously captured through the framework of group the-
ory. A symmetry group comprises all the transformations, such as rotations and reflections,
that can be applied to an object without altering its overall appearance. For instance, a square
possesses eight distinct symmetries, including rotations by 90°, 180°, and 270°, as well as re-
flections across its axes and diagonals. In simpler words, in spite of rotating a square in 180°
(up side down rotation), etc., it retains its identity of being a square. The upper side may come
to the bottom but the main shape of the square is preserved. Generally, the greater the num-
ber of symmetric operations such as rotation, reflection, etc. an object exhibits, the higher its

degree of symmetry, often contributing to a stronger aesthetic appeal.

In this chapter, we apply the group theory to study the symmetry in Bharata’s Yamaka and

show the simplicity of his classification by proving that each pattern forms a symmetric group.

3.2 Group

The concept of group theory is used to measure the degree of symmetry for a shape or any
structure. We start with the concept of binary operation. We know that, when we mix blue

color to yellow color we get green color.

Blue + Yellow = Green

A binary operation is simply a rule that operates two elements to give one output. Here,
“+” is the binary operation, and blue and yellow are the two inputs. Green is the output. All

three colors, Blue, Yellow, and Green, belong to the same set, which in this case is the set of

colors. Also, these can be more than one operations.
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Now, a group (G, *) is a set G consisting of objects like colors, closed under a binary
operation * like mixing or adding, such that the following axioms are satisfied (Dummit and

Foote, 2004).

+ Associativity: When combining three or more elements (a, b, ¢) from the group G, the
result is the same no matter how you group them — as long as the order of combining
the elements stays the same.

G is associative under the binary operation‘s’.

That is, for all a, b, ¢ € |G, we have (a * b) *c = a * (b * ¢).

When we are doing a * b = ¢ if we group (a * b) in (a * b) * ¢ or we group (b * ¢) in

a * (b * c¢), the output remains same.

« Identity: There is an element / in G such thatforalla € G, I *a=a* I = a.

When we combine a with I or I with a it gives a. After operating a with I element, a

remains unchanged.

« Inverse: G has an inverse with respect to “x’.
That is, corresponding to each element (eg. @) in G there is an inverse element (eg. a’f)

inGsuchthatasxa’ =a’ *a=1.

When we combine an element with its inverse we should get the original identity ele-

ment.

+ Closure, a property of a group, also considered to be fulfilled. For all the elements
a, b, c € G, the result of the operation also belongs to the set Gie.a*b=c,c € G. It

is implied in the binary operation.

‘Abelian group’ is a kind of group , if a group G is commutative under the binary oper-
ation *, that is, a * b = b * a, for all elements: a,b € G
When the elements are combined in any order the result remains the same then, G is called
an Abelian group.

In a nutshell, a group is a set of objects, like colors, shapes or structure that you can
combine using a certain rule like mixing (i.e. binary operations), and no matter how you

combine them, you always get another valid object from the same set. This combination

=in
=inverse of a
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follows four special rules (closure, associativity, identity, and inverse), making the system

structured and predictable.

3.3 Yamaka

According to Bharata, Yamaka is the repetition of soundf| Moreover, he described Yamaka
with the definition of 10 sub-classes along with the examples, which we have elaborately dis-
cussed in section in chapter . Yamaka is essentially employed in the metrical verses.
Yamaka can occur at different positions in the verse. These 10 types of Yamaka are determined

by the position and the number of repetitions.

Out of these ten classes, the last one, Mala-yamakabeing more of an Anuprasa (see Bharata
@, Chapter 1), we ignore it. Hence, we study only the first nine. We describe each of the nine
types by providing the abstract pattern associated with it as an symmetric structure (See Table

) to perform symmetry operations.

The answers for the following questions we try to find out through this study, are:
While there can be other patterns of repetition possible, why does Bharata consider only these
nine? What is special about them? Among these nine patterns, are some of them more sym-

metric compared to others?

To seek answers to these questions, we look at the symmetries each of these classes ex-
hibits and the properties associated with such a set of symmetries. Further, to find out whether
the symmetries involved in these nine different patterns are of the same order, or are some of
them ‘more’ symmetric than the others, we use group theory, which provides rigorous tools
to describe symmetries of geometric shapes. We also study other patterns with repetition of
words that are not considered by Bharata to find out why Bharata did not find those patterns

interesting.

In the next section, B.4, we look at the symmetries associated with various Yamakas. In

section B.3 we discuss the symmetries that are not considered by Bharata, and finally, we

Sabdabhyasastu yamakam |16.60, Natyasastra
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Name &
Repetition Pattern Example
in padas
ya (y)visnuh(a)srjati bhitani
Padadi yb (y)visnuh(b)samharate prajah |
(Across) yc (y)visnuh(c)prasite trailokyam
yd (y)visnur(d)lokadhi-daivatam ||
ay (a)dinaksayat samhrtarasmi(y)mandalam
Padanta by (b)diviva lagnam tapaniya(y)mandalam |
(Across) cy (c¢)vibhati tamram divi sirya(y)mandalam
dy (d)yatha tarunyah stanabhara(y)mandalam ||
yiyla (y'y!)pasya pasya(a)ramanasya me gunan
Sandastaka y2y? b (y?y?)yena yena(b)vasagam karoti mam ||
(Within) y3y3 ¢ (y3y3)yena yena(c)hi sameti darsanam
yiytd (y*y*)tena tena(d)vasagam karoti mam ||
Padinta ay'y! (@) vijrmbhitam nihévasitam | (y'y!)muhurmuh
-mredita b y?y? (b) katham vidheyam smaranam(y?y?)pade pade |
(V.Vith'in) cy3y3 (c) yatha ca te dhyanamidam(y®y®)punah punah
d yty* (d) dhuvamgata te rajani(y*y*)vina vina ||
yiyta y?y?\ | (y'y')yamam yamam(a)can(y?y?)dravatinam dravatinam
Kanci v3y3 b y*y* | | (y3y3)vyaktavyakta(b)sa(y*y?)rajaninam rajaninam |
(Within) ¥°y® ¢ y5y5 | | (¥°y®)phulle phulle(c)sam(y®y%)bhramare vabhramare va
y'y"d y8y8) | (y"y")rama rama(d)vi(y8y®)smayate ca smayate ca ||
a (a)sa parvam varano bhatva
Vikranta (i) y (y)dvisrnga iva parvatah |
(Across) b (y)abhavaddantavaikalyat
y (b)dvisrnga iva parvatah ||
y (y)sannaribharano maya
Vikranta (ii) a (a)maradhya vidhusekharam |
(Across) y (y)sannaribharano’maya
b (b)statah tvam prthivim jaya ||
y! (y')ketakikusumapanduradantah
Samudgaka y? (y?)$obhate pravarakananahasti |
(Across) ( y! ) (y!)ketakikusumapanduradantah
y? (y?)$obhate pravarakananahasti ||
ay' (a)$aila yatha satrubhirahata(y')hata
Cakravala yly? (y')hatasca bhityastvanupunkhapun(y?)khagaih |
(Across) y2y3 (y?)khagaisca sarvairyudhi safcita(y3)écita
y3b (y3)écita(b)dhiradha nihitastalaistalaih ||
Catur y (y)varananamayameva kalo
_vyavasita y (y)varananamayameva kalah |
(Across) y (y)varananamayameva kalo
y

(y)varananamayameva kalah ||

Table 3.1: Symmetry patterns in Bharata’s classification with Examples
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conclude with what Bharata has regarded as the symmetries found in the literature, and how

they correspond to symmetric groups of type Z; or Zy or Zy * Zs.

3.4 Symmetry analysis of various types of Yamaka

For each type of Yamaka, now we consider the transformations that result in a structure that
is similar in form to the original structure. We take the examples given by Bharata for each

type and apply the symmetry operations to it.

1. Padadi - Padanta
We consider both Padadi and Padanta together since they are the reflections of each
other if we divide each line in two parts. i.e. the repeated part and non-repeated part
see table B.d. In these types of Yamakas, the pattern repeats either at the beginning or

at the end of each pada.

(y) visnuh | (a) srjati bhatani (a) dinaksayat samhrtarasmi (y) mandalam

(y) visnuh | (b) samharate prajah (b) diviva lagnam tapaniya (y) mandalam

(y) visnuh | (c) prasate trailokyam (c) vibhati tamram divi sirya | (y) mandalam

(y) visnur | (d) lokadhi-daivatam (d) yatha tarunyah stanabhara | (y) mandalam
Padadi Yamaka Padanta Yamaka

Table 3.2: Representation of Yamaka using variables: Padadi and Padanta types

To perform various symmetry operations, we represent the verse mathematically using
a variable for better understanding. In the example of Padadi, we can see that in Padadi
type of Yamaka, the same sequence of letters, i.e. “visnul’, repeats at the beginning of
all four lines of a verse. So, let y be that common sequence of syllables and a, b, ¢, and d
be the uncommon sequence of syllables in the four lines in order. Similarly, the variable
y denotes the repeated pattern ‘mandalam’ and a, b, ¢, d be the uncommon sequence of

the syllables. The Padadi and Padanta Yamakas may be represented as,

ya ay
yb b :
and respectively.
ye cy
yd dy
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Now;, let us consider the following operations on this mathematical representation such

that we get the isomorphic form of the Yamaka within verse.

(a) The vertical reflection V, maps a Padadi into Padanta and vice versa. It swipes

the places of the repeated sequence with the non-repeated sequence, as shown in

table 3.3 and B.4:

(y) visnuh | (a) srjati bhatani (a) srjati bhatani (y) visnuh
(y) visnuh | (b) samharate prajah . (b) samharate prajah | (y) visnuh
(y) visnuh | (c) prasute trailokyam (c) prasute trailokyam | (y) visnuh
(y) visnur | (d) lokadhi-daivatam (d) lokadhi-daivatam | (y) visnuh
Padadi Yamaka After applying V (Vertical flipping)

Table 3.3: Representation of vertical reflection (V) using variables and verse: Padadi type

(a) dinaksayat samhrtarasmi (y) mandalam (y) mandalam | (a) dinaksayat samhrtarasmi
(b) diviva lagnam tapaniya (y) mandalam (y) mandalam | (b) diviva lagnam tapaniya
(c) vibhati tamram divi sarya | (y) mandalam (y) mandalam | (c) vibhati tamram divi sarya

(d) yatha tarunyah stanabhara | (y) mandalam (y) mandalam | (d) yatha tarunyah stanabhara
Padanta Yamaka After applying V (Vertical flipping)

Table 3.4: Representation of Vertical reflection (V) using variables and verse: Padanta type

(b) Reflection along the horizontal axis H, divides the verse into two halves. We
divide the verse that has four lines into two lines in each half and flip them, re-
sulting in a pattern that retains the class of the original Padadi / Padanta Yamaka.

Tables B.3 and B.g show the transformations on Padadi and Padanta respectively.

(y) visnuh  (a) srjati bhatani (y) visnur  (d) lokadhi-daivatam
(y) visnuh  (b) samharate prajah . (y) visnuh  (c) prasate trailokyam
(y) visnuh  (c) prasute trailokyam (y) visnuh  (b) samharate prajah
(y) visnur  (d) lokadhi-daivatam (y) visnuh (a) srjati bhatani
Padadi Yamaka After applying H (Horizontal flipped)

Table 3.5: Representation of of Horizontal reflection (H) using variables and verse: Padadi
type

(c) Let R represent the rotation by an angle of 180°. This transformation is shown

in Tables B.7 and B.§ for Padadi and Padanta types respectively.

Note that, R also maps a Padadi pattern to Padanta and vice versa.
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(a) dinaksayat samhrtarasmi
(b) diviva lagnam tapaniya

(y) mandalam
(y) mandalam

(c) vibhati tamram divi sarya
(d) yatha tarunyah stanabhara

(y) mandalam
(y) mandalam

Padanta Yamaka

(d) yatha tarunyah stanabhara
(c) vibhati tamram divi sarya
(b) diviva lagnam tapaniya

(a) dinaksayat samhrtarasmi

(y) mandalam
(y) mandalam
(y) mandalam
(y) mandalam

izontal flipping)

Table 3.6: Representation of of Horizontal reflection (H) using variables and verse: Padanta

type

After applying H (Hor
(y) visnuh | (a) srjati bhatani
(y) visnuh | (b) samharate prajah .
(y) visnuh | (c) prasate trailokyam
(y) visnur | (d) lokadhi-daivatam

Padadi Yamaka

(d) lokadhi-daivatam | (y) visnuh
(c) prasute trailokyam | (y) visnuh
(b) samharate prajah | (y) visnuh
(a) srjati bhatani (y) visnuh

After applying R rotation by an angle of 180°

Table 3.7: Representation of Rotational transformation (R) using variables and verse: Padadi

type

(a) dinaksayat samhrtarasmi
(b) diviva lagnam tapaniya

(c) vibhati tamram divi sarya
(d) yatha tarunyah stanabhara

(y) mandalam
(y) mandalam
(y) mandalam
(y) mandalam

Padanta Yamaka

(y) mandalam
(y) mandalam
(y) mandalam
(y) mandalam

(d) yatha tarunyah stanabhara
(c) vibhati tamram divi strya
(b) diviva lagnam tapaniya

(a) dinaksayat samhrtaras$mi

After applying R rotation by an angle of 180°

Table 3.8: Representation of Rotational transformation (R) using variables and verse: Padanta

type
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(d) Finally, let ‘I’ be an identity mapping that maps an element into itself. The
Identity operation is shown in Table B.9 and Table for Padadi Yamaka and

Pdanta Yamaka respectively.

(y) visnuh | (a) srjati bhatani (y) visnuh | (a) srjati bhatani

(y) visnuh | (b) samharate prajah . (y) visnuh | (b) samharate prajah

(y) visnuh | (c) prasute trailokyam (y) visnuh | (c) prasute trailokyam

(y) visnur | (d) lokadhi-daivatam (y) visnur | (d) lokadhi-daivatam
Padadi Yamaka After applying [ (Identity operation)

Table 3.9: Representation of Identity operation (/) using variables and verse: Padadi type

(a) dinaksayat samhrtarasmi (y) mandalam (a) dinaksayat samhrtarasmi (y) mandalam
(b) diviva lagnam tapaniya (y) mandalam (b) diviva lagnam tapaniya (y) mandalam
(c) vibhati tamram divi sarya | (y) mandalam (c) vibhati tamram divi sirya | (y) mandalam

(d) yatha tarunyah stanabhara | (y) mandalam (d) yatha tarunyah stanabhara | (y) mandalam
Padanta Yamaka After applying I (Identity operation)

Table 3.10: Representation of Identity operation (/) using variables and verse: Padanta type

Having illustrated how the four transformations map a verse into different patterns,
now we see the special characteristics of these patterns. Let S = {1,2,3,4} where
1,2, 3,4 show all the symmetric patterns that we get after the symmetric transforma-
tions. Here, we are elaborating for Padanta Yamaka, although if we start from second

operation, it will be applicable for Padadi Yamaka.

ay ya dy vd
b b

1= y,2:y ,3 = y,and4:y
cy yc by yb
dy vd ay ya

Let o, oy, 0 represent the vertical, horizontal and rotational transformations. Then
we note that,

oy(1)=2,0,(2) =1,0,(3) =4,ando,(4) = 3. (3.1)

Here, the decomposition can be represented as (13)(24).
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o(1)=4,0,(4) =1,0,(2) = 3,ando(3) = 2. (3.2)

That is, it is a decomposition of 1 «— 2 and 3 «— 4 or compactly represented as

(12)(34)

op(1) =3,04(3) = 1,04,(2) = 4,andoy,(4) = 2. (3.3)

The compact representation is (14)(23)

Let S4 denote a symmetric group with all permutations of S, i.e., it consists of all patterns
having after applying all operations, H,V, R and I. We notice that S with the above
operations, viz. Horizontal reflection H, Vertical reflection V, and Rotation through

180°R form a subgroup of Sy, termed the permutation group represented compactly as
G ={1,(12)(34), (13)(24), (14)(23)}

where (12)(34), (13)(24), (14)(23) are the cycle decompositions of S4 representing
vertical symmetry(o,), horizontal symmetry(oy,) and rotational

symmetry(c) respectively, as above.

Let = be the binary composition operation defined as
(axb)(X) =al[b(X)], where X is any verse of the type Padadi or Padanta Yamaka and
a,bed.

The composition table for the set G is shown in Table B.11.

