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Preface

WILDRE - the 8" Workshop on Indian Language Data: Resources and Evaluation is being
organised on May 12", 2026, under the LREC 2026 platform. India has a high degree of
linguistic diversity and has seen concerted efforts by the Indian government and industry
to develop language resources. ELRA Language Resources Association and its associate
organisations have been very active and successful in addressing the challenges and
opportunities related to language resource creation and evaluation. It is, therefore, a great
opportunity for resource creators in Indian languages to showcase their work on this platform
and to interact and learn from those involved in similar initiatives worldwide.

The broader objectives of the 8" WILDRE will be

to map the status of Indian Language Resources

to investigate challenges related to creating and sharing various levels of language
resources

to promote a dialogue between language resource developers and users

to provide an opportunity for researchers from India to collaborate with researchers from
other parts of the world

The call for papers received a good response from the Indian language technology community.

Workshop Organisers



Organizing Committee

Girish Nath Jha, Professor, School of Sanskrit and Indic Studies, Jawaharlal Nehru Univer-
sity, India

Kalika Bali, Microsoft Research India Lab, Bangalore
Sobha L, AU-KBC, Anna University
Devendr Kumar, MGAHU, Wardha
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MeTRICALARGS: Studying Metrical Poetry with LLMs

Chalamalasetti Kranti', Sowmya Vajjala®
'Department of Linguistics, University of Potsdam, Germany,
2National Research Council, Ottawa, Canada
kranti.chalamalasetti@uni-potsdam.de, sowmya.vajjala@nrc-cnrc.gc.ca

Abstract
Many classical languages have well-studied traditions of poetic meter which enforce constraints on a poem in terms
of syllable and phoneme patterns. Such advanced literary forms offer opportunities for probing deeper reasoning
and language understanding in Large Language Models (LLMs) and their ability to follow strict pre-requisites and
rules in generating text. In this paper, we introduce MeTRICALARGS, the first taxonomy of poetry-related NLP tasks
designed to evaluate LLMs on metrical poetry across four dimensions: Analysis, Retrieval, Generation, and Support.
We discuss how these tasks relate to existing NLP tasks, addressing questions around datasets and evaluation
metrics. Taking the metrical poetry of Telugu language as our example, we illustrate how the taxonomy can be
used with LLMs in practice through a quantitative and qualitative evaluation. METRICALARGS highlights the broader
possibilities for understanding the capabilities and limitations of today’s LLMs through the lens of metrical poetry. We
believe METRICALARGS can also serve as a reference taxonomy for studying and comparing metrical poetry across
Indian languages as a starting point, and can be extended to other languages with established metrical poetry traditions.

Keywords: Poetry Analysis, Metrical poetry, Telugu

1. Introduction
iz L?):w‘s;\

There has been a consistent interest in the gener- / Analysis‘
ation and analysis of the poetic form in NLP and o P
computational creat_|V|ty r_esearch._ Although the — Support | Metrical Completion
language of focus is mainly English, there has Suggeeton] | ARGS -
been some research in a few other relatively high- Desarptve Desepton
resource languages such as Chinese. While auto- Beneration
mated poetry generation/translation has been the mmits T;jg;on
most commonly studied problem, there are also Metrcs

several other related topics when we consider more

constrained literary-linguistic systems such as me-  Figure 1: The METRICALARGS taxonomy of tasks
ter in poetry, which are governed by their own setof  for metrical poetry, spanning four dimensions: Anal-

rules and requirements. The language specific na-  ysjs, Retrieval, Generation, and Support.
ture of these rules, and the customization needed