* I o, o, o

1 I o, o, o
oy, |op, I o oy
oy, |oy, o I o,
oy | o oy o, 1

Table 3.11: Composition matrix : Padadi/ Padanta Yamaka

From the composition matrix (table B.11), we notice that G has the following properties.

(a) Closure: V a,b € G,a = b € G, and hence, G satisfies the closure property.

(b) Identity: The identity mapping ‘I’ is the identity element, which is evident from

the first row and the first column of the matrix.
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(c) Inverse: The diagonal elements of the composition matrix are equal to the identity

element, implying that each element is self-inverse.

(d) Associativity: To confirm, we need to check whether it satisfies the associative

law,ieV x,y,2€ G, x* (y*7) = (xxy) =z

i. If any of the elements is ‘I’ then the equality holds.

ii. The composition of any two of the three non-identity elements produces the

third non-identity element.

iii. Ifall x, y, z are different and are different from the identity element,
then since the composition of two non-identity elements is the third non-
identity element,

(x*xy)xz=zxz=1,
andx * (y*z) =x*x=1.
Thus, equality holds.

iv. If two of the elements are equal,

let us assume x = y # z.

Then

(xxy)sz=I*xz=z

x % (y % z) = x *w, where w is different from y and z, and not 1.

=z, since x = y.

Thus, we see that in all 64 possible combinations of x,y,z the associative law holds

good.

(e) Commutativity: From the symmetry along the main diagonal of the table .11,

it follows that the operation is commutative.

This confirms that G ~ Zy X Z3 and specifically G is a Klein four group Kj.

. Sandastaka and Padantamredita
Now, we consider the two types, viz. Sandastaka and Padantamredita, where the same
sequence of letters repeats twice at the beginning or end of each line of a verse. As in

the above case, these patterns are vertical reflections of each other, so we can consider
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these two types together. So let (y'y'), (¥2y?), (y3y?3),
(y*y*) be that common sequence of syllables in each line in order. Let a, b, c, and d
be the uncommon sequence of syllables in the four lines in order. Table shows the

parts in the verse and the corresponding variables for both the types.

(y'y!)pasya pasya | (a)ramanasya me gunan (a)vijrmbhitam nih$vasitam (y'yhmuhurmuh

(y?y?)yena yena (b)vasagam karoti mam (b)katham vidheyam smaranam | (y2y?)pade pade

(y3y®)yena yena (¢)hi sameti darSanam (¢)yatha ca te dhyanamidam (y3y?)punah punah

(y*y*)tena tena (d)vasagam karoti mam (d)dhuvamgata te rajani (y*y*)vina vina
Sandastaka Yamaka Padantamredita Yamaka

Table 3.12: Representation of Yamaka using variables: Sandastaka and Padantamredita types

Then the patterns for Sandastaka and Padantamredita would correspond to

'yl a a (y'yh)
(y*y?*) b b (y*y?)
and respectively.
(»y¥) ¢ c (y%y%)
(yiyh) d d (yy")

We show the symmetric transformations using the above-given representation.

Now, as in the previous case, here we also consider four transformations, viz. Verti-
cal reflection (V), Horizontal reflection (H), rotation through 180° (R) and the identity

mapping. These are defined below.

(a) Vertical Reflection (V)

'y a a (ytyh)
2.,2 2.,2
V (Sandastaka) : (¥ b — by .
(v ¢ c (y°y%)
(y'y" d d (y*y*)
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a (y'yh 'y a

b 2.,2 2.,2 b
V (Padantamredita) : ("7 — "y .

c (y%y%) (»*y%) ¢

d (yy") (Y d

Here the Sandastaka Yamaka gets transformed to Padantamredita and vice versa.

(b) Let H represent the horizontal reflection defined as follows:

'y a (y'yh d
2.,2 b 34,3
H (Sandastaka) : ) — (e .
(*y%) ¢ (y*y?) b

(y'yh d 'y a

a (y'yh d (y*y"
b M| e %)
¢ (y°y%) b ()|
d (y'y" a (y'yh

This transformation retains the type of Yamaka.

H (Padantamredita) :

(c) Let R represent the rotation by an angle of 180°.

(y'y) a d (y*y*h)
2.2 3,3
R (Sandastaka) : 7y b — ¢ (Y7 .
(»*y®) ¢ b (y*y?)
(y'yh d a (yty")

a (y'y') (y'yh d
b 2.,2 34,3

R (Padantamredita) : ) — 'y e .
¢ (*y?) (y*y?) b
d (y'y*h) 'y a

Here, also we see that R transforms a Sandastaka to Padantamredita and vice versa.

(d) Let ‘I’ be an identity element that maps an element to itself.
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(y'y') a (y'y') a
2.2 b 2.,2 b
I (Sandastaka) : ) — ) .
(*y?) e (y*y%) ¢
Ghyhdf  \ohyhHd
a (y'y a(y'y")
b 2.,2 b 2.2
I (Padantamredita) : "y — 'y .
c (y%y?) c (y%y?)
d(yhyh) \d (yh
Now, let § = {1, 2, 3,4} where
'y a a (y'y) (y'y") d d (y'yh
2.,2 b b 2,2 35,3 c c 34,3
1:(yy) 9 (yy)’gz (»°y?) and 4= (yy).
(v ¢ c (5°y%) (%) b b (y*y?)
(y'y") d d (y'y") 'y a a (y'y')

Then, as in the previous case, here also the permutation group G of Sy is represented

compactly as

G ={1,(12)(34), (13)(24), (14)(23)}

where (12)(34), (13)(24), (14)(23) are the cycle decompositions of S4 representing

vertical symmetry(o,), horizontal symmetry(cy,) and rotational symmetry (o) respec-

tively, which are defined as in equations B.1, B.4 and B.3 with the same composition

matrix defined in Table B.11]

Thus, these two types of Yamakas also confirm that § ~ Zy X Z3 and specifically S is a

Klein four group Kj.

. Kanci

In Karici type of Yamaka, the same sequence of letters repeats twice at the beginning as

well as at the end of each line of a verse. So let y'y!, y3y3, y5y® and y”y” be that com-

mon sequence of syllables at the beginning of each line in order. Let y2y2, y*y*, y6y6,

and y®y® be the common sequence of syllables at the end of each line in order. Let
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a, b, c, and d be the uncommon sequence of syllables in the middle of four lines in or-
der.

So the verse can be represented as

O'yh a (y*y?)
%y%) b (y'y*
(y°y%) ¢ (¥°%%)
(Y7 d (%%

This being a combination of both Sandastaka Yamaka as well as Padantamredita, the
same transformations 7, H,V and R as previously described produce a K. For the sake

of completeness, we describe the transformations below.

(a) The vertical reflection V is defined as

Gy a () [0 a iy
3,3 4.4 4.4 34,3
V (Kanc) : (y°y?) b (y*y%) . "% b (y°y°) '
(¥°y°) ¢ (y°59) (¥%y%) ¢ (»°y%)
'y d (%) (*y®) d (y7y")

(b) H be the horizontal reflection, which is defined as

('Y a (y*y?) (") d (y8y®)
3.3 4..4 5., 6,,6

H (Kadici) - (3°y°) b (y*y%) R (3’y°) ¢ (¥°y°) .
(¥°y®) ¢ (y5y%) (3y%) b (y'y?)

(Y'y") d (y*y®) ('yh) a (y*y?)

(c) Let R represent the rotation by an angle of 180°. It is defined as

'y a (y*y?) (¥*y®) d (y7y")
34,3 4.4 6,,6 5,9

R (Karci) : (°y?) b (y*y%) . (y°y°) ¢ (3°y°) .
(¥%y%) ¢ (%) 'y b (y®)

'y d (y*y®) (y*y?) a (y'yh)
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(d) Let ‘I’ be the identity mapping, viz.

(y'yh a (y%y?) 'yh a (y%y?)

3.,3 4.4 3.3 4.4

I (Kaiich) : (°y°) b (y*y%) . (3°y°) b (y*y%)
(»°y°) ¢ (%y%) (°y°) ¢ (%y9)

'y d (y*y®) ('y") d (y*y®)

Now, let § = {1, 2, 3,4} where

o'y a (y*y?) *y*) a (y'yh
L O*y*) b (y'y"h o ' b (y%y?) ,
(r°y%) ¢ (%59 (%% ¢ (5°¥%)
'y d (y°y®) (%% d (y7y")
Oy d (%y®) (%% d (y7y")
) (r°y°) ¢ (¥°¥%) and 4 (%) ¢ (¥°»%) |
(*y%) b (y*yh Oy b (y%y?)
'yh a (%) (*y*) a (y'y)

Then, as in the previous case, here also the permutation group G of S, is represented
compactly as

G ={1,(12)(34), (13)(24), (14)(23)}

where (12)(34), (13)(24), (14)(23) are the cycle decompositions of S, representing
vertical symmetry(o,), horizontal symmetry(oy,) and rotational

symmetry(c;) respectively, which are defined as in the previous case with the same

composition matrix as defined in Table B.11.

Thus G ~ ZyXZs or Klein four group Kj.

. Vikranta
In Vikranta, any one pair of alternative lines of a verse is the same. That is, either the

first and third lines are identical (type 1) or the second and fourth lines are identical
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(type 2). We represent the type 1 and type 2 of Vikranta respectively as

a y
a

y’ and

b

y

Now, let us consider the following transformations.

(a) Horizontal reflection: Let H represent the horizontal reflection defined as follows.

a y

y b
H (Vikranta 1) : —

b y

y a

and

y a

b y
H (Vikranta 2) : —

y

a y

(b) Identity Operation : In identity operation, the element goes to itself. That is

Q
Q
~<
~<

Q

a
I (Vikranta 1) : Y — Y , and I (Vikranta 2) : —
b b

~<
<

Thus, we notice that the horizontal reflection changes the type of the Yamaka from 1 to

2 and 2 to 1, while retaining the main class - Vikranta.

Now, let S = {1, 2} where

a y
a
1= , and 2= .
y
y b
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Let S2 denote a symmetric group with all permutations of S. We notice that S with the
above operations, i.e. Horizontal reflection (H) and Identity (/), forms a subgroup of S5,

termed the permutation group represented compactly as

G = {I,(12)} where (12) is the cycle decomposition of Ss representing horizontal

symmetry(cy,) defined as below.
O'h(l) = 2, O'h(Q) =1.
Let * be the binary composition operation.

The composition table for the set G is shown in Table B.13.

* I oy
1 I oy
op | oy 1

Table 3.13: Composition matrix : Vikranta Yamaka

From the composition matrix (table B.13), we notice that G has the following properties.

(a) Closure: V a,b € G,a = b € G, and hence G satisfies the closure property.

(b) Identity: The identity mapping ‘I’ is the identity element, which is evident from

the first row and the first column of the matrix.

(c) Inverse: The diagonal elements of the composition matrix are equal to the identity

element, implying that each element is self-inverse.

(d) Associativity: For this table, we need to check whether it satisfies the associative

law, viz. V x,y,2 € G, x * (y x2) = (x x y) * 2.

i. If any of the elements is ‘I’ then the equality holds.

ii. If none of the elements is ‘I’, all of them will be o7, and thus, the equality

holds.

Thus, we see that in all 8 possible combinations of x, y, and z, the associative law

holds.

(e) Commutativity: From the symmetry along the main diagonal of the table B.13,

it follows that the operation is commutative.
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This confirms that G =~ Zs.

. Samudgaka
Here, the alternative lines of a verse are the same. That is first and third lines are the
same, and the second and fourth lines are the same. Thus, this is a combination of

Vikranta type 1 and type 2. So the verse may be represented as,

Now, let us consider the following operations on this.

(a) Let H represent the horizontal reflection, which is defined as follows :

ooy
2 1
H (Samudgaka) : Y — Y
y! 32
oW
(b) Let ‘I’ be the identity mapping.
!
2 2
I (Samudgaka) : yl — yl
y y
y2 32
Now, let S = {1, 2} where
' y’
2 1
1= )’l , and 2= y2
y y
y2 y!
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Let S2 denote a symmetric group with all permutations of S. We notice that S with the
above operations, i.e. Horizontal reflection and identity, forms a subgroup of So, termed

as the permutation group represented compactly as

G = {I,(12)} where (12) is the cycle decomposition of Sy representing horizontal

symmetry(c7,) defined as below.

op(l) =2, 04(2) = 1.

Let = be the binary composition operation with the composition table shown in Table

This being the same group as in the previous case, here also G ~ Z,.

. Cakravala:
In the Cakravala type of Yamaka, the end sequence of letters of the first line (y!) is the
beginning sequence of the second line (y') similarly the end sequence of letters of the
second line (y?) is the beginning sequence of the third line (y?) and the end sequence
of letters of the third line (y?) is the beginning sequence of the fourth line (y?). So the
verse may be represented as

ayl

yty?

y2y?

y3 b

Now, let us consider the following transformations.

(a) Let R represent the rotational reflection, which rotates by an angle of 180°. That

is,

ay1 by3
1.2 3.2
7L
y2y3 y2 oyl
y3 b yla

(b) Let ‘I’ be the identity mapping.
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Let S2 denote a symmetric group with all permutations of S. We notice that S with the
above operations, i.e. Rotational reflection (R) and Identity (/), forms a subgroup of Sa,

termed the permutation group represented compactly as

G = {I,(12)} where (12) is the cycle decomposition of S2 representing horizontal

symmetry(c7,) defined as below.

op(l) =2, 04(2) = 1.

Let * be the binary composition operation with the composition table shown in Table
513

Hence, Cakravala type of Yamaka also is a symmetry group isomorphic to Zs

7. Caturvyavasita

In the Caturvyavasita type of Yamaka, all the lines are identical, represented as below.

e e =

Although difficult to construct, it is not a very interesting pattern, having less number
of permutations. The only distinct operation is the identity operation, as any other
operation yields the same element, all the lines being the same. So, in this type G = {I}
and hence, G ~ Z;.

We observe that all the 9 types of Yamaka with one or more symmetry operations like
reflection about the vertical axis, reflection in the horizontal axis and rotation through 180°

form abelian groups that are either isomorphic to Zy * Zy or Z or Z;.

3.5 Discussion on missing symmetries

To answer this question, let us look at the possible repetitions in 4 feet. The repetitions can

be

(a) within the same foot resulting in a symmetry due to reflection across the vertical axis,

or
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(b) across the feet resulting in a symmetry due to reflection across the horizontal axis.

3.5.1 Repetition within the same pada

In the case of repetition in the same pada, there are possible patterns as shown in the table

B.14

yiyta\ | (yray'\ | (ay'y'\ | [y'y
el 2 N N Rl B RSl R R
iy el [y ey | | ey®y* ||| »*y?
yiytd) | \y*dy*] | \dy*y*) | \y*y?
(1) (2) (3) (4)

Table 3.14: Repetition in the same foot

Among these, the first and the third correspond to the Sandastaka and Padantamredita of
Bharata. The fourth is a special case since it results from the previous three patterns when

a,b,c, and d are empty. The second one forms an abelian group Zs with G defined as G =

{1, (12}) where

ylayl y4dy4
2b 2 3C 3
LR P P |
¥y ey? y2 b y?
yhdy! ylay!

The horizontal symmetry o, is defined as o, (1) = 2, 0,(2) = 1 and [ is the identity

mapping. As discussed under Vikranta, the set G, thus, is a group isomorphic to Zs

3.5.2 Repetition across the padas

Now, let us consider the repetition across the feet. This repetition may involve 2 or 3 or all
the 4 feet. Further, a complete pada may be repeated as another pada, or only a part of a foot

is repeated in some other foot in a verse.

« Repetition of complete foot:

(a) With a complete pada repeated twice, there are C;L (= 6) possible combinations are

shown in the table B.13.
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3.5. DISCUSSION ON MISSING SYMMETRIES

S Q<
S < < Q
= S Q
< < S Q

y y
a a
y b
b) | \y

M@ 6 @066

Table 3.15: One foot repeated

Out of these, Bharata has considered (2) and (5), which correspond to Vikranta. Patterns
(1) and (6) are horizontal reflections of each other, and they together result in a sym-
metry group isomorphic to Zy. Similarly, the patterns (3) and (4), where one repeated
pattern is at the beginning of one hemistich and the other one at the end of the other,
are horizontal reflections of each other. These two together also result in a symmetry
group isomorphic to Zy. The patterns (1), (3), (4) and (6) do not seem to be appealing

cases of symmetry from a literature point of view.

y y y a
y y a y
y a y y
a y y y

M@ 06 |4
Table 3.16: Three feet repeated

There are 4 ways in which a pattern can repeat in 3 feet as shown in the Table . All

are isomorphic to Zs.