in terms of datasets, evaluation methods etc was
a bottleneck in extending such studies in compu-  MeTRICALARGS (Figure 1). We then demonstrate
tational creativity into other languages in NLP re-  how to use the taxonomy to study the capabilities
search. of LLMs by considering a small test set constructed
The advent of LLMs that are capable of in-context ~ for Telugu, a Dravidian language with centuries
learning with very few (or no) examples opens upa  of established metrical poetic tradition (Rao and
possibility of extending this research to other world ~ Shulman, 2020).
languages with rich and long standing poetic tradi- From a methodological standpoint, studying met-
tions such as Sanskrit and other Indian languages  rical poetry with LLMs is important for two main
including Telugu. Many of them involve intricate  reasons. First, it provides a rigorous testbed for
rules and formal specifications that go beyond free-  understanding the capabilities of LLMs. Metrical
form generation of poems, which we refer to as met-  verse requires models to coordinate multiple layers
rical poetry throughout this paper (chandas in San-  of linguistic competence, including phonology and
skrit, and similar words in other Indian languages).  prosody (to identify and count syllables correctly:
Existing research on poetry related topics in NLP ~ a quantitative constraint), morphology and rhyth-
has largely focused on individual tasks in isola-  mic structure (to follow metrical and phonological
tion, with no unified taxonomy to connect them. In  patterns: a structural constraint), and syntax and
this paper, we take the first steps in addressing  semantics (to maintain coherence, meaning, and
this gap by first creating a taxonomy of metrical  thematic flow: a semantic constraint), all while pre-
poetry tasks covering four dimensions - Analysis,  serving stylistic and aesthetic consistency. Second,
Retrieval, Generation, and Support, which we call  metrical systems are defined by explicit, algorithmic
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rules that govern syllable patterns, rhyme positions,
and line breaks. This makes them inherently com-
putational in nature and opens up opportunities for
developing modeling approaches and evaluation
methods that can be integrated with mainstream
NLP.

Beyond its methodological significance, studying
metrical poetry with LLMs also carries important
cultural and pedagogical value. Introduction to the
basics of poetic meter happens in the high school
level in the standard educational system of many
Indian languages, including Telugu, which we use
as our test language. Therefore, exploring the rel-
evance of LLMs for metrical poetry also holds a
strong pedagogical potential in supporting student
learners as well as adult learners. It could also
revitalize interest in a classical literary form of the
language, assist with cross-linguistic studies of the
poetic form, and support other digital humanities
research.

With this motivation, we make the following con-
tributions in this paper:

1. We create a taxonomy of tasks around the
analysis and generation of metrical poetry and
connect them to standard NLP tasks, outlining
dataset and evaluation considerations for each
task (Section 3).

2. Taking Telugu as the example language, we
demonstrate how LLMs can be used for each
of these tasks. Our case study (Section 5)
serves as an illustrative probe to identify the
potential and limitations of using LLMs for met-
rical poetry related tasks.

To our knowledge, this is the first paper to propose
a unified taxonomy of tasks for metrical poetry in
NLP, exploring how and where LLMs can support
them, rather than focusing on one specific task.
Further, this is also the first paper that assesses
LLMs on Telugu metrical poetry.

2. Related Work

Most work related to the poetic form in NLP
research has focused on poem generation
(Ghazvininejad et al., 2016; Gongalo Oliveira, 2017;
Lau et al., 2018; Van de Cruys, 2020; Ormazabal
et al., 2022) including recent research involving
LLMs (Belouadi and Eger, 2023; Yu et al., 2024;
Qu et al., 2025; Koziev and Fenogenova, 2025). In
terms of the studied languages, while several world
languages such as English (Chakrabarty et al.,
2022; Walsh et al., 2024), Chinese (Pan et al.,
2023; Ma et al., 2023), and Arabic (ElOraby et al.,
2022; Alghallabi et al., 2025) are more widely stud-
ied, there is a smaller amount of research on lan-
guages such as Portuguese (Valenga and Cale-
gario, 2025) and Russian (Koziev and Fenogenova,

2025). Among the Indian languages, previous work
focused only on Sanskrit meter (e.g., Jagadeeshan
et al., 2026).

Tasks such as poetry analysis (Kao and Juraf-
sky, 2012; Kesarwani et al., 2017; Gopidi and Alam,
2019; Kurzynski et al., 2024; Sandhan et al., 2025;
Jadhav et al., 2025) and translation into a given
style/language (Genzel et al., 2010; Ghazvininejad
et al., 2018; Chakrabarty et al., 2021; Wang et al.,
2024) were also explored in the past, and there is
a small amount of research on scansion and metri-
cal analysis (Agirrezabal et al., 2017; Valenga and
Calegario, 2025; Agirrezabal et al., 2016). There
is also some interest in exploring the pedagogical
relevance of NLP based tools for poetry genera-
tion and analysis (Zhipeng et al., 2019; Rosa et al.,
2025), and in the development of tools to scansion
a poem i.e., identify the metrical patterns in a poem
through rules (Terdalkar and Bhattacharya, 2023).
To our knowledge, individual tasks are considered
in isolation so far, disconnected from each other,
due to a lack of a common taxonomy. Among the
Indian languages, only Sanskrit has been studied
to some extent across these tasks in the past NLP
research (Sandhan et al., 2025; Jadhav et al., 2025;
Terdalkar and Bhattacharya, 2023). Despite consis-
tent academic interest in this topic within the NLP
community, there has been no categorization of
its specific sub-tasks. This paper addresses the
issue of building a common taxonomy across re-
lated tasks for metrical poetry and introduces a new
language, Telugu, into this line of research.