Finally, there is only one combination in which the pattern gets repeated in all four

padas, which is classified by Bharata under Caturvyayasita.

(b) If there are two different repetitions, we can have 3 patterns as shown in Table
B.17. Of these, the (2) corresponds to Samudgaka. Patterns (1) and (3) would result in
a symmetry group isomorphic to Zy and Z;j, respectively. But they are not of much

interest from the literature point of view.

Repetition of partial foot

The texts on Alankarasastra provide examples of partial repetition across the feet, where
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YO ] !
S
y y y

2 \W? !
1 | @ | 3

Table 3.17: Two feet repeated

the repetition is found in all the feet. Hence, we discussed only them. However, the
definition of the Yamaka does not imply that the repetition should be across all the feet.
Thus, one may have partial repetition in 2 or 3 feet as well. However, since examples of

such patterns are not found, we do not study them here.

3.6 Conclusion:

We observe that Bharata has considered only the patterns that are symmetric under the hori-
zontal and vertical reflection and rotation through 180°. These symmetry operations of reflec-
tion and rotation form either a Klein four group K4 or Zy group. Caturvyavasita is an excep-
tion, where the only possible operation is that of identity. Some patterns are not considered
by Bharata, and these might have been ignored by him, perhaps because of the absence of
any evidence of such patterns in the earlier literature. We also notice that from the literature

point of view, such patterns are not very appealing.
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Chapter 4

Poetry Classifier Based on Kavyagunas

4.1 Introduction

NLP is developing vastly for different languages with data-driven approaches. However, low-
resource languages (LRL) face numerous challenges in NLP, including data scarcity, complex
morphology, orthographic and historical variations, and a lack of digital resources. These
issues, combined with the inadequacy of models designed for other languages, hinder the de-

velopment of robust NLP solutions for Sanskrit.

In this chapter, we describe a novel approach used to perform the poetry classification
task. Poetry classification is an important task in FLP. We consider three distinct Kavyagunas
viz. Madhurya, Oja and Prasada as three different classes. We build a model that classifies the
input into these three classes according to its features. To achieve this task, we exercise the
feature engineering-based vectorization method, which is created with the consideration of
the insights from the Alankarasastra tradition. It ensures that the model captures the distinct
features for each class despite having a limited dataset. We also compare the accuracy scores

with the Word2vec vectorization-based models.

4.2 Background

Sanskrit poetics is primarily divided into six different schools, viz. rasa (aesthetic flavor),
alankara (figures of speech), riti (style), dhvani (suggestion), aucitya (propriety), and vakrokti
(obliqueness). Each of these is based on what they consider the most essential factor in po-
etry. Various elements contribute to the beauty of poetry, and these six schools emphasize
the aspects deemed the most important in the enjoyment of poetry. Although Kavyaguna
or guna (quality) is not considered a separate school, its role is vital in the enjoyment of po-

etry, as it catalyzes the experience of rasa, the aesthetic flavor. Guna means “quality” and
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refers to syntactic and phonemic features in the literary text that enhance its overall aesthetic
experience.

There are several opinions of theoreticians on the number and nature of Kavyagunas.
Mainly, there are three kinds of perspectives over the classification of the gunas found in the

tradition.

1. Classification with Ten gunas

Bharata introduced the concept of Kavyaguna in Natyasastra.

These ten Kavyagunas are Slesa (Union of word and intended meaning), Prasada (Per-
spicuity), Samata (Uniformity), Samadhi (Concentration), Madhurya (Sweetness),
Oja (Grandeur), Padasaukumarya (Agreeableness), Arthavyakti (Directness of ex-

pression), Udarata (Exaltedness), and Kanti (Polish).

Vamana (8" century AD) standardised riti concept. He bestowed the spotlight to riti
in his Kavyalankara-sutravrtti (KS). According to him riti (style) is the vital element of
the Kavya. The ritis are the style of poets, shown through the choice of the syllables,
which are the smallest part of a word and the length of compound words. According
to Vamana there are ten Sabdagunas and ten Arthagunas. These ten gunas of each
type have the same name but different attributes according to the category. These are
instrumental in identifying the riti. The features of these gunas are similar to those
of Bharata. Poets like Dandin, Banbhatta use complex combinations of syllables and
long compounds. Three dominant ritis are Gaudi, Paficali and Vaidarbhi. Gaudi riti
abounds in the qualities of Oja (floridity) and Kanti (polish).] Pasicali is endowed with
the qualities of Madhurya (sweetness) and Saukumarya (softness)f| Vaidarbhi diction

consists of all the ten gunas in proportion.f

. Classification with Three gunas

The classification consists of three gunas, viz. Madhurya (Sweetness), Oja (Florid-
ity), and Prasada (Lucidity)—was introduced by Bhamaha. In his Kavyalamkara (6th
century AD), Bhamaha explains these three qualities in terms of their syntactic char-

acteristics, although he does not explicitly label them as gunas. Instead, these qualities

! Ojah kantimati gaudiya | 2.12, KS
> Madhurya Saukumaryopapanna paricali | 13, KS

3

samagragunopeta vaidarbhi | 2.11, KS
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represent the essential attributes that a poet must employ to express sweetness, florid-

ity, and lucidity in their work.

Bhamaha and others linked the concept of gunas with rasa (aesthetic experience), Unlike
theorists who regarded riti (style) as the soul of poetry. According to this view, gunas
help enhance and prepare the reader’s mind for the experience of rasa. This approach
was later followed by eminent scholars like Anandavardhana (9" century AD ) and

Mammata.

Mammata (12" century AD), while defining kavya (poetry), emphasized the inclusion
of gunas as essential elements | He not only advocated the threefold classification of
gunas but also provided a rationale for not considering the ten types of gunas outlined
by earlier scholars. According to Mammata, Slesa, Samadhi, Udarata, and Prasada, as
defined by Vamana, are subsumed under Oja. Madhurya remains as it is, while Va-
mana’s Arthavyakti corresponds to Mammata’s Prasada. Vamana’'s Samata refers to
uniformity in writing, which can sometimes be a flaw, as a poet needs to adapt their
style to suit the mood of the events described in the kavya. Saukumarya (Softness) is
understood as the absence of harshness, and Kanti (Polish) is regarded as the absence

of vulgarity.

3. Other Classifications

Kuntaka and Bhoja contributed with other prominent classification schemes. Kuntaka
(10™ century AD) identified gunas as indicators of the three margas (paths of style):
Saukumarya (softness), Prasada (lucidity), Lavanya (charm), and Abhijatya (nobil-
ity or delight). While the names of these gunas remain the same, their characteristics
vary across each marga. Additionally, Kuntaka emphasized the importance of Aucitya
(propriety) and Saubhagya (grace or delight), which are essential gunas without which

poetry would lose its appeal.

Bhoja, who was a renowned critic in the 12" century AD, expanded on the concept of
gunas in his treatise Sarasvatikanthabharana. In this work, he detailed 24 sabdagunas
(qualities of sound) and 24 arthagunas (qualities of meaning), offering an extensive cri-

tique of each aspect of poetic expression.

* tadadosau Sabdarthau
sagunau analankrti punah kvapi | 1.1, Kavyaprakasa
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‘ Madhurya ‘ Oja ‘
Consonants | all exceptt, t,d, d, §, s Lthddss
Conjuncts nasal C+ C unaspirated C + aspirated C
r/n + short V r/n +long V
r+C/C+r
C+C

Compounds No or of lengthy

smaller length
Construction | moderate complex extreme complex

Table 4.1: Phonetic and Syntactic Features of gunas
(Note: C = consonant, V = vowel)

Given the clarity of the three guna classification, we adopted this scheme for our po-
etry classification model. These three gunas viz. Madhurya (sweetness), Oja (floridity), and
Prasada (lucidity) effectively encapsulate the essence of other classification systems, distilling
multiple qualities into a simpler framework. Madhurya is characterized by soft and sweet con-
structions with minimal compounds, while Oja involves harsher, more complex constructions
with longer compounds. Prasada, the neutral guna, is present in all types of constructions and
across all rasas.

In the ten guna classification, many qualities are defined by the absence of faults, making
it difficult to assign precise vector values for supervised machine learning tasks. In contrast,
the three guna scheme differentiates the types, reducing the likelihood of class confusion. The
distinct features of Madhurya, Oja, and Prasada provide a solid foundation for classification,
ensuring better clarity and separation in the output of the model. The detailed characteristics

of these three gunas are as follows.

1. Madhurya (Sweetness): It invokes a sense of mollification and melting of the reader’s
mind. Commonly associated with Srrigara (erotic), Karuna (compassionate), and Santa
(peaceful) rasas. It is characterized by a pleasing construction using soft consonants

and short or no compound words.

2. Oja (Floridity): It provides a sense of lustrous expansion and is effective in depicting
Vira (heroic), Bibhatsa (disgusting), and Raudra (furious) rasas. It is identified by the

use of harsh consonant combinations and lengthy compounds.
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3. Prasada (Lucidity): This quality ensures that the meaning of the text is easily compre-
hensible upon hearing. It is present across all kinds of rasas and constructions.f| There is
no consonant combination and length of compound words specified to identify Prasada
guna. However, the literary text where there is the absence of Madhurya and Oja can
be considered under this category.

(The syntactic and phonetic features for Madhurya and Oja are shown in the table [4.1)

4.3 Implementation and Algorithm

In the previous section, we discussed the characteristics of gunas as defined in the treatises
of Sanskrit poetics. For individuals, it can be challenging to focus on and recall these nu-
anced features, as a human mind often processes these poetic effects collectively, intuitively,
to classify poetry into the respective gunas. Despite clearly defined rules and boundaries,
rule-based systems struggle to handle the inherent uncertainty and complexity of Sanskrit
poetry. Moreover, there is currently no model capable of effectively processing such poetry
without supervision. Therefore, we chose to pursue a balanced approach using supervised

machine learning with feature engineering.

4.3.1 Dataset

The learning dataset consists of 672 Sanskrit verses, equally distributed among the three gunas.
These verses are primarily sourced from classical Sanskrit literature, including works such
as Kumarasambhava, Buddhacarita, Rtusamhara, AmaruSataka, Manusmrti, Sis'updlavadha,
Dasakumaracarita, Ramayana and Mahabharata. To introduce more variety, selected hymns
(stotras) like Sivatandava-stotra, Mahisasura-mardini-stotra, etc. have also been added to the
dataset.

For classification purposes, we consider each verse as a unit of input. While the diction of
a poet often remains consistent throughout a poem, the choice of a specific guna is influenced
by the rasa (emotional essence) of the event being described. Consequently, 224 verses have
been assigned to each of the three gunas in the dataset, providing a balanced distribution for

training the model.

Srutimatrena Sabdattu yenarthapratyayo bhavet |
sadharanah samagranam sa prasado guno matah || 8.76, Kavyaprakasa

71



4.3. IMPLEMENTATION AND ALGORITHM

These verses undergo simple steps of data normalization. We remove punctuation marks
and avagraha (‘s’), a special symbol used to indicate the elided akara or akara. Once the data is
cleaned, it is ready for the feature extraction process. This ensures that the dataset is prepared

for machine learning algorithms to process it efficiently and produce accurate classifications.

4.3.2 Vectorization

Machines do not inherently understand words or alphabets, they only process numbers. There-
fore, it is essential to convert text into numerical values based on specific criteria. This numeri-
cal representation of text features is called a vector. Several automatic models are available for
converting text into vectors, such as Word2vec. Word2vec is a neural network-based model
that generates vector representations of words, capturing their semantic meanings and rela-
tionships by training on large datasets. It produces word embeddings, where similar words
are mapped to nearby points in the vector space, enabling efficient similarity calculations and
other linguistic tasks.

However, in the case of Sanskrit, tokenization for vectorization becomes particularly chal-
lenging due to the phenomena of sandhi (phonetic joining of words) and samasa (compound
words). Additionally, the presence of polysemous words (words with multiple meanings)
complicates the vectorization process while using models trained on for other languages. To
address these challenges, manual feature extraction based on the clues provided by Sanskrit
poetics is a more suitable approach.

Here, for comparison purposes, we apply both the techniques of vectorization, viz. Word2vec

and feature engineering.

Custom Feature Engineering

The clues to identify gunas are already provided in the poetic tradition. We define eight dif-

ferent features. These features are as follows.

1. Number of syllables: This feature is a count of a total number of syllables in a verse.

2. Number of words: This feature represents the proportion of the number of words
in a verse to the total number of letters. The number of words and letters may vary

depending on the meter. For instance, the Anustup meter has 32 aksaras, while the
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Sardulavikridita meter has 48 aksaras. To maintain uniformity across meters, we calcu-

late the proportion of words to letters.

. Number of lengthy compound words: This feature measures the number of long

compound words. A compound is deemed to be long if it has more than 9 syllables.
The number is arrived from the heuristics of the data used for training. The count of
such words is divided by the total number of words in the verse. Generally, verses with
more compounds or sandhi have fewer independent words. Oja guna verses tend to
have fewer words than Madhurya verses, with Prasada constructions having even more

independent words.

. Number of Oja syllables and conjuncts: In Kavyaprakasa, Mammata defines typical

syllables and conjunct combinations of Ojdfl and Madhurya. For Oja, we count:

« All retroflex consonants except nasals ( t, th, d, dh, s, ).
« rand n followed by long vowels.

« Unaspirated consonants paired with aspirated consonants from the same articu-

lation group (e.g., k+kh, g+gh, c+ch, j+jh).

« Any consonant combined with itself (e.g., t+t, th+th, v+v).

These combinations are counted across the verse and divided by the total number of

letters. The percentage is taken as the feature value.

. Number of conjunct consonants for Madhurya: For Madhurya, Mammata provides

the following guidelinesf}:

 The combinations used for Oja should be avoided.
+ Count conjunct consonants where any nasal is combined with a consonant of the
same articulation point (e.g., n+k, fi+c, n+t, n+t, m+p). This count is divided by the

total number of letters, and the percentage is considered the feature value.

6. Number of long vowels: This feature represents the percentage of long vowels (a, i,

u, e, ai, o, au) out of the total number of vowels in the verse.

yoga adyatrtiyamyamantyayo rena tulyayoh |

tadih Sasau vrttidairghyam gumpha uddhrta ojasi || 8.75, Kavyaprakasa
murdhni vargantyagah sparsa atavarga ranau laghi |
avrttirmadhyavrttirva madhurye ghatana tatha || 8.74, Kavyaprakasa

73



4.3. IMPLEMENTATION AND ALGORITHM

7. Number of r and n followed by short vowels: This feature is the frequency of r and

n followed by short vowels, divided by the total number of letters in a verse.

8. Number of unaspirated consonants: This feature captures the percentage of unaspi-
rated consonants (k, g, ¢, j, t, d, p, b) that occur in Madhurya constructions, divided by

the total number of letters in the verse.

These features are calculated for each verse of the dataset as an eight-dimensional vector.

Word2vec

To compare the performance of the mentioned feature engineering assisted model with a
neural network-based word embedding model, we employed the Word2vec technique, which
generates vectors for each word in the text based on its semantic meaning and relationships
with neighboring words.

The Word2Vec was trained from scratch on ~700 verses. We use syllables instead of words,
because the input text is not segmented, so the word boundaries are not clear. Further, for the
Guna classification, what matters is the syllable patterns, not necessarily the words. We set the
vector size to 500 and, since our classification is at the verse level, we calculated a sentence
vector that is the average of the vectors for all aksaras within each verse to represent the
entire verse. The total number of syllables in the 700 verses is 34,347, and the unique number
of syllables is 1,939. The size of the syllables varies from 1 letter to 6 letters with the following

distribution:

Number of Letters Frequency

718
23,372
8,415
1,121
52
2

AN U W N =

Table 4.2: Distribution of syllable lengths.