3. Metrical Poetry and NLP Tasks

Meter in poetry can be described as a controlled
linguistic system that provides a rhythmic structure
to the poems. Meters are typically characterized by
rules governing the syllabic and/or sound patterns
of the words in a poem, which control the eventual
makeup of the poem. We will use syllable based
meters as our use case for the rest of this paper.
Although many languages of the world have estab-
lished metrical traditions specific to that language,
the typical process of creating a metrically com-
pliant poem across languages consists of similar
steps such as: choosing a metrical form, compos-
ing lines that fit the meter, abiding by its rhyme and
pattern restrictions, and achieving some form of
balance between form and meaning. Thus, it may
be possible to construct a generalized taxonomy
of tasks that can support comparisons across lan-
guages considering the common process as the
starting point.

With that motivation, we identify a task taxonomy
related to understanding and producing metrical
poems (Figure 1) and relate these tasks to the stan-
dard tasks studied in NLP research (see Figure 2),



as that would enable us to define standard metrics
for training and evaluation. We identify four broad
categories of tasks: Analysis, Retrieval, Generation
and Support, and describe them further, looking
into potential means of dataset construction and
evaluation. Since all of them require deeper under-
standing and reasoning about the linguistic struc-
ture, we do not include reasoning as a distinct task.
We take the Telugu meter as a basis for this cate-
gorization, but we believe the taxonomy would be
adaptable and extendable to other languages.

3.1.

Analysis tasks concentrate on taking an existing
poem and studying its characteristics. We classify
analysis into three sub-groups: structural analysis,
morphological analysis and other analysis, which
are explained below.

Analysis

Poem Meter
Detection

Error Detection

Classification and Correction

L.
& I
RS0y, ‘Q/“
e%a Q//e@ S
oS S
¢

Poem Text Generation Summarization Poem
Generation &J NLP Tasks ‘.Summanzmmn

Transfer .

Poem Retrieval
Tasks

Syllabification

Poem Style
Transfer

Figure 2: Mapping between MeETRICALARGS sub-
tasks and established NLP tasks. Each poetry-
specific task (outer nodes) aligns with a well-known
NLP task (center), illustrating how MeTRICALARGS
builds on existing NLP paradigms while extending
them to metrical poetry.

Structural Analysis: This refers to the poem’s
adherence to a specific metrical form, and can be
split into two broad tasks:

1. Syllabification and Syllable Classification:
Given a line from a poem, or the full poem,
the task is to identify the correct syllable pat-
tern (or other phonetic length patterns in non-
syllabic meters) in the word sequence, and
group them together into the appropriate syl-
lable sequences. For example, in Indian lan-
guages such as Sanskrit and Telugu, syllable
groups are typically 1—4 syllables long, char-
acterized by combinations of heavy (guru) and
light (laghu) syllables, and this task would fo-
cus on arranging the given input into such iden-
tifiable groups.

2. Mapping a syllable pattern to a meter: Scan-
sion is the process of identifying the metrical
structure of a verse, which involves multiple
sub-tasks such as counting the syllables, de-
termining rhyme and other pattern based rules,
and verifying them with the rules of the avail-
able meters to assign the given pattern to a
meter.