The distribution is very skewed, indicating the impossibility of certain combinations of
the letters. This data provides a lot of insights regarding the ‘semantics’ associated with the

letters such as their properties - soft/hard, place of articulation, etc.
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The Word2Vec captures semantic similarities, but the task does not rely on semantic sim-
ilarities but syntactic patterns, let us see what kind of semantics is captured by Word2Vec
with syllables, and how it is useful for the classification task at hand. The syllables tell you
which letters (varnas) can go with which other letters. For example the combinations such
as ‘kc’ or ‘kp’ are not found in the data, while ‘kv’, ‘ky’, kI’ are found in the data. Thus, the
machine indirectly learns the place and effort (sthana and prayatna) corresponding to each
letter. Also from the sequence of these syllables, it learns which syllables can follow which
others. This way, it indirectly learns the soft (mrdu) and hard (kathora) consonants, and so
on. The semantics needed for the identification of the guna is the semantics associated with
the consonants. And thus, it indirecly learns the features used in feature engineering. The
space separates the words, and thus ‘space’ acts as a pointer to know whether the words are

long or short. This word2vec captures the number of syllables as well, indirectly.

4.3.3 Learning Models

The extracted vectors are stored for each verse and are used to train the machine learning
models. For training purposes, we split the dataset into training and test sets. Here, we have
split the dataset into 80% training and 20% testing to ensure that the model generalizes well.

We consider multiple models that are developed to train the machine, namely,

« Random Forest (RF)

Gradient Boosting (GB)

Support Vector Machine (SVM)

Multi-layer Perceptron (MLP)

Extra Trees (ET)

Extreme Gradient Boosting (XGB)

We optimise the performance of MLP by setting max-iter = 2000 and in SVM we set

the gamma = “auto'.

75



4.4. PERFORMANCE EVALUATION

4.4 Performance Evaluation

4.4.1 Validation of Word2vec

The six models were then trained using these automatically generated vectors. The precision
and standard deviation of these models evaluated using K-fold cross-validation are detailed
in the table £.3. We observed was obtained in the Extreme Gradient Boosting (XGB) at 59%,
but has the standard deviation of 0.11. The models XGB and GB having the accuracy of 0.58

performs better with a lower standard deviation of 0.06 and 0.07 respectively.

Model Accuracy Standard Deviation

RF 0.56 0.06
GB 0.58 0.07
SVM 0.33 0.02
MLP 0.59 0.11
ET 0.56 0.06
XGB 0.58 0.06

Table 4.3: Performance Metrics in K-fold Validation of Different Models using Word2vec

4.4.2 Validation of Feature Engineering-Based Models

To thoroughly test models trained on the custom features given by the poetic theorists, we

considered two types of validation techniques.

10-fold Cross-validation

Model Accuracy Standard Deviation

RF 0.885106 0.031844
GB 0.870213 0.032197
SVM 0.906383 0.043811
MLP 0.893617 0.026913
ET 0.893617 0.028546
XGB 0.893617 0.026913

Table 4.4: Accuracy and Standard deviation scores of different models according to 10-fold
cross-validation

The table f.4 shows the accuracy and standard deviation of various machine learning mod-

els. The Support Vector Machine model achieved the highest accuracy at 90.6%, though with
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a slightly higher standard deviation (0.0438). Models like Gradient Boosting, Multi-Layer
Perceptron, Extra Trees, Random Forest and XGBoosting all performed well, with accuracies
around 87-89%, and comparable stability. The standard deviations for all models are relatively
low, suggesting consistent performance across different runs, although the SVM model dis-
played slightly greater variability than the others. Overall, SVM stands out in accuracy, while

other models offer a balanced mix of performance and consistency.

Holdout Validation

The other technique we employ to evaluate the model is the holdout validation technique, in
which the dataset is split into two subsets. One for training the model and the other for testing
its performance. This ensures that the model is evaluated on unseen data, providing a more
reliable and generalized model when run on unseen data. There are various scores to compare
the performances (see table [t.5). These scores cover various conditions for the reliability of
the models. In addition, a confusion matrix is also generated to analyze the learning of the

model for each of the classes.

Model Accuracy

RF 0.88
GB 0.87
SVM 0.90
MLP 0.87
ET 0.92
XGB 0.91

Table 4.5: Performance Comparison of Machine Learning Models According to Holdout Val-
idation

In the context of multi-class classification, a confusion matrix provides a detailed break-
down of the model’s performance by showing how predictions for each class correspond to
the true labels. It gives insight into how often the model confuses one class with another,
highlighting strengths and weaknesses in classification accuracy across different classes. We
reserved 20% of the data in the test set. 135 verses in the test set were randomly distributed
among these classes as, 45 for Oja, 47 for Madhurya and 43 for Prasada.

In the matrices given for each model in tables k.6, k.7, k.8, .9, and the rows
indicate gold values for Madhurya (M), Prasada (P) and Oja (O). The columns M, P and O

show the predicted classes.
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M P O
M|37 4 4
P |3 44 0
O[5 0 38

Table 4.6: Random Forest

M P O
M|36 5 4
P |4 43 0
O|4 0 39

Table 4.7: Gradient Boosting

M P O
M|38 4 3
P |3 44 0
O/4 0 39

Table 4.8: Support Vector Machine

M P O
M |37 6 2
P |4 43 0
oO|l6 0 37

Table 4.9: Multi-layer Perceptron

M P O
M|39 4 2
P |2 45 0
O[3 0 40

Table 4.10: Extra Trees

M P O
M|38 4 3
P |2 45 0
O3 0 40

Table 4.11: XGBoost

The confusion matrices indicate that all the models were able to clearly distinguish be-
tween the classes Oja (O) and Prasada (P). Notably, there are no instances of O being falsely
predicted as P or P being falsely predicted as O, demonstrating the models’ strong ability to
differentiate between these two gunas. However, the models encountered difficulty in distin-
guishing Madhurya (M) from both O and P. Specifically, the models misclassified 5-9 examples

between M and P, while a similar range of misclassifications (5-9 instances) was observed be-
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tween M and O. This fact highlights the greater challenge in accurately distinguishing between

M and other two classes.

4.5 Error Analysis

As we have seen in table .1, the characteristics of Madhurya and Oja are contradictory to
each other. Focusing on it we described various features. With this information, one would
expect the models to perform better for Oja and Madhurya in the first place. Contrary to
our expectation, we find that some Madhurya examples are incorrectly classified as Oja and
Prasada and vice versa. In order to analyze the failure cases, we take the average of the values
for each feature in different classes, and compare the values of the incorrectly analysed cases.

The verse with the feature values (Table .13) for the following four cases are as follows.

Feature M P Q)
Syllables (v) 126.76  80.98 137.66
Words (w) 10.90 13.13  6.27
Lengthy Compounds (lc) 472 098  28.58
Oja Syllables (os) 18.05 14.64 23.71
Long Vowels (1v) 17.46  20.90 17.19
Unaspirated Consonants (uc) 34.51 3390 33.80
Madhurya Syllables (ms) 873 7.79  6.66

r and n with short vowels (rn)  5.62  4.67 6.99

Table 4.12: Average value for each variable for categories M, P and O

1. Madhurya predicted as Oja: In Table .13, the first example shows a verse, presented
below, from the Madhurya class incorrectly classified as Oja. The values of key variables
such as v, w, 1c, os, and rn closely align with the average values for the Oja class, leading

to the misclassification.

‘ Sr. No. ‘ v ‘ w ‘ lc ‘ 0os ‘ lv ‘ uc ‘ ms ‘ n ‘ True class ‘ Predicted ‘
1 183.0 | 6.5574 | 16.6667 | 34.0000 | 14.8649 | 34.4262 | 12.0219 | 6.0109 M (0]
2 121.0 | 9.9174 | 0.0000 | 18.0000 | 17.6471 | 38.8430 | 4.9587 | 4.1322 (@) M
3 99.0 | 13.1313 | 0.0000 | 13.0303 | 22.7273 | 37.3737 | 5.0505 | 1.0101 M P
4 112.0 | 10.7143 | 0.0000 | 15.0000 | 14.8936 | 26.7857 | 10.7143 | 9.8214 P M

Table 4.13: Misclassified examples with their feature values and predicted labels.

79



4.5. ERROR ANALYSIS

dharasyoddhartasi tvamiti nanu sarvatra jagati
pratitastatkim mamatibharamadhah prapipayisuh |

e ey 7

balakrantah kridaddviradamathitorviruharavaih||

2. Oja predicted as Madhurya:
In Table , the second example demonstrates a verse, shown below, from the Oja
class being incorrectly classified as Madhurya. The variables v, w, 1c, os, and rn ex-
hibit values that match the average characteristics of the Madhurya class, which likely

contributed to the error.

srimadbhirjitapulinani madhavinamarohairnibidabrhannitambabimbaih/

pasanaskhalanavilolamasu nunam vailaksyadyayuravarodhanani sindhoh ||

3. Madhurya predicted as Prasada:
The third instance in Table represents a verse, given below, belonging to the Mad-
hurya class that was misclassified as Prasada. Here, the values of the variables v, w, and
1v align more closely with the average values for Prasada, ms value does not fit with

the average value for Madhurya resulting in the misclassification.

tadiyamalokya sugadha bhakte mahantamavesamuvaca lokah |

baddhadarosau yadi pandurange tadantike tisthati kim na nityam ||

4. Prasada predicted as Madhurya:
The fourth instance in Table shows a verse, presented below, from the Prasada class
being classified as Madhurya. This misclassification can be attributed to the variables

v, w, and 1v, whose values align closely with the average values of the Madhurya class.

acyutam kesavam ramanarayanam krsnadamodaram vasudevam harim |

sridharam madhavam gopikavallabham janakinayakam ramacandram bhaje||

Its complexity characterizes Oja, while Prasada is associated with simplicity. In contrast,
Madhurya, with its soft combinations of consonants and a moderate level of complexity, occu-
pies a midpoint between these two gunas. Even for a human annotator, it is tricky to classify
the slokas, especially those identified as failed cases, into a definitive guna. This observation
provides a plausible explanation for the misclassifications, as texts exhibiting Madhurya may

sometimes share features with Oja and Prasada.
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This discrepancy opens avenues for further exploration. Future research could address
this issue by employing multilabel classification techniques, allowing texts to be assigned to
one or more gunas based on their dominant features.

In Table , features such as v, w, 1c, and os have shown a significant impact on the
classification task. However, features like 1v, uc, ms, and rn exhibit less pronounced differ-
ences in their average values across gunas. Assigning weights to these features based on their
relevance to specific classes could improve classification results. For instance, greater weight
could be assigned to 1v, uc, ms, and rn when they appear in Madhurya.

Such approaches could offer deeper insights into the overlapping characteristics of these

poetic styles and enhance the accuracy of classification tasks.

4.6 Comparison of Feature Engineering with Word2vec

Word2vec is a widely used unsupervised learning technique that captures semantic relation-
ships between words by mapping them into continuous vector spaces. However, in our task
of classifying Sanskrit poetry into gunas, we observed certain limitations when relying solely
on Word2vec embeddings.

The low score with the Word2vec model can be attributed to the limited size of the training
data. Models like Word2vec typically require large datasets, often in the thousands or even
millions of examples, to perform effectively. Additionally, the vector sizes used in such models
usually range from hundreds to thousands, demanding powerful computational resources.
Training on smaller datasets with limited resources poses significant challenges. Despite these
constraints, our approach of training the model on minimal data with available resources
has produced commendable results, highlighting the effectiveness of the feature engineering
technique.

The custom feature engineering method is specifically tailored to the nuances of Sanskrit
poetics. By incorporating features which indirectly reflect morphological structure, consid-
eration of metrical patterns, and stylistic markers, our model was able to better capture the
inherent characteristics that define different gunas. This domain-specific approach resulted

in higher accuracy compared to the more general-purpose Word2vec embeddings.
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4.7 Conclusion

The computational processing of poetic language presents significant challenges. To address
these complexities, we introduced the module ‘Kavyaguna Classifier’, designed to classify lit-
erary texts into three distinct gunas: Madhurya, Oja, and Prasada. For this task, we explain
two different approaches used for vectorization. Word2vec is useful for capturing seman-
tic information; our custom feature engineering leveraged expert knowledge of the literary
domain, allowing a more precise classification in this context. This demonstrates that, in spe-
cialized tasks like the classification of Sanskrit poetry, combining traditional machine learning
techniques with domain-specific insights can offer significant advantages over purely data-

driven methods.

This module not only serves its primary purpose, but can also be adapted for related tasks.
As discussed previously, these gunas are essential components of both ritis and rasas. The
ritis reflect the stylistic inheritance of poets, while the rasas encapsulate the emotions arising
from aesthetic experiences. The interplay of gunas in these contexts is crucial, making the

Kavyaguna classifier a valuable tool for identifying both ritis and rasas.

For the further research, we are publishing the training dataset of 672 verses under the Cre-
ative Commons Attribution-ShareAlike 4.0 International (CC BY-SA 4.0) license. The data can
be found at https://drive.google.com/drive/folders/1LaTyBd_YtrKJDaLVgVmHUA\
protect\discretionary{\char\hyphenchar\font}{}{}fFDPbXQnsO?usp=sharing.

Moreover, given the linguistic similarities between Sanskrit and other Indian languages,
their grammatical structures and poetic traditions are deeply influenced by Sanskrit. Concepts
analogous to Kavyaguna can be found in these languages as well. By employing language-
specific training data and adapting feature extraction methodologies accordingly, similar clas-

sification tasks can be effectively achieved across various Indian languages.
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Chapter 5

Sentential Parsing of Upama

5.1 Introduction

In chapter [ we have described the Yamaka and Anuprasa which are Sabdalankaras. Another
important category of alankara is arthalankara, or the ornamentation of meaning. Artha-
lankaras represent various ways in which meaning can be expressed with artistic elegance.
Their use elevates a simple sentence into something more impactful and refined. These include
comparisons as in upama, utpreksa, riupaka, ananvaya, cause-and-effect relations as in vibha-
vana, visesokti, inversions as in nidarsana, and other conceptual structures. Literary language,
or kavya, is not just used to convey information, it expresses ideas in a rich and multi-layered
way, full of depth and subtlety. The careful selection of words, their arrangement, and the

implied meanings distinguish poetic language from ordinary speech.

Contemporary natural language processing tools, however, are primarily trained to focus
on grammatical aspects such as syntax and morphology. When applied to poetic texts, espe-
cially those rich in alankaras, often fail to capture the semantic depth and aesthetic dimensions
inherent in such language. They can offer structural analysis but fall short of interpreting the

poetic significance.

Among the various arthalankaras, Upama, holds a central place. It expresses similarity

between two entities and typically involves four components:

1. Upameya: The subject of comparison.
2. Upamana: The object of comparison.

3. Sadharana-dharma: The shared quality in the form of an Event or a property or a

State.



5.1. INTRODUCTION

4. Upama-dyotaka: Comparative marker or comparator, such as ‘iva’, ‘yatha’, ‘tulya’,

etc.

A sentence containing Upama conveys additional information by highlighting the sim-
ilarity between the upameya and the upamana, marked by a comparative expression and
grounded in a shared property. Such sentences carry greater informational and aesthetic
depth than ordinary statements. When a sentential parser lacks the capacity to process these
figurative elements and their interrelations, essential semantic nuances may be lost. Owing
to its structural clarity and frequent occurrence in Sanskrit poetry and poetics, Upama stands

out as both theoretically significant and practically approachable.

Some attempts have been made towards processing of Upama. Jadhav et al. (2023) pro-
vided graphs for human cognition of upama sentences and proposed a representation schema
for machines to process the limited range of 6 subtypes of purnopama category. Jadhav et al.
(2025) explored the potential of Large Language Model in identification and classification of
Upama. Kulkarni and Kulkarni (2025) has proceeded towards the refined manual modelling
with a limited instances of Upama occurring in the second canto of Raghuvamsa, primarily
consisting of Samasaga-upama denoted by iva. However, no comprehensive guidelines cov-
ering all 25 subtypes of Upama have been identified. Their systematic implementation for

parsing sentences containing Upama Alankara also remains unexplored.

While Anusarakam, a sentential analyser based on Paninian karaka and sabdabodha theo-
ries, primarily focuses on syntactic and semantic analysis based on grammatical roles, it does
not account for the semantic ornamentation introduced by figures of speech (alarnkaras). To
address this, our aim is to extend the parser with a specialised module designed to identify
and analyse Upama alankara in Sanskrit sentences. In order to extend it, we first propose the
tagging guidelines for the the 25 types of Upama constructions.

In this chapter, first we describe the subtypes of Upama given by Mammata in his treatise
Kavyaprakasa. This is followed by the grammatical classification and tagging scheme for
annotating Upama. We also, deal with the examples and special cases found in literature

along with other alankaras having similar constructions.
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5.2 Upama Alankara

Arthalankaras are commonly classified into various types based on similarity, dissimilarity,
cause and effect, association, and so on. Among these, the category grounded in similarity
stands out both in terms of conceptual prominence and the number of individual alarnkaras it
contains. Upama is the foremost figure in this group, occupying a foundational place in San-
skrit poetics. Instances of Upama appear even in the Vedic hymns, indicating its deep roots in
the earliest Sanskrit literature. Several literary theorists have regarded Upama as the source

or model for other arthalarnkaras.]

Bharata initiated the theoretical treatment of alankaras in his Natyasastra, identifying
Upama as one of just four figures of speech. The essence of Upama proposed by Bharata
was adopted by later scholars with only minor changes. However, a variety of classifications

emerged among theoreticians, shaped by their differing interpretive frameworks.

Bharata and Dandin focused on the nature of the subject matter when classifying Upama.
Bharata mentions five types of Upamdf: Prasamsa (praise), Ninda (censure), Kalpita (con-
ceit), Sadrsi (likeness), and Kificitsadrsi (partial resemblance). Dandin, in contrast, expands

the scope significantly by identifying 32 distinct types of comparisons classified under Up-

amdj.

Vamana, recognises two types—Kalpita and Laukiki—depending on whether the compar-
ison is imaginative or grounded in common worldly perception. Vamana, approaching from
a different angle, contributes to a more detailed classification based on syntactic structure.
As discussed earlier, an Upama typically consists of four elements: the subject of comparison
(Upameya), the object of comparison (Upamana), a shared quality (Sadharana-dharma), and

a comparative marker (Upama-dyotaka), often a word like ‘iva’, ‘yatha’, or ‘tulya’, etc. When

upamaprapaficaéca sarvo’lankara iti vidvadbhih pratipannameva | 17" Chapter, Abhinavabharati

prasamsa caiva ninda ca kalpita sadrsi tatha |

ya kificitsadr§i jiieya sopama paricadha budhaih|| 17.47, Natyasastra

dharmopama, vastupama, viparyasopama, anyonyopama, niyamopama, aniyamopama, samuccayopama, atisay-
opama, utpreksitopama, adbhutopama, mohopama, samsayopama, nirnayopama, Slesopama, samanopamd, nin-
dopama, prasamsopama, acikhyasopama, virodhopama, pratisedhopama, catiipama, tattvakhyanopama, asad-
haranopama, abhutopama, asambhavitopama, bahipama, vikriyopama, malopama, vakyarthopama, prativasti-
pama, tulyayogopama and hetiupama | Kavyadarsa, 2.15 - 2.50
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all the four components are explicitly present, Vamana terms it a Piurnopama (complete sim-
ile) f| If one or more of these elements are omitted, the simile is called Luptopama (elliptical).
Additionally, Vamana draws a distinction between similes expressed through a single word

and those constructed with more than one word or a paraphrase.

Udbhata, in his seminal contributions, builds upon Vamana’s syntactic model by intro-
ducing grammatical categories into the classification. He includes forms such as compound
words (Samasa) and derivatives with Taddhita suffixes that inherently convey comparison.
This attention to grammatical structure sets a precedent followed by later scholars such as
Mammata and Visvanatha. A classification based on grammatical cues offers more precision
and can be effectively translated into computational analysis. In contrast, the earlier subject-
based classifications, while insightful, pose challenges for machine interpretation and pattern

recognition.

We follow the classification provided by Mammata in Kavyaprakasa, which is based on
Udbhata with precise definitions and examples. In the following section, we explain differ-
ent types of Upama with an example and suggest a tagging scheme representing the syntax
faithfully. Upama being a figure of spéch, deals more with semantics rather than syntax. The
semantic clues guide us to its semantics. Therefore, we also suggest a semantic representation

of the same sentence.

5.3 Types of Upama

In Kavyaprakasa, the classification of Upama rests primarily on syntactic considerations.
The distinctions are drawn according to how the four essential components of Upama—the
subject of comparison (upameya), the object of comparison (upamana), the shared property
(sadharana-dharma), and the comparative marker (upama-vacaka)—are expressed in a con-
struction. Broadly, two principal types are recognised: Purnopama (complete) and Luptopama

(elliptical).

* gunadyotakopamanopameyasabdanam samagnye purnal 2.5, Kavyalankarasitravrtti
* lope lupta| 4.6, Kavyalankarasutravrtti
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In Purnopama, all four components are explicitly present, while in Luptopama one or more
of these are absent. Another basis of classification is the nature of similarity indicated by the
comparative marker: Srauti, where the resemblance is grasped immediately upon hearing the
word, and Arthi, where the listener needs to process the meaning to discern the implied sim-
ilarity. A further division concerns the syntactic setting of the marker: Vakyaga (appearing
as stand-alone words), Samasaga (occurring components of compound), and Pratyayaga (ex-

pressed by affixes denoting similarity).

Thus, Purnopama comprises of six subtypes arising from the intersection of the two seman-

tic kinds (Srauti and Arthi) with the three syntactic settings (Vakyaga, Samasaga, Pratyayaga).

Table 5.1: Classification of Pirnopama

Meaning indicated | Syntactic environment

Vakyaga

Srauti (implicit) Samasaga

Pratyayaga
Vakyaga

Arthi (explicit) Samasaga

Pratyayaga

In contrast, Luptopama is divided by the number of omitted elements: Ekalupta (one el-
ement omitted), Dvilupta (two omitted), and Trilupta (three omitted), producing a total of
nineteen recognised varieties. Ekalupta comprises omissions of either the shared property
(Dharmalupta), the object of comparison (Upamanalupta), or the comparative marker (Va-
cakalupta). Dvilupta involves the loss of any two components, yielding Dharma-vacaka-lupta,
Dharma-upamana-lupta, and Vacaka-upameya-lupta. Finally, Trilupta denotes the omission

of three—sadharana-dharma, upamana, and upama-vacaka, simultaneously. Refer to Table

6.4 for details.

In the 10" ullasa of Kavyaprakasa, examples are provided for each of the Upama types.
This classification preserves the subtle distinctions of classical Sanskrit poetics while offering
a clear and systematic framework, particularly useful for the computational analysis of Up-

ama.
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Table 5.2: Classification of Luptopama

Category Subtypes and further divisions
Ekalupta

o Dharmalupta (5): Srauti Vakyaga, Srauti
Samasaga, Arthi Vakyaga, Arthi Samasaga,
Arthi Pratyayaga

. Upamanalupta (2): Arthi Vakyaga, Arthi
Samasaga

« Vacakalupta (6): Samasaga; Pratyayaga—kyac
(karma), kyac (adhara), kyan (kartd), namul
(karma), namul (karta)

Dvilupta
« Dharma-vacaka-lupta  (2): Samasaga,
Pratyayaga—kvip affix
« Dharma-upamana-lupta  (2): Vakyaga,
Samasaga
« Vacaka-upameya-lupta (1): Pratyayaga—kyac
affix
Trilupta Dharma-upamana-vacaka-lupta (1): Samasaga

5.4 Tagging guidelines for Upama

Prior to the development of a parser - whether it is developed as an expert system following the
grammar rules or as ML (Machine Learning) system using annotated data, we need guidelines
for the annotation.

In this section, we present the tag scheme and the guidelines devised for the annotation of
the four essential elements of Upama and describe the annotation of different constructions

enumerated in Section b.3, including subtle variations found in literary texts.

5.4.1 About the Notation and Convention

Here, we explain the tagging scheme with the following example (see figure b.1)):
Skt: sundaram  mukham  pasya,

yatha kamalam.
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Gloss: beautiful{sg,nom,neut} face{sg,nom,neut} see{imper,2p,sg}
like lotus{sg,nom,neut}
Eng: See the beautiful face,

like a lotus.

: S tic St t
Syntactic Structure emante structure
asva saundaryam
pasy (sadharanadharmah)
karma
Y
mukham mukham kamalam
(upameyam) (upamanam)
é&mén&n\s’e5an&m
kamalam sundaram

upama-dyotakah
/
yatha

Figure 5.1: Example parse tree with Upama specific tags

Here, the main sentence is sundaram mukham pasya where sundara (beautiful) is an ad-
jective (visesna) of mukham (face) which is a karma of the activity of seeing (pasya). Now,
there is a comparison of mukha with kamala (lotus) as an object of comparison, mukha being
a subject of comparison and the shared property being beauty (saundarya). Now, in depen-
dency parsing we just show the relation between kamalam and mukham, kamalam being the

upamana and yatha the marker (Upama-dyotaka).

Since, in the dependency parser, we mark only the relations that are expressed through
position or through markers, the semantic property of being a sadharana-dharmais not shown
in the dependency diagram. Thus, sundara is marked only as a visesana of mukham and not
shown explicitly as the sadharana-dharma. This decision is a very conscious decision. Only
the syntactic information is marked. In addition, we decided to name the relation as ‘up-
amana’ following the convention we followed in dependency tagging, rather than ‘upamana-
upameya-bhavah’, to keep it compact. The system followed in the marking the relations is as

follows.
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If the word Y’ has a relation of ‘R’ with respect to X’ then we mark it as: X->Y [R] (see
diagram p.J)

X

:

Y

Figure 5.2: Representation of X->Y

For example, ramah gacchati| (Rama goes.) ramah -> gacchati [karta], refer to figure 5.3,

gacchati

rta

ramah

Figure 5.3: Parse Tree for ramah gacchatif’

On similar lines, we decided to mark the relation between mukham and kamalam as ‘up-
amana’. We have also shown the semantic structure of Upama in the sentence in figure p.1l
This semantic structure is arrived at after discarding the ‘dyotaka’ elements. We also take the

same word form as in the sentence for easy understanding of the semantic graph.

5.4.2 Annotating Upama: Guidelines

In this part, we present the guidelines for annotations in the form of parse trees for each of
the types of Upama described earlier. We present examples according to their grammatical

category discussed in the previous section, viz. Vakyaga, Samasaga and Pratyayaga.

« Vakyaga Upama: In this category, the Upama alankara is expressed using explicit
words. We get all four elements of Upama as separate words. In Vakyaga Srauti Upama

the upama_dyotakas are indeclinables (avyayas).

1. Parnopama Srauti Vakyaga:

Skt: mukham  kamalam  yatha sundaram asti.
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Semantic Structure

saundaryam
(sadharanadharmah)

Syntactic Structure

asti

karta
Y
mukham mukham kamalam
(upameyam) (upamanam)
é&ménan&éesanam
kamalam sundaram

upama_dyotakah
/

yatha

Figure 5.4: Vakyaga Srauti Pirnopama
Gloss: face{sg,nom,neut} lotus{sg,nom,neut} like{indecl} beautiful{sg,nom,neut}
is{pres,3p,sg}
Eng: The face is beautiful like a lotus.

Upameyam: mukham, Upamanam: kamalam,

Upama-dyotakah: yatha, Samana-dharma: saundarya.

Above are the four components mentioned in this sentence. Figure 5.4 shows the
relations marked for the sentence, in syntactic as well as semantic level. Mukham
being the upameyahas a primary role of karta in the sentence on primary layer. At
semantic level, due to the upamana relation with kamalam, we understand that the
mukham is the upameya. Here, we have to note that both mukham and kamalam
having same number, gender and case, making them compatible to be marked as
karta. But the comparator is always positioned after the upamana in srauti upama.

Hence, we can deduce that kamalam is the upamana and mukham is the upameya.

For humans, differentiating between these factors is accomplished due to their ac-
cess to world knowledge and the contextual cues provided in discourse. For ma-
chines, which lack such inherent world knowledge and contextual understanding,
this task becomes significantly more challenging. Therefore, lexical clues provided

by classical literary analysis prove to be of great help in the automatic processing
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of such figurative expressions.

Similarly, in Srauti Upama, the comparative marker is always associated with and
positioned next to the Upamanal| For instance, we observe that yatha is marked

as the Upama-dyotaka along with kamalam.

The adjective sundaram indicates the shared property of beauty (saundarya). In
this sentence, it is the only adjective present. Sometimes, multiple adjectives may
appear to represent the shared quality. At times, adjectives may belong either to
the Upamana or to the Upameya, or in some cases, the action itself may be the
common element.

2. Vakyaga Srauti Dharmalupta :
Skt: mukham kamalam yatha asti.
Gloss: face{sg,nom,neut} lotus{sg,nom,neut} like{indecl} is{pres,3p,sg}

Eng: The face is like a lotus.

- S tic St t
Syntactic Structure emantic structure

. kamalam mukham
asti =
(upamanam) (upameyam)

lkarta

mukham

upamanam

kamalam

pr ama_dyotakah|

yatha

Figure 5.5: Vakyaga Srauti Dharmalupta

¢ yathevavadi$abda yatparastasyaivopamanatapratitiriti yadyapyumanavi$esananyete tathapi $abdasak-
timahimna $rutyaiva sasthivat sambandham pratipadayantiti tatsadbhave S$rauti upama| Kavyaprakasa,87,
1o0™ Ullasa]|
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In this sentence, the shared property is not mentioned. However, the parse tree
will be similar to Pirnopama Srauti Vakyaga without the word ‘sundaram’. See
figure b.3 for the syntactic parse structure and semantic representation.

3. Vakyaga Arthi Purnopama :
Skt: mukham kamalena tulyam sundaram asti.
Gloss: face{sg,nom,neut} lotus{sg,instr,neut} comparable{sg,nom,neut} beau-
tiful{sg,nom,neut} is{pres,3p,sg}
Eng: The face is beautiful, comparable to a lotus.
Here, tulyam is the comparative marker which is an independent word. In Arthi
Upama, the structure of the sentence will be a bit different than Srauti upama.
tulyam has agreement with mukham which is the upameya unike Srauti upama.
But tulya has the third case expectancy for kamalena (upamana). So, the parser

can mark the upamana. Figure b.4 shows the parse tree for the given sentence

with the semantic representation of Upama.

- S tic St t
Syntactic Structure emantic structure
asti saundaryam
(sadharanadharmah)
karta
Y
mukham mukham kamalam
(upameyam) (upamanam)
é&ménam visesanam
kamalena sundaram

upama_dyotakah
Y

tulyam

Figure 5.6: Vakyaga Arthi Pirnopama: type I

There are three ways the comparative marker can have the agreement with the

other elements.

(a) Type I: The marker can be related to upmeya as in the given example.

93



5.4. TAGGING GUIDELINES FOR UPAMA

(b) Type II: It can be related to upamana.

For example, ‘mukhasya tulyam sundaram kamalam asti| (See figure b.7)

Syntactic Structure Semantic Structure
asti saundaryam
(sadharanadharmah)
karta
kamalam mukham kamalam
(upameyam) (upamanam)
P Y P
@mén&m\s’e$anam
mukhasya sundaram

upama_dyotakah
y

tulyam

Figure 5.7: Vakyaga Arthi Purpopama: type Il

(c) Type III: it also can be related to both upameya and upamana.

For example, ‘mukham ca kamalam ca tulyam sundaram asti. (See figure b.8)

Semantic Structure

saundaryam
(sadharanadharmah)
mukham kamalam
(upameyam) (upamanam)

Syntactic Structure

asti

karta

mukham

upaménamfamuccaya_dyotakah vidheya visesanam

kamalam ca sundaram
&paméd@amuccayadyot akah
tulyam ca

Figure 5.8: Vakyaga Arthi Purnopama:type Ill
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It makes it challenging for the parser to identify the upamana and upameya when
only the case, number and gender agreement provides the hint for identification.

These words can also bear the karaka roles as per the meaning of the sentence.
4. Dharmalupta Arthi Vakyaga

Skt: mukham kamalena tulyam asti.

Gloss: face{sg,nom,neut} lotus{sg,instr,neut} comparable{sg,nom,neut}

is{pres,3p,sg}

Eng: The face is comparable to a lotus.

The analysis of this example will be as Piarnopama Arthi Vakyaga without the
mention of common property, that is sundaram. Figure p.9 provides the parse tree
for this sentence along with the semantic representation of the components of

Upama.

- S tic Struct
Syntactic Structure emantic structute

. kamalam mukham
asti =
(upamanam) (upameyam)

karta
 J

mukham

upamanam
| J
kamalena

jAp ama_dyotakah

tulyam

Figure 5.9: Vakyaga Arthi Dharmalupta

5. Vakyaga Arthi Upamanalupta
Skt: mukhasya sadrsam sundaram kim api na asti.
Gloss: face{sg,gen,neut} similar{sg,nom,neut} beautiful{sg,nom,neut}
what{sg,nom,neut} any not is{pres,3p,sg}
Eng: There is no beauty comparable to the face.