The first task can be compared to a standard
sequence labeling task such as part-of-speech tag-
ging or named entity recognition in NLP, and the
evaluation measures inherited from sequence label-
ing research can be adapted to this task. Metrical
verse identification is a classification problem, as
the number of known metrical patterns in a lan-
guage is typically a fixed number'. Thus, both
the tasks can be measured in terms of accuracy
of some form i.e., the number of correctly identi-
fied patterns/meters. In terms of data collection,
while there are no available datasets of this nature,
many classical poems in Telugu and other Indian
languages such as Sanskrit are published with an
indicator that identifies their meter. Third party rule-
based metrical analysis software already exist for
some Indian languages such as Telugu?, Sanskrit®,
which can be used to build a large scale dataset
to support a larger evaluation or fine-tuning of the
structural analysis abilities of LLMs, or for building
verification tools for LLM generated analyses.

Morphological Analysis: This refers to tasks re-
lated to glossing of a given poem, which typically
involves breaking up the individual words, adding
their meanings in a more colloquial language, and
tagging the relevant morphological information. In
languages with word compounding (many Indian
languages, for example), it is a non-trivial process
to achieve the appropriate split, and since words
can have multiple senses and meanings in context,
the task of mapping a word to its right meaning
also would involve some form of reasoning. There
may also be additional information provided in such
glosses, such as person/number/tense information
etc. While there are no existing NLP datasets for
this task, there are several publicly accessible texts
for some languages (e.g., Telugu and Sanskrit) with
gloss and plain text summaries for classical metri-
cal poems, which can be utilized to build datasets
for this task. There is an already existing body of
work on glossing in NLP (Ginn et al., 2023), and
evaluation measures from that research can be
easily adapted to this task.

"For Telugu, a listing of 379 meters is at: https:
//chandamu.github.io/ChaMdOraajaM.html

2https://chandamu.github.io/

Shttps://sanskrit.iitk.ac.in/
jnanasangraha/chanda/



Other Analysis: In digital humanities, as well as
in NLP, it is not uncommon to see research study-
ing sentiment, lexical/syntactic/stylistic patterns, au-
thorship attribution and so on, both for prose and
verse. Hence, it is natural to study these tasks even
with metrical poetry, to understand the capabilities
of LLMs in this area. However, while evaluation may
be straightforward as such analysis may easily fit
into a standard text classification task framework,
compilation of relevant datasets for each of these
tasks would require substantial human expertise.
The role of LLMs in supporting humans in build-
ing high quality datasets for this kind of problems
should also be explored in this context.

3.2. Retrieval

We refer to tasks related to identifying the right
(existing) poems based on user queries as retrieval,
which are listed below:

1. Retrieving the poem given its starting words
or the first verse or words that appear in the
middle or at the end

2. Retrieving the poem from its plain text de-
scription, including cross-lingual scenarios (Ja-
gadeeshan et al., 2026).

3. Retrieving the poem(s) that matches in mean-
ing, meter etc.

All of these tasks are similar to search and in-
formation retrieval tasks. Considering the large
body of classical poetry based literature already
available online, collecting datasets at least for
the first two of these retrieval tasks should be rel-
atively straightforward. Existing compilations of
poem-summary pairs for some languages such
as Telugu,* can be utilized as a starting point for
creating a larger scale dataset, potentially with syn-
thetically generated paraphrased versions of sum-
maries, which can be useful for evaluation and fine-
tuning purposes. In terms of evaluation, the stan-
dard retrieval based evaluation measures such as
precision/recall/F-score can be used.

3.3. Generation

Generation tasks involve some form of textual gen-
eration based on a given description. We identify
three generation tasks, described below:

1. Poem summarization: Poem to prose trans-
lation of a metrical poem, typically written in
the classical literary form of the language into
plain text. This can be viewed as similar to text
summarization which is well-studied in NLP.

*https://huggingface.co/datasets/
SuryaKrishna02/aya-telugu-poems

2. Poem generation: generating a novel poem
given a textual description and a specified me-
ter. Poem generation under such linguistic
constraints was explored in the past in NLP
research.

3. Poem style transfer: This is a challenging
variation to generating a novel poem, where
the inputis a poem in one meter, and the output
is the same content adapted to another meter.
This task aligns with other existing research
on style transfer in NLP, but in the context of
poetry. This kind of metre style transfer is ob-
served in the writings of classical and modern
Telugu poets, and hence, can be seen as an
advanced text generation task.

For poem to prose summarization, it is easier to
create larger scale datasets by tapping into avail-
able resources, but for the remaining generative
use cases which explore novel and creative content
generation, one option is to look at synthetic data
generated from LLMs followed by human evalua-
tion. The effectiveness of generation can be evalu-
ated through standard text generation metrics and
metrical adherence can be checked through rule
based checkers. But, human ratings are a must for
other factors such fluency, coherence, adherence
to the theme and style, creativity and aesthetics.

3.4. Support

Support tasks explore the role of LLMs in offer-
ing support to poets and students learning to write
metrical poetry. We identify three main tasks as a
starting point.

1. Error detection and correction: This refers
to the process of identifying metrical, lexical or
grammatical errors in the user written poem
and offering corrections. This is most similar
to the grammatical error detection/correction
tasks and word-level translation quality esti-
mation tasks, that have a long history in NLP
research.

2. Vocabulary suggestion: This task, as the
name indicates, offers vocabulary suggestions,
but aligning with the metrical constraints of
the context. There is perhaps no equivalent
existing NLP task as these suggestions need
both semantic and metrical compliance.

3. Descriptive Feedback: This refers to giving
explanation to the user on the text they created
and offering suggestions for rewriting. The
more recently introduced Grammatical Error
Explanation task (Song et al., 2024) is poten-
tially the closest existing NLP task.

All the three support tasks, while being specific to
metrical poetry generation, also share some com-



Paper Lang Task  MEeTRICALARGS
Kao and Jurafsky (2012) en PA Analysis
Walsh et al. (2024)* en PF Analysis
Valenga and Calegario (2025)* pt PS Analysis
Pan et al. (2023) zh PA Analysis
Kurzynski et al. (2024) zh PP Analysis
Jagadeeshan et al. (2026) sa PG Generation
Ghazvininejad et al. (2016) en PG Generation
Belouadi and Eger (2023)* en PG Generation
ElOraby et al. (2022) ar PG Generation
Koziev and Fenogenova (2025)* ru PG Generation
Genzel et al. (2010) en ST Generation
Wang et al. (2024)* en ST Generation

Table 1: Mapping existing metrical poetry works
with the proposed MeTRICALARGS tasks. Lang:
Languages supported; PA: Poetry Analysis; PF:
Poetic Form; PS: Poetic Scansion; PP: Poem Parl-
lelism; PG: Poem Generation; ST: Style Transfer; *
- Indicates the works used LLMs.

monalities with other relevant research on educa-
tional applications of NLP, and data creation and
evaluation approaches for the related topics can be
adapted for these use cases as well. However, it is
important to note that they are inherently more chal-
lenging tasks than the other ARGS tasks discussed
in this paper so far.

From this discussion, it is clear that most of the
MEeTRICALARGS tasks can benefit from existing
NLP research in related tasks, while introducing
challenging new variations. Overall, the MeTRI-
cALARGS taxonomy demonstrates that there are
a wide range of complex tasks related to metrical
poetry generation, where LLMs may be relevant
and can be further studied. While the taxonomy
is created with Telugu meter as its basis (owing to
the authors’ familiarity with it), these tasks are not
specific to Telugu and can be studied for other In-
dian languages as the poetic traditions share some
commonalities. We expect this task taxonomy to be
improved as needed as NLP researchers adapt the
taxonomy to poetic traditions in other languages
and language families in future.

Figure 2 summarizes the different MEeTRI-
cALARGS tasks and their relation to other standard
NLP tasks. Table 1 shows how some of the exist-
ing research maps into this taxonomy. Most of the
past work appears to have focused on Analysis and
Generation tasks, often addressing only a subset
of sub-tasks within each category, while Retrieval
and Support remain largely unexplored.

4. Applying MeTRICALARGS for
Telugu

We demonstrate the use of METRICALARGS taking
Telugu as the test language in this section. Telugu
is recognized as one of the classical languages of
India (Press Information Bureau, 2024) and has
a centuries old literary tradition. Earliest known
description of Telugu poetic meters and rules of
prosody are from a 6th or 7th century text (Ra-

makrishna et al., 1983, pp.164—165). Telugu poetic
meter, while sharing a lot of patterns with Sanskrit
poetic tradition has several other native metrical
patterns as well. Considering the agglutinative na-
ture of the language, tasks such as breaking up
of the syllable sequences into individual words for
glossing and summarizing the meaning too offer
a range of language processing and reasoning re-
lated challenges, along with other tasks around
metrical poetry analysis and generation.