In this sentence, ‘sadrsam’ is the dyotaka which is an independent word. Upameya

and the samana-dharma are as before. There is no entity found to be compared

95



5.4. TAGGING GUIDELINES FOR UPAMA

with the face, therefore this expression does not have a upamana. Here, the phrase
‘kim api na’ triggers the upamanalupta type. The syntactic parse structure and

semantic representation is shown in figure 5.1,

: S tic St t
Syntactic Structure emantic structure

asti saundaryam
(sadharanadharmah)
pratisedhah\karta
mukham X
(upameyam) (upamanam)

na kim

vidheya_viéesanam&am_bandhah

sundaram api

upama_dyotakah
4

sadrsam

sasthisambandhah
Y

mukhasya

Figure 5.10: Vakyaga Arthi Upamanalupta

6. Vakyaga Arthi Dharma-upamanalupta
Skt: mukhasya sadrsam kim api na asti.
Gloss: face{sg,gen,neut} similar{sg,nom,neut} what{sg,nom,neut} any{indecl}
not is{pres,3p,sg}
Eng: Nothing similar to the face exists.

The syntactic and semantic annotation for this example (see figure p.11) will be
similar to the previous type (Upamanalupta Arthi Vakyaga) without the mention

of the common property ‘sundaram’.

« Samasaga Upama

The Upama expression using compounds is considered in samasaga Upama. There are
a total of 9 types of samasaga Upama. In this category the dyotakas are either elided or
compounded with the other element. Thus, we mark the compound itself as upamanam.

In some types, the compound which is having the elements of Upama carries the karaka
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: S tic St t
Syntactic Structure emantic structure

asti mukham X

(upameyam) (upamanam)
éﬂtised%né
na ki

im

@kah\fambandhah

sadrsam api

%ast_ hisambandhah

mukhasya

Figure 5.11: Vakyaga Arthi Dharma-upamanalupta

role in the sentence. In such cases, we have to understand the pesence of Upama from

the compound type.

1. Samasaga Srauti Purnopama
Skt: mukham kamalam-iva sundaram asti.
Gloss: face{sg,nom,neut} lotus{sg,nom,neut}-like{indecl}
beautiful{sg,nom,neut} is{pres,3p,sg}
Eng: The face is beautiful like a lotus.

In this sentence, except for the Upama-dyotakah that is iva, all other components
are the same as Pirnopama Srauti Vakyaga. According to ‘ivena samaso vibhak-
tyalopasca’|, a vartika under Astadyayi 2.1.4 and 2.4.71, iva is a particle (avyaya)
which always forms a compound ‘kevala-samasah’ with the upamana without
deletion of the case marker of the previous word. The syntactic parse tree and

the semantic structure is as shown in figure 5.13.
2. Dharmalupta Srauti Samasaga
Skt: mukham kamalam-iva asti.
Gloss: face{sg,nom,neut} lotus{sg,nom,neut}-like{indecl} is{pres,3p,sg}
Eng: The face is like a lotus.

For this sentence, the analysis will be the same as Parnopama Srauti Samasaga
without the entry of the common property sundaram. Figure demonstrates

the syntactic parse tree and the semantic representation of the given sentence.
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- S tic Struct
Syntactic Structure ermantic structure

asti saundaryam
(sadharanadharmah)
karta
kh mukham kamalam
nuxhamn (upameyam) (upamanam)

Upamanam \Vvisesanam

<kamalam-iva>kevala-samasah sundaram

Figure 5.12: Samasaga Srauti Pirnopama

Semantic Structure

. kamalam mukham
asti =
(upamanam) (upameyam)
karta
mukham
upamanam
<kamalam-iva>kevala-samasah

Figure 5.13: Samasaga Srauti Dharmalupta

98



5.4. TAGGING GUIDELINES FOR UPAMA

3. Samasaga Srauti Vacakalupta:
Skt: mukham kamala-sundaram asti.
Gloss: face{sg,nom,neut} lotus(like)-beautiful{sg,nom,neut} is{pres,3p,sg}
Eng: The face is beautiful like a lotus.

Here, the upameya and the samana-dharma joined as a compound to give the
meaning ‘beautiful like a lotus’ (‘kamala iva sundaram |) by ‘upamanani samanyava-
canaih/ (Astadhyayi, 2.1.55). In this compound, the comparative marker gets
elided. It is a kind of ‘karmadharaya-samasa’. The parser tree shows the tag
‘karmadharaya-samasah’ for this compound, which provides the information of
the compound type as karmadharaya. Through this information, we get that the
first component of the compound ‘kamala’ is a upamana and the second compo-
nent, i.e. ‘sundaram’, is a quality which is shared by the upamana and the up-
ameya. Figure shows the syntactic structure and the semantic representation

of this example.

Syntactic Structure Semantic Structure
asva saundaryam
pasy (sadharanadharmah)
karma
y
mukham kamalam
mukham -
(upameyam) (upamanam)
upamanam
y
<kamala-sundaram>karmadharayah

Figure 5.14: Samasaga Srauti Vacakalupta

4. Samasaga Srauti Dharma-vacakalupta:
Skt: asau rajakufijarah rajate.
Gloss: that{sg,nom,masc} king-elephant(like){sg,nom,masc} shines{pres,3p,sg}
Eng: That, elephant like king, shines.

In this example, the word rajakufijarah is a compound, meaning ‘raja kufjarah
iva’, expressing the dyotaka and the dharma with samasa. This is an instance of
karmadharaya compound, which is formed by the Astadhyayi rule -‘upamitam

vyaghradibhih samanya’prayoge/ (2.1.56), where the first component (here, raja) is
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the upameya and the second component (here, kufijara) is a upamana. It is tagged

as ‘karmadharaya’ in the parse tree in figure 5.15.

: S tic Struct
Syntactic Structure emantic structure

raiate kunjarah raja
J (upamanam) (upameyam)

karta
Y

asau

upamanam
Y

<raja-kunjarah>karmadharayah

Figure 5.15: Samasaga Srauti Dharma-vacakalupta

5. Samasaga Arthi Purnopama :
Skt: mukham kamala-tulyam sundaram asti.
Gloss: face{sg,nom,neut} lotus-similar{sg,nom,neut} beautiful{sg,nom,neut}
is{pres,3p,sg}
Eng: The face is beautiful, comparable to a lotus.
Here, the marker, tulyam is compounded with the upamana - kamalam. In the
parser, it is treated as a single word. With the help of the samasa module, we get
the information of the type that is Trtiya-tatpurusa of the compound word. From
the paraphrase, we can decipher the upamana and the dyotaka. The parse tree

along with the semantic structure for the given instance is as shown in the figure

Semantic Structure

saundaryam
(sadharanadharmah)
mukham kamalam
(upameyam) (upamanam)

Syntactic Structure

asti

karta

mukham

@aménam vidheya visesanam

‘ <kamala-tulyam>trtiya-tatpurusah

sundaram |

Figure 5.16: Samasaga Arthi Purnopama
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6. Samasaga Arthi Dharmalupta :
Skt: mukham kamala-tulyam asti.
Gloss: face{sg,nom,neut} lotus-comparable{sg,nom,neut} is{pres,3p,sg}
Eng: The face is comparable to a lotus.

The parse of the given example will be similar to the Pirnopama Arthi Samasaga
graph without the shared property. Figure shows the syntactic parse structure

and semantic representation of the given sentence.

- Semantic Structure
Syntactic Structure

. kamalam mukham
asti =
(upamanam) (upameyam)

karta

mukham

upamanam

<kamala-tulyam>trtiyatatpurusah

Figure 5.17: Samasaga Arthi Dharmalupta

7. Samsaga Arthi Upamanalupta
Skt: mukha-sadrsam sundaram kim api na asti.
Gloss: face-similar{sg,nom,neut} beautiful{sg,nom,neut} = what{sg,nom,neut}
any{indecl} not{indecl} is{pres,3p,sg}
Eng: Nothing beautiful, similar to the face, exists.
Here, sadrsam is compounded with mukham with Sasthitatpurusa samasa, there-
fore it is samasaga Upama. The figure shows the parse tree and semantic
structure.

8. Samasaga Arthi Dharma-upamanalupta
Skt: mukha-sadrsam kim api na asti.
Gloss: face-similar{sg,nom,neut} what{sg,nom,neut} any{indecl} not{indecl}
is{pres,3p,sg}

Eng: Nothing similar to the face exists.
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Semantic Structure

saundaryam
(sadharanadharmah)

Syntactic Structure

asti

fratisedhah karta
na

Kim mukham X
(upameyam) (upamanam)
mnam¥ ambandhah

sundaram api

\i)amé_dyotakah

<mukha-sadrsam>sasthitatpurusah

Figure 5.18: Samsaga Arthi Upamanalupta

The analysis for this example will be similar to the previous Upamanalupta Arthi
Samsaga type without the common property. This example is demonstrated with

the parse tree and semantic structure in figure 5.19.

S tic Struct
Syntactic Structure ermantic structure

asti X mukham
(upamanam) (upameyam)

?ratised%ﬂé

na kim

é&ma_dyotakah sambandhah

<mukha-sadréam>sasthitatpurusah api

Figure 5.19: Samasaga Arthi Dharma-upamanalupta

9. Trilupta: Samasaga Arthi Dharma-upamana-vacaka-lupta
Skt: mrganayana manah harate.
Gloss: deer-eyed{sg,nom,fem} mind{sg,acc,neut} steals{pres,3p,sg}
Eng: The doe-eyed (woman) steals the mind.
mrganayandais a bahuvrihi compound (upamanapurvapada-vyadhikarana-bahuvrihi)
under the Astadhyayi rule anekamanyapadarthe| (2.2.24) and the vartika - ‘sap-
tamyupamanapurvapadasyottarapadalopasca|’. Upamana-purvapada-vyadhikarana-

bahuvrihiis a kind of bahuvrihi compound, where the preceding component is up-
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amana. This compound has the meaning ‘mrga-locane iva caficale nayane yasyah
sa’. Here, (mrga-)locane is upamana out of which only a part mrga is explicit in
the sentence, and the latar component- nayane is upameya. The parse tree, along

with the semantic representation of the given instance, is shown in the figure 5.2(.

Syntactic Structure Semantic Structure

harate

/érté \aima

<mrga-nayana=>bahuvrihih manah

sasthisambandhah

nayane
(upameyam)

locane
(upamanam)

sasthisambandhal}

Figure 5.20: Samasaga Arthi Dharma-upamana-vacaka-lupta

» Pratyayaga Upama:

The comparison in upama expressed through affixes is considered as Pratyayaga Up-
ama. Taddhita affixes are attached to a noun to form a new pratipadika (nominal stem).
Similarly, some sanadi (kyac, kyan, kvip) and krt (namul) affixes are attached to a noun
to form a new verb. There are 10 types of affixes which are used in Upama to denote

similarity.

1. Pratyayaga Srauti Parnopama
Skt: mukhasya saundaryam kamalavat asti.
Gloss: face{sg,gen,neut} beauty{sg,nom,neut} lotus-like{indecl}
is{pres,3p,sg}
Eng: The beauty of the face is like a lotus.
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Here, the upamana along with the dyotaka are presented by the word kamalavat.
By ‘tatra tasyeva[' (Astadhyayi, 5.1.116) to depict the similarity the “vati’ tadhhita
affix is added to the upamana. Figure demonstrates the parse tree and the

semantic structure for the sentence.

Syntactic Structure Semantic Structure
asti saundaryam
(sadharanadharmah)
karta
Y
saundarvam mukham kamalam
Ty (upameyam) (upamanam)
jsasthisam_bandhah
mukhasya
upamanam
A J
kamalavat

Figure 5.21: Pratyayaga Srauti Pirnopama

2. Pratyayaga Arthi Purnopama
Skt: mukham kamalavat sundaram asti.
Gloss: face{sg,nom,neut} lotus-like{indecl} beautiful{sg,nom,neut}
is{pres,3p,sg}
Eng: The face is beautiful like a lotus.

In this sentence, vati, a taddhita affix is added in the meaning of similarity by
‘tena tulyam kriya cedvatih|' (Astadhyayt, 5.1.116). in stead of kamalena tulyam the
taddhita ending word kamalavat has come. Figure demonstrates the syntactic

and semantic representation of the example.

The following verse has the examples of kyac and kyan affixes.

pauram sutiyatijanam samarantare’savantahpuriyati vicitracaritracuficuh|

nariyate samarasimni krpanapaneralokya tasya caritani sapatnasenal|

3. Pratyayaga Srauti Vacakalupta karma - kyac:
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Semantic Structure

saundaryam
(sadharanadharmah)

Syntactic Structure

asti

karta
 J
mukham mukham kamalam
(upameyam) (upamanam)
é&manam\idheyavis’esauam
kamalavat sundaram

Figure 5.22: Pratyayaga Arthi Pirnopama
Skt: asau pauram sutiyati.
Gloss: that{sg,nom,masc} citizen{sg,acc,neut} treats-like-children{pres,3p,sg}
Eng: That one treats citizens as children.

The word ‘sutiyati has the kyac affix in the meaning of ‘sutam iva acarati’ by
Astadhyayi rule - upamanadacare| (3.1.10). Refer to figure for the semantic

and syntactic structure of the sentence.

: S tic Struct
Syntactic Structure ernantic structure
sutiyati acarah
¥ (sadharanadharmah)
férmekarta
auram asau pauram sutam
p (upameyam) (upamanam)

Figure 5.23: Pratyayaga Srauti Vacakalupta karma - kyac

4. Pratyayaga Srauti Vacakalupta adhara - kyac:
Skt: asau samare antahpuriyati.
Gloss: that{sg,nom,masc} battle{sg,loc,neut} behaves-as-in-apartment{pres,3p,sg}
Eng: That one behaves in battle, as he is in his home.

The word ‘antahpuriyati’ having kyac suffux gives the meaning of ‘antahpure

iva acarati|’ by the vartika ‘adhikaranacceti vaktavyam’ on Astadhyayi rule up-
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amanadacare| (3.1.10) . Figure shows the annotation parse tree and syntactic

representation of the given example.

- S tic Struct
Syntactic Structure emantic structure
- L. acarah
antahpuriyati (sadharanadharmah)
éikaranaﬂ\arta
samare antah-pure
samare asau 2
(upameyam) (upamanam)

Figure 5.24: Pratyayaga Srauti Vacakalupta adhara - kyac

5. Pratyayaga Srauti Vacakalupta karta - kyan:
Skt: sena nariyate.
Gloss: army{sg,nom,fem} behaves-like-woman{pres,3p,sg}
Eng: The army behaves like a woman.

The word from the above given verse, nariyate has kyan affix in the meaning of
karta for nari iva acarati| by Astadhyayi rule ‘kartuh kyan salopascal (3.1.11)].

Figure shows the parse tree with the semantic structure for the same.

Semantic Structure

acarah
(sadharanadharmah)
sena nari
(upameyam) (upamanam)

Figure 5.25: Pratyayaga Srauti Vacakalupta karta - kyan

Syntactic Structure

nariyate

karta

6. Pratyayaga Srauti Vacakalupta karma - namul:

Following verse demonstrates the affix namul in two different meanings. The first

line has the affix in karma meaning and the second line has it in karta meaning.

mrdhe nidaghagharmamsudarsam pasyanti tam pare |

sa punah parthasamcaram samcaratyavanipatih ||
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Skt: tam gharmamsudarsam pasyanti.

Gloss: he{sg,acc,masc} Sun-see{sg,acc,masc} see{pres,3p,pl}

Eng: He was looked upon as the sun.

Here, ‘nidaghagharmamsudarsam’ (for nidaghagharmamsum iva pasyati’) has the
namul affix in the meaning of karma by Astadhyayi rule ‘upamane karmani ca|’

(3.4.45). Refer to the figure for the detailed parse tree and semantic structure

of the sentence.

. S tic St t
Syntactic Structure emantic structure
asvanti darsanam
pasy (sadharanadharmah)
karma
tam sah gharmamsuh
(upameyam) (upamanam)
upamanam
gharmamsudarsam

Figure 5.26: Pratyayaga Srauti Vacakalupta karma - namul

7. Pratyayaga Srauti Vacakalupta karta - namul:
Skt: sah parthasanicaram saficarati.
Gloss: he{sg,nom,masc} movement-of-Arjuna{sg,accmasc} move{pres,3p,sg}
Eng: He moves like Arjuna.
‘parthasamcaram’ (for parthah iva saficaranam) has the ‘namul’ affix in the mean-
ing of karta by the same Astadhyayi rule as previous. Figure shows the syn-
tactic and semantic structure for the given example.