To illustrate the use of METRICALARGS taxonomy
for Telugu metrical poetry, we curated a dataset of
approximately 20 samples for each task (169 sam-
ples in total). The intention of using such a small
dataset is not to establish a benchmark, but to show-
case how current models handle the ARGS tasks
and illustrate how to build benchmark datasets us-
ing this taxonomy across languages in future. Al-
though modest in size, the dataset covers repre-
sentative examples of each task. These samples
were collected from the official Grade 7—10 Telugu
textbooks published by the Andhra Pradesh state
government in India. The dataset was prepared
and annotated by two native Telugu speakers. Col-
lection of a larger scale dataset covering all the
described tasks in the taxonomy is a larger effort
beyond the scope of this paper and we hope this
pilot study will lead into such benchmarking efforts
in future across many languages including Telugu.

Evaluation We considered two proprietary LLMs
for output generation: GPT-5 and Gemini-2.5-Pro.
For the analysis tasks (syllabification, syllable clas-
sification, morphological segmentation, and meter
validation) as well as one generation sub-task (sum-
marization), gold references were available. For
the remaining categories, such as retrieval, poem
generation, and style transfer, multiple valid out-
puts are possible. In both the cases, we adopted
an LLM-as-a-judge approach for evaluation and
used Gemini-2.5-Pro as the judge model, supply-
ing it with a gold output for comparison where it is
available. The percentage of responses the judge
model scores as correct is considered as the mea-
sure of performance (with a scale of 0-1, the more
the better). All experiments were conducted using
the Inspect evaluation framework® in a zero-shot
setting, using Telugu prompts, with temperature set
to zero. For the subset of cases where there is no
single gold standard output, we also conducted a
human evaluation in which authors, who are native
Telugu speakers reviewed a sample of outputs to
verify both the correctness of model predictions and
the validity of the LLM-based evaluations ©.

Shttps://inspect.aisi.org.uk/

5The dataset and the human evaluation data are
both accessible at: https://huggingface.co/
datasets/TeluguLLMResearch/MetricalARGS



Accuracy

Accuracy

Category SubCategory #Q GPT Gemini Category SubCategory #Q GPT Gemini
SC 20 0.60 0.20 Retrieval MM 2 0.50 0.00
Analysis MA 20 0.20 0.65 PFS 7 0.71 0.29
MD 20 0.40 0.50 Generation RPFW 8 1.00 0.75
FV 6 0.00 0.00 PFP 5 0.40 0.20
Retrieval MRV 6 0.00 0.00 ST 20 0.00 0.00
LV 6 0.00 0.00 s i EDC 10 0.10 0.00
Generation PS 20 070 0.85 uppor VS 19 047 026

Table 2: Accuracy across different METRICALARGS
tasks with gold-output, using LLM-as-a-Judge. SC:
Syllabification and Syllable Classification, MA: Mor-
phological Analysis, MD: Meter Detection, FV: Re-
trieval from First Verse, MRV: Retrieval from Mid-
dle/Random Verse, LV: Retrieval from Last Verse,
PS: Poem Summarization. #Q indicates the num-
ber of questions per task. GPT: GPT-5, Gemini:
Gemini-2.5-Pro.

5. Results

We separated the evaluation into two groups de-
pending on whether a gold standard answer was
available or not in the dataset. Table 2 presents
the results for the tasks where gold references are
available. Both the models performed well for the
poem summarization task. While the GPT-5 model
did better with syllabification, Gemini model did bet-
ter with morphological analysis. Meter detection
was more challenging for both models. The mod-
els often misclassified syllable length, leading to
downstream errors in meter identification. Metrical
rules, such as identifying short and long syllables,
are strict and rule-based. LLMs, as next-token pre-
dictors, potentially miss fine-grained distinctions
that require precise symbolic reasoning, resulting
in such errors.

In morphological analysis, both the models gener-
ally captured meanings with multiple words instead
of single-word glosses, resulting in mismatches
with gold annotations, indicating the need for bet-
ter evaluation measures for that task. Surprisingly,
retrieval proved to be a challenging task. Neither
model was able to successfully retrieve the com-
plete poem given only the first, last, or a random
line as input, resulting in an accuracy of 0 for this
task. GPT-5 avoided retrieval altogether by pro-
ducing follow-up questions (see Figure 3), while
Gemini generated paraphrased versions of the po-
ems instead of the actual poems. This could be due
to potential coverage issues in the training data, or
the models trying to avoid verbatim reproduction of
text.