8. Pratyayaga Srauti Vacaka-upameyalupta : kyac
Skt: raja sahasrayudhiyati|
Gloss: king{sg,nom,masc} behaves-like-having-thousand-weapons{pres,3p,sg}
Eng: The king acts as if he is the ‘kartavirya’ having thousand arms.

Here, ‘sahasrayudhiyati’ has kyac affix giving the meaning - ‘sahasrayudham iva
acarati atmanam’. Figure provides the parse tree and the semantic represen-

tation of the stated instance.
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Syntactic Structure Semantic Structure
sancarati saficaranam
(sadharanadharmah)
karta
sah sah parthah
- upameyam upamanam
(upameyam) (up )
&Apaménam
parthasancaram

Figure 5.27: Pratyayaga Srauti Vacakalupta karta - namul

Syntactic Structure Semantic Structure
sahasrayudhiyati _ . acarah
(sadharanadharmah)
karta
Y
— atmanam sahasrayudham
J (upameyam) (upamanam)

Figure 5.28: Pratyayaga Srauti Vacaka-upameyalupta : kyac
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9. Pratyayaga Srauti Dharma-vacakalupta - kvip :
Skt: yaminyah dinanti|
Gloss: night{pl,nom,fem} acts-like-day{pres,3p,pl}
Eng: The nights feels like days.

Syntactic Structure Semantic Structure
dinanti _ . _acarah
(sadharanadharmah)
rta
aminvah yaminyah dinani
y yak (upameyam) (upamanam)

Figure 5.29: Pratyayaga Srauti Dharma-vacakalupta - kvip

Here, ‘yaminyah’ (nights) is the upameya. The kvip affixed word ‘dinanti’ having
the meaning ‘dinam iva acarati |’ expressing upamanam(dinam), while implicitly
provides the dyotaka and the dharma. The affix ‘kvip’ gets elided due to the rule ve-
raprktasyal (Astadhyayi, 6.1.67). Therefore, the common property ‘acarah’, which
is expressed through the suffix, is also considered as omitted[| Figure shows

the parse tree and semantic representation.
10. Pratyayaga Arthi Dharmalupta
Skt: dustasya manah visakalpam astif
Gloss: wicked{sg,gen,masc} mind{sg,nom,neut} poison-like{sg,nom/acc,neut}
is{pres,3p,sg}
Eng: The mind of a wicked person is like a poison.

In this example, the word visakalpam has the taddhita affix “kalpap’ by the Astad-
hyayi rule ‘isadasamaptau kalpabdesyadesiyarah| (5.3.67). Figure shows the

parse tree along with the semantic structure for the given example.

We observe that out of 25 subtypes of Upama, the parser can analyse Vakyaga Upamas of

6 types and Samasaga of 9 types, making a total of 15. The 10 Upamas involving Taddhita,

7 wvivaranakarastu kippratyaya eva tulyacararupasadharanadharmavacakah| tasya “veraprktasya’-iti sutrena

nityam lupta-tvaddharmalopa ityahuh| ‘Balabodhini’ commentary on 10.89, Kavyaprakasa
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: S tic St t
Syntactic Structure emantic structure

. visam manah
asti -
(upamanam) (upameyam)

karta

manah

@ambandh%pamanam

dustasya visakalpam

Figure 5.30: Pratyayaga Arthi Dharmalupta

sanadi and krt suffixes cannot be handled by the current system due to the non-availability
of morphological analysers to analyse these type of words. In the analysis, the major cue to
capture the Upama is the comparative marker. In the types Vakyaga, Samasaga, where the
dyotaka is explicit, the parser is able to recognise it as Upama and assign appropriate tags,
without any difficulty. Due to the addition of the ‘Compound-type Identification module’

(Krishnan et al), 2025) the 9 samasaga upama sentences can also be processed by the parser.

5.4.3 Handling of special nuances from literature

In Kavyaprakasa, Mammata systematically addresses the major grammatical categories and
illustrates each of them with corresponding examples. These examples typically employ a
single upamana—upameya pair and conform to the standard construction of Upama. However,
in actual poetic practice, the use of Upama often departs from this standard form. A poet,
exercising creative freedom, may construct expressions involving more than one upamana—
upameya pair. In some instances, a single upameya may be compared with multiple upamanas.
Thus, poetic constructions frequently display structural variations beyond the canonical type.

When designing guidelines for parse tree representation, it is therefore necessary to ac-
commodate such creative possibilities alongside the standard forms. Furthermore, certain
other alankaras exhibit structures similar to Upama. To avoid ambiguity, these must be rep-
resented in a manner that distinguishes them from Upama. Accordingly, the guidelines are
extended to incorporate these nuances, ensuring that both the creativity of poetic expression

and the structural particularities of related alarikaras are adequately captured.
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« More than one Upamanas and upameyas with one comparative marker:
Skt: sita api anugata ramam SaSinam rohini yatha |

Gloss: Sita{sg,nom,fem} alsof{indecl} followed{ptcp,past,nom,sg,fem}

Rama{sg,accmasc} moon{sg,accmasc} Rohini{sg,nom,fem} like{indecl}
Eng: Sita also followed Rama, as Rohini follows the moon.

This sentence is taken from Ramayanam 1.1.28. In this sentence, there are two up-
amanas and their respective upameyas. But only one comparative marker is given. In
this case, we can mark the relation of yatha with rohini after which upama_dyotaka
is present in the sentence. We mark the relation of upamanam between ramam and
$asinam ; also in between sita and rohini. Figure shows the parse tree for the given

example.

Semantic Structure

Upameya Upamana

anugata anugata
(sadharanadharmah) (sadharanadharmah)
sita ramam rohini sasinam
(upameyam) (upameyam) (upamanam) (upamanam)

Syntactic Structure

Figure 5.31: Representation of more than one upamanas and upameyas

+ Iva not connected with the upamana in samasa.
Iva forms a compound with upamana without the deletion of the case marker even
when it is a samasa| The samasa which is formed with iva should have the upamana
as the initial component. But, in some versesf| we have observed that iva is attached to

some other word than the upamana. In such cases, we treat it as Vakyaga Upama. We

® ivena samaso vibhaktyalopasca| vartikam under Astadyayi 2.1.4 and 2.4.71

udbahuriva vamanah| 1.3, Raghuvamsa
Jjugopa gorupadharamivormim| 2.3, Raghuvamsa

9
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mark iva as an independant word with the relation upama_dyotakah with the upamana

and not with the word with which iva is attached.

iti vismrtanyakaraniyamatmanah sacivavalambidhuram dharadhipam |

parivrddharagamanubandhasevaya mrgaya jahara catureva kamini [|RV, 9.69||

Gloss: (iti) thus{indecl} (vismrtanyakaraniyamatmanah) whose.other.duties.
forgotten.by.himself{sg,gen,masc}  (sacivavalambidhuram) minister.reliance.
burden{sg,acc,masc}

(dharadhipam) king{sg,acc,masc} (parivrddharagamanubandhasevaya)
with.service.of.increasing.passion{sg,instr,fem}  (mrgaya) hunt{sg,nom,fem}
(jahara) carried.off{aor,3p,sg,act}  (catura)cleverly (iva) like{indecl}

(kamini) beloved.woman{sg,nom,fem}

Eng: Thus, the hunt, with service bound up with growing passion, carried off the king—
who, having forgotten other duties, bore the burden of reliance on his ministers—just

as a clever woman seizes her lover.

This verse is taken from Raghuvamsam(RV). In this verse the upama_dyotaka is iva
which is attached with an adjective of the upamana that is catura and not with the up-
amana - kamini. To show the annotation for such sentence, here, we form a sentence
from the above mentioned verse having the components of Upama. Figure shows
the parse tree for the given example. Example:

adhipam mrgaya jahara catureva kamini |

Differentiating between Upama and other arthalankaras when iva is the marker.

In addition, several other arthalankaras also employ a dyotaka (comparative marker)
similar to that used in Upama. For instance, Utpreksa and Ananvaya exhibit surface
structures that can be mistaken for Upama by a computational parser. However, their
semantics and poetic effect differ significantly. In Utpreksa, the Upamana is imaginary
or hypothetical, whereas in Ananvaya the Upamana and the Upameya refer to the same
entity. On the same grounds, Upameyopama is an alankara where the comparison is
done reciprocally. The upameya becomes the upamana. Here, we show the representa-

tive parse trees for these alankaras.
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Syntactic Structure Semantic Structure
jahara _ _Jjahara
(sadharanadharmalh)
/ﬂt\arma
mrgaya adhipam mrgaya kamini
; (upameyam) (upamanam)
upamanam
kamin
éamédyot%{is’esagam
iva catura

Figure 5.32: Example parse tree for Iva not connected with the upamana

- Ananvaya
The following example is taken from Ramayana (6.107.52). In the source text the
§loka is as ‘ramaravanayoryuddham ramaravanayoriva|’. Here, we have to supply
‘yuddham’ as the upamana.
Skt: rama-ravanayoh yuddham rama-ravanayoh  yuddham iva asti|
Gloss: Rama-Ravana{du,gen,masc}  battle{sg,nom/acc,neut}
Rama-Ravana{du,gen,masc} Dbattle{sg,nom/acc,neut} as.if{indecl} be{pres,3p,sg}
Eng: The battle of Rama and Ravana is only like the battle of Rama and Ravana.
In ananvaya, the upameya is depicted as there is no other entity to compare with
it. In other words, the sadharanadharma which is being compared cannot be seen
in any other object. Hence, the Upameya itself is presented as the upamana as in
the given example. The war between Rama and Ravana is so great that it can be

compared only with itself. The parse tree representation is shown is figure .33,
- Upameyopama
Skt: dharant iva tasya dhrtih asti| tasya dhrtih iva dharani astif

Gloss: earth{sg,nom,fem} like{indecl} his{sg,gen,masc} firmness{sg,nom,fem}
be{pres,3p,sg} his{sg,gen,masc} firmness{sg,nom,fem} like{indecl}
earth{sg,nom,fem} be{pres,3p,sg}

Eng: His firmness is like the Earth; and the Earth is like his firmness.
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Semantic Structure

yuddham yuddham
(upamanam) (upameyam)

Syntactic Structure

asti

karta
puddham
sast, hisambandh%paménam
rama-ravanayoh yuddham

‘A hisambandhah

rama-ravanayoh

%nanvayadyot akah

iva

Figure 5.33: Representation of Ananvaya

This alarikara, to show the degree of similarity between the upamana and the
upameya, both are used interchangeably. The example ‘his fortitude’ (tasya dhrtih)
is compared with ‘the earth’ (dharani) and vice versa as demonstrated in figure

0.54).

Semantic Structure

Syntactic Structure Semantic Structurel Semantic Structure2

. . drtih dharam dharam drtih
asti asti = =
(upamanam) (upameyam) (upamanam) (upameyam)

karta karta

dharani

pamanam

‘upamanam\sasthisambandhah

‘upameyopama_dyotakah \sasthisambandhah

upameyopama_dyotakah

Figure 5.34: Representation of Upameyopama

» Utpreksa:
The figures explained before have the common property as the basis of the comparison.
In Utpreksa the common property is the subject of suggestive meaning (vyangyasad-
harmya). In this alanikara, the object is imagined or forced with the said common prop-
erty to be compared as upamana. Hence, we do not show the suggested sadharanad-

harma in the semantic representation as it may vary from person to person.
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Skt: limpati iva tamah angani |
Gloss: cling{pres,3p,sg} as.iffindecl} darkness{sg,nom,neut} limbs{pl,acc,neut}
Eng: It is as if darkness clings to the limbs.

In this example, the marker iva is attached to the action limpati, which is a clue for
identifying utpreksa. Unlike Upama, there is no upamana-upameya-bhava present in
the sentence. The action of smearing (limpati) is imposed by the poet. Figure

shows the parse tree for the same.

Syntactic Structure Semantic Structure
. . limpati
limpati (kalpita upamanam)
Frta %Npreksadyotakah
h
tamah angani iva

Figure 5.35: Representation of Utpreksa

From a machine processing perspective, these constructions may appear structurally
similar, since all contain a comparative marker, upamana and upameya, but the under-

lying meaning and the interpretative function in each alankara are distinct.

5.5 Conclusion and future direction

Upama is primarily found in all litarary texts to enhance the richness of the poetry.
To analyse sentences carrying Upama, the parser must be designed to recognise and

appropriately tag these constructions.

In this chapter, we presented a tagging scheme to annotate the Upama construction
with different grammatical categories along with the special literary constructions and
similar other alankaras. However, there are further challenges to make the parser ca-
pable of processing such complex constructions. Presented below is a list of challenges

that are particularly difficult for a machine to tag at the initial stage of processing.

To improve the parser’s coverage across a broader range of Upama constructions, the

following four areas of enhancement are proposed:
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1. Integration of a taddhita, sanadi and krt Module: A dedicated module to
analyze taddhita, sanadi and krt affixes and their semantic functions in conveying

comparison.

2. Enhancement of the Samasa Module: A robust samasa analysis system to
identify embedded relationships within compounds where explicit comparative

markers are absent.

3. Expansion of the Comparative Marker Lexicon: An enriched list of compara-
tive markers (dyotakas) drawn from classical literature to cover a wider spectrum

of linguistic realisations.

4. Formulation of Special Case Rules: Custom rules to address nuanced literary
examples not fitting standard classifications, such as verses with only one compar-
ative marker, or multiple upamana—upameya pairs, so that the parser can handle

such deviations gracefully.

By addressing the listed areas, the system can be better equipped to analyze the diverse and

complex instantiations of Upama found in Sanskrit literature.
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Chapter 6

Conclusion

This study has attempted to approach Sanskrit poetry through the lens of computational anal-
ysis, with a focus on figurative language and poetic qualities. The primary aim was to explore
the feasibility of identifying stylistic devices—Yamaka and Anuprasa, along with the broader
aesthetic markers defined by the concept of kavyaguna. Rather than treating these features as
isolated literary ornaments, the work has examined them as patterns that can be formalized,

modeled, and analysed using linguistic and algorithmic methods.

The contributions of this research lie in bridging classical Sanskrit poetics with computa-
tional models, thereby introducing a novel direction in the field of Sanskrit figurative language
processing. By combining traditional literary insights with contemporary techniques such as
rule-based modeling, feature engineering, and machine learning classification, the study pro-
vides a framework for identifying complex poetic features at scale. The Kavyaguna Classifier,
developed as a part of this work, demonstrates how such models can be applied to classify
verses having the properties of Madhurya, Oja, and Prasada, drawing on both statistical and
stylistic cues. Alongside, the detection and classification models for Yamaka and Anuprasa of-
fer a structured approach to mapping sound-based ornamentation in verse. Parsing of Upama

alankara will help to improve the translation and understanding of sentences.

6.1 Limitations

The scope of this study is limited to selected Alankaras—Yamaka, Anuprasa, and Upama—and
three Kavyagunas. The datasets, though diverse in textual sources, remain modest in size due
to the availability of manually verifiable annotated material. The computational models, while
effective for the chosen literary features, are tailored to Sanskrit and may require adaptation

for other languages. Furthermore, the symmetry-based formalization is demonstrated for
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specific Yamaka types and may not cover the entire spectrum of poetic variations found in

the tradition.

6.2 Future work

To address these challenges, future research in Sanskrit FLP must focus on developing large-
scale annotated corpora, creating transformer-based language models fine-tuned for Sanskrit,
and integrating computational techniques for identifying Rasa and Alankaras. Furthermore,
advancements in prosody-aware NLP models could enhance the computational understanding
of Sanskrit poetic structures. The integration of these approaches will be crucial in enabling

more sophisticated analysis and generation of figurative language in Sanskrit texts.

In conclusion, this thesis presents an early but meaningful step towards the formalization
of Sanskrit poetic analysis in computational terms. While much remains to be explored, the
convergence of literary tradition and modern technology holds promise for new insights into
classical texts, and for building tools that support digital scholarship in the Indian knowledge

systems.
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Abstract

Indian literature exhibits symmetry in abundance. The sabdalankaras (figure of sound) such as Yamaka present examples
of symmetry in literature. The first classification of Yamaka is given by Bharata in his treatise Natyasastra. It is interesting
to note that all the patterns of Yamaka mentioned by Bharata are not only simple but also exhibit symmetry under the opera-
tions of reflection and rotation. In this paper, we show the simplicity of the classification of Yamaka by Bharata by proving
that the patterns corresponding to each type of Yamaka form a group isomorphic to either the Klein four-group K, or the

groups Z, or Z,.

Keywords Symmetry - Symmetry group - Yamaka alankara - Klein 4 group

1 Introduction

The word symmetry (originated from the Greek word
symmetria) refers to the arrangement in dimensions or the
due proportion. It refers to certain compositions of structural
objects that preserve the structure. It acts as a measure of
the beauty of the form or structure. Therefore it has always
been considered as an important factor in visual aesthetics
(Molnar & Molnar, 1986). Symmetry is abundant in nature.
Several studies discuss various kinds of symmetry in living
and non-living objects such as plants, living organisms, the
structure of chemical molecules and organic compounds,
etc. (Lederman & Hill, 2005; Bunker & Jensen, 2004). The
symmetry in arts, architecture, music, and literature are also
studied in great detail (Pavlovic & Triajstic, 1986).

Indian civilisation is no exception. According to Sihna
(1989), ‘Indian ethos has shaped through the centuries in
evolving the facets of symmetry. Various shapes of Vedic
altars constructed using the Sulbasiitr as are all symmetric.’
Some of the finest examples of symmetry are the fractal

< Amba Kulkarni
ambakulkarni@uohyd.ac.in

Amruta Barbadikar
amruta.barbadikar@gmail.com

Bharati Bhat
bharatimundgodi@gmail.com

Department of Sanskrit Studies, University of Hyderabad,
Hyderabad 500046, India

symmetry found in the temples and wells across India.
Indian literature also exhibits symmetry in abundance. The
sabdalankaras such as Yamaka, and various citrabandha
kavyas (poetries composed in the form of drawings) present
examples of symmetry in literature.

Yamaka is used to enrich the beauty of the poetry. Yamaka
is a figure of sound where a group of syllabic patterns is
repeated typically with a different meaning at different loca-
tions in the same verse. The first classification of Yamaka is
given by Bharata in his treatise Nagyasastra. Later Dandi,
Rudrata, and many other scholars gave various classifica-
tions covering different patterns of repetitions. There is an
elegance and simplicity in Bharata’s classification.! It is
interesting to note that all the types of Yamaka mentioned
by Bharata are not only simple but also exhibit symmetry
under the operations of reflection and rotation. In this paper,
we show the simplicity of the classification of Yamaka by
Bharata by proving that each type forms a group isomorphic
to either the Klein four-group K, or the groups Z,, or Z,.

2 Yamaka

The embellishment in the poetry makes it different from
the language which is used for regular communication. It
enhances the beauty of the poetry. The systematic study of
this ornamentation is known as the theory of alankara. It
is one of the important disciplines in the Kavyasastra tra-
dition. Scholars of the Alankara school regard the poetic

! Bharata does not insist on different meanings.

@ Springer
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YAMAKA IDENTIFIER AND CLASSIFIER:
A COMPUTATIONAL TOOL FOR THE ANALYSIS
OF SANSKRIT FIGURE OF SOUND

By
Amruta Barbadikar and Amba Kulkarni

The science dealing with various aspects of the beauty of a literary
text is termed as Alankarasastra in Sanskrit. The literal meaning of
‘Alankara’ is an ornament or a decoration. In the context of literature,
these ornaments are either related to the sounds of the phonemes in the
words or to the meanings associated with the words or to both. The
beautiful rhythmic patterns of sound are termed as Sabdalankaras
(ornaments of sound) and the patterns that give rise to pleasure due to the
meanings of the words are called Arthalankaras. There are constructions
with thythmic sound patterns that are also meaningful. These fall under
the category of Ubhayalankaras. Sabdalankaras being governed by the
rhythmic, repetitive sound patterns, are very easy to capture and can be
identified with the pattern matching algorithms.

Repeated use of the same sequence of letters is one of the techniques
that poets use for enhancing the beauty and charm of poetry. Anuprasa
(alliteration) and Yamaka are two popular Sabdalankaras. Both use
repetitive patterns. Among these two, in alliteration typically a single
letter or a syllable is repeated. For example, in the following phrase, the
syllable ‘ra’ is repeated and so, it is an example of Anuprasa.

‘ramo rajamanih sada vijayate
ramam ramesam bhaje |’

In a variation of Anuprasa called Latanuprasa, one or more nominal
stems are repeated. The nominal stem may occur with different case
markers.

Yamaka also shows the repetition of sound patterns. But these
patterns are larger sequences of syllables, typically consisting of at least
two syllables. For example, "samarasamaraso "yam" Here, the sequence
‘samara’ is repeated. The first occurrence is the left part of a compound
and the second occurrence is a part of the word ‘samarasah.’
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Abstract

Kavyaguna denotes the syntactic and phonetic
attributes or qualities of Sanskrit poetry that
enhance its artistic appeal, commonly classi-
fied into three categories: Madhyurya (Sweet-
ness), Oja (Floridity), and Prasada (Lucidity).
This paper presents the Kavyaguna Classifier,
a machine learning module, designed to clas-
sify Sanskrit literary texts into three distinct
gunas, by employing a diverse range of ma-
chine learning algorithms, including Random
Forest, Gradient Boosting, XGBoost, Multi-
Layer Perceptron and Support Vector Machine.
For vectorization, we employed two methods:
the neural network-based Word2vec and a cus-
tom feature engineering approach grounded in
the theoretical understanding of Kavyagunas
as described in Sanskrit poetics. The feature
engineering model significantly outperformed,
achieving an accuracy of up to 90.6% in K-fold
cross-validation and 92% in Holdout valida-
tion.

1 Introduction

Natural language processing (NLP) involves the
intersection of computer science, artificial intel-
ligence, and computational linguistics, focusing
on how computers can understand, interpret, and
respond to human languages (Jurafsky and Mar-
tin, 2009). NLP is developing vastly for differ-
ent languages with data-driven approaches. How-
ever, Low Resource Languages face numerous chal-
lenges in NLP, including data scarcity, complex
morphology, orthographic and historical variations,
and a lack of digital resources. These issues, com-
bined with the inadequacy of models designed for
other languages, hinder the development of robust
NLP solutions for Sanskrit. Although Sanskrit has
traditionally been categorized as a Low-resource
language, its NLP development has gained signifi-
cant momentum in recent years. This progress can
be attributed to the well-defined linguistic theories

and the association of modern computational ap-
proaches. Several computer applications are avail-
able for the analysis of the syntactic components of
the language (Goyal and Huet, 2013; Satuluri and
Kulkarni, 2013; Kulkarni and Shukl, 2009; Kulka-
rni and Kumar, 2013, 2011; Goyal et al., 2009;
Kulkarni et al., 2020; Kulkarni and Das, 2012; S,
2022).

The poetic literature of a language reflects the
higher intellect of society. Sanskrit literature, dat-
ing back to the Vedic era, has fascinated humanity
with its sophisticated aesthetic dimensions. Classi-
cal Sanskrit literature is rich in examples of such
poetic expression. Understanding and process-
ing this literature require a high level of intellect.
ANANDAVARDHANA emphasizes the importance
of deeper understanding, stating, "Simply knowing
the words and their meanings does not enable one
to fully appreciate poetry; true enjoyment comes to
those experts who grasp its deeper essence."! For
machines lacking world knowledge, this becomes
a complex task. Without advanced methods for
the automatic interpretation of implied meanings,
machines struggle to process the ornate language
accurately.

While some progress has been made in the pro-
cessing of literary regard, machines can more eas-
ily analyze aspects where meaning is not deeply
embedded. For example, tasks such as meter iden-
tification (Rajagopalan, 2018; Melnad et al., 2015;
Neil, 2023; Terdalkar and Bhattacharya, 2023), and
the identification and analysis of sound figures
like Yamaka (Barbadikar and Kulkarni, 2023) and
Anuprasa (Barbadikar and Kulkarni, 2024) have
been successfully achieved.

Poetry classification is performed using vari-
ous standards such as sentiment, poetic style, etc.
Wujastyk (1978) worked out the classification for

!$abdarthasasanajfianamatrenaiva na vedyate |
vedyate sa tu kavyarthatattvajiaireva kevalam Il 1.7,
Dhvanyaloka
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Abstract

Anuprasa is a Sabdalankara (figure of sound), in which the poetry is embellished by the
repetitive occurrence of letters.! The task of processing the decorative language consisting
of such figures is a path not explored in the field of Sanskrit computational linguistics.
This paper discusses a tool that identifies and classifies anuprasa alanikara. Anuprasa,
being a figure of sound, makes the least use of semantics. This tool is essentially developed
upon the insights taken from the school of alarikaras, especially from the treatise of
ACARYA VISVANATHA from 14* century AD.

1 Introduction

There is a varied scope for research in the field of Sanskrit computational linguistics. Seg-
mentation(Goyal and Huet, 2013), Morph-analysis and Generation (Kulkarni and Shukl, 2009),
Compound type analysis (Kulkarni and Kumar, 2013; Kulkarni and Kumar, 2011) and Gen-
eration (Satuluri and Kulkarni, 2013), Sentence analysis (Goyal et al., 2009; Kulkarni et al.,
2020) and Generation (Kulkarni and Pai, 2019), Discourse analysis (Kulkarni and Das, 2012),
Translation (Agrawal and Madaan, 2020), etc. tasks are being carried out with extensive efforts.
Most of the tasks are grammar oriented. Other works which attempt to process the rhetoric of
the poetic language are very limited. Except for the Meter identification (Melnad et al., 2015;
Rajagopalan, 2018; Neil, 2023; Terdalkar and Bhattacharya, 2023) and a tool to identify and
classify the yamaka alarikara (Barbadikar and Kulkarni, 2023), the Natural Language Processing
(NLP) tools are far away from processing poetic beauty in Sanskrit.

Although, some examples in languages other than Sanskrit for processing figurative language
can be found. Shutova (2011) presented a computational approach to process metaphor using
statistical methods. Englard (2013) used the rhetorical analysis of text to predict the author. For
Hindi, Audichya and Saini (2021), worked out the alarikaras in Hindi to present the hierarchical
structure with a taxonomical listing of alanikaras. However, the computational implementation
was not exercised. Naaz and Singh (2022) were able to contribute by presenting three different
tools for Hindi. ‘Text2Matra’ produces the laghu and guru matras for the input, ‘RPaGen’
detects the rhyming quality of the poem and ‘FoSCal’ generates a score according to the quantity
of anuprasa used over the poem. For Sanskrit, the automatic Meter Identification task has been
worked out, from various applications perspectives, by different scholars. Melnad et al. (2015),
Rajagopalan (2018), Neil (2023), Terdalkar and Bhattacharya (2023) are some of the notable
contributors to the available state-of-the-art Sanskrit Meter Identification systems.

Highly complex language structures, use of intended and implicit meaning, multiple meanings
of a word, multiple words having a similar meaning, and unavailability of useful state-of-the-art
tools are the factors that discourage the processing of decorative language used in poetry. The
tradition of alarikarasastra (poetics) is developed over a long period ranging from the 15° century
AD. The study of figures of speech is an important stream of this tradition. Figures of speech

'Here, the repetition of sounds is desirable. In Sanskrit, there is one to one mapping of sound with the denoting
letter and we compute letters, not sounds. Hence we use the terms letters and sounds interchangeably.
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Abstract

Compounds are formed based on the principle of samarthya (semantic compatibility to
compose components). Sanskrit compounds are binary compositions which can be com-
posed further to form a nested constituency of compound structure. Analysing a com-
pound requires us to find the correct structure as well the compound types. Compound
analysis has long been approached in two stages: constituency analysis and compound
type identification. In this work, we propose a methodology to analyse the compounds
by first identifying the compound types based on morphological, syntactic and semantic
clues from Astadhyayi. We implement it within the dependency parser framework of
Samsadhani, where the types are identified first and then the constituency structure is
established using a constraint solver.

1 Introduction

One of the most distinguishing features of Sanskrit is its profound use of compounds (samasa),
which allows concise expression of complex ideas. Compounds are formed by combining two
or more words into a single lexical unit, often omitting case markers and other grammatical
indicators, thus creating a compact structure to convey meaning. These are categorized into
four major types on the basis of the semantic relationships between their components. The
description of these semantic relations is found in Astadhyayi, the seminal grammatical text
of Sanskrit. The four major types of compounds are Avyayibhava, Tatpurusa, Bahuvrihi and
Dvandva. These compound types have further sub-types defined based on both the syntactic
and semantic nature of their components. In total, 59 sub-types of these four major types have
been observed in Kumar (2012).

Astadhyayr meticulously codifies the process of compound generation, providing precise rules
for their semantic classification and syntactic construction. The semantic and syntactic com-
patibility between the components of a compound, referred to as ‘Samarthya’, ensures that the
words forming a compound are meaningfully connected and contribute to a unified sense. The
category of the compound-word thus formed can be determined based on its meaning and the
grammatical rules that specify the syntactic arrangement of the component words, as well as
the case, gender, and number of the final compound. The procedure for generating compounds
is clearly outlined, ensuring uniformity in their formation.

When it comes to the analysis of a compound word, there are several challenges due to the
inherent complexity of their structure. The first problem we face in analyzing a compound is
the segmentation. The compound in Sanskrit is always written as a single word without any
space or hyphen between its constituents. Further, the close proximities of the phonemes of
two consecutive components also lead to phonological changes in them introducing ambiguities
during splitting, thereby worsening the situation further for analysis.

The second problem is the ambiguity at the constituency level when the number of components
is more than two. When there are more than two components in a compound, the number of
ways in which a compound with n + 1 components can be subgrouped is a Catalan number C,,
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Abstract

Sanskrit poetry has played a significant role in shaping the literary and cultural land-
scape of the Indian subcontinent for centuries. However, not much attention has been
devoted to uncovering the hidden beauty of Sanskrit poetry in computational linguistics.
This article explores the intersection of Sanskrit poetry and computational linguistics by
proposing a roadmap of an interpretable framework to analyze and classify the qualities
and characteristics of fine Sanskrit poetry. We discuss the rich tradition of Sanskrit
poetry and the significance of computational linguistics in automatically identifying the
characteristics of fine poetry. We also identify various computational challenges involved
in this process, including subjectivity, cultural context and lack of large labeled datasets.
The proposed framework involves a human-in-the-loop approach that combines deter-
ministic aspects delegated to machines and deep semantics left to human experts.

We provide a human annotated analysis of Siksastaka, a Sanskrit poem, from the per-
spective of 6 prominent kavyasastric schools, to illustrate the proposed framework. Ad-
ditionally, we provide compound, dependency, anvaya (prose order linearised form),
meter, rasa (mood), alarikara (figure of speech), and riti (writing style) annotations for
Siksastaka and a web application to illustrate the poem’s analysis and annotations. Our
key contributions include the proposed framework, the analysis of Siksastaka, the anno-
tations and the web application® for future research. We aim to bridge the gap between
kavya$astra and computational methods and pave the way for future research.

1 Introduction

Sanskrit literature has a rich and diverse tradition that has played a significant role in shaping
the literary and cultural landscape of the Indian subcontinent for centuries (Pollock, 2006;
Jamison and Brereton, 2014). With its complex grammatical rules and nuanced vocabulary,
the Sanskrit language has provided a fertile ground for poets to craft intricate and evocative
stanzas that capture the key elements of human experience (Pollock, 1996). From the ancient
epics like the Ramayana and the Mahabharata, to the lyrical works of Kalidasa and Bhartrhari
etc. Sanskrit poetry has embodied the key elements of Indian thought and culture, providing
inspiration and contemplation for generations of readers and scholars. However, the researchers
in the computational linguistics community have not devoted much attention to uncovering the
hidden beauty in Sanskrit poetry (Scharf et al., 2015).

The computational linguistic research community could be interested in identifying fine po-
etry for various reasons, including the need to evaluate machine-generated poetry (Agarwal and
Kann, 2020; Van de Cruys, 2020; Li et al., 2020; Hopkins and Kiela, 2017), translating poetry
(Yang et al., 2019; Ghazvininejad et al., 2018; Krishna et al., 2019), to gain a deeper under-
standing of poetic language (Haider, 2021; Haméaldinen and Alnajjar, 2019; Waltz, 1975), and to

This work was conducted while the author was affiliated with IIT Kanpur.
Link for interactive analysis of Siksastaka: https://sanskritshala.github.io/shikshastakam/
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