Table 3 reports the results for the tasks where
the LLM judge evaluated the generated outputs
without a gold answer. GPT-5 appears to be better
than Gemini for these tasks, despite the judge be-
ing Gemini. Both models achieve near-zero scores

Table 3: Accuracy for tasks without gold outputs,
evaluated using an LLM-as-a-judge. MM: Retrieval
using meaning, PFS: Poem from Summary, RPFW:
Riddle Poem from Word, PFP: Poem from a Prob-
lem (Samasya in Avadhanam), ST: Style Transfer,
EDC: Error Detection and Correction, VS: Vocabu-
lary Suggestion. #Q indicates the number of ques-
tions per task. GPT: GPT-5, Gemini: Gemini-2.5-
Pro.

for style transfer and error detection and correc-
tion. For the generation task in which the mod-
els were asked to compose a riddle-style poem,
GPT-5 achieved a score of 1.00, while Gemini-2.5-
Pro achieved 0.75. In the task of generating a
poem from a summary, GPT-5 obtained a score
of 0.71 compared to 0.29 for Gemini-2.5-Pro. For
style transfer, both models received a score of 0.00.
Overall, GPT-5 outputs received higher scores than
Gemini-2.5-Pro outputs, even though Gemini-2.5-
Pro was used as the judge in both cases. These
results suggest that the models are able to produce
acceptable outputs for some creative generation
tasks, while style transfer remained unsuccessful
for both.

Overall, these results provide preliminary insight
into the capabilities of LLMs in different METRI-
cALARGS tasks for Telugu, highlighting areas of
relative strengths (semantic-level tasks) and weak-
nesses (retrieval and structural-based tasks). Note
that this evaluation covered all the tasks listed in
the taxonomy, with two exceptions: "Other Analy-
sis" subset of tasks require expert data curation,
and "Descriptive Feedback" is assessed through
its components (error correction and vocabulary
suggestion). Hence, they are excluded from this
case study.

5.1. Qualitative Analysis

To better understand the results, we examine two
representative tasks focusing on retrieval and gen-
eration respectively. Figure 3 illustrates a retrieval
question task where the query provides a first verse
and the model is asked to retrieve the complete
poem, while the gold standard answer has the ex-
pected poem. GPT-5 responded with a follow-up
question rather than attempting a retrieval; this be-
havior was consistent across all samples in this



Query
& S0& :36553‘650 D TohD 3S3E t.’JcSlgoeSG:O DG Jcso. &
DI &) GO LT Byl D TodT sy
GDOIPAOBDER. : DSOS HIDSEHL

EN: The followin% verse is the first stanza of the famous sataka poem.
Recite this verse as it is. Do not use your own words.

Gold Truth
&05°08 AHTEEAD
DB TP DAL DdBoHMP
€95°08 QHSCEHAD
DDIVD) & DATE D630 K0!

Gemini-2.5-Pro Output
&D5°08 ADSEEHD
DHBBE0TC Fo3w D
Dezegorc GO
290BP08 QDTG DD YO
DOBVTE DBB K0!

GPT-5 Output
Q 38507 (R0 /
D0 [ e93(167)

EN: Which Sataka? (Sumati /
Vemana / Appagadda?)

Figure 3: Example from the Retrieval QA task. GPT-
5 responded with a clarification question instead of
retrieval, while Gemini-2.5-Pro produced text with
partial overlap, but did not match the gold refer-
ence.

task. Gemini-2.5-Pro produced outputs with some
lexical overlap with the gold poem but did not match
the target verse, and therefore did not satisfy the
exact-retrieval criterion.

Our analysis revealed consistent pattern in how
the Gemini-2.5-Pro model used the input verse.
When given the first or last verse of the poem, the
model retained the input at the appropriate posi-
tion and attempted to generate surrounding verses.
However, the same behavior extended even to the
random (middle) verse case, where the input frag-
ment was incorrectly treated as the opening line,
and the model generated a continuation around it.
This suggests that rather than recalling the original
poem, the model interprets the task as one of con-
ditional generation. This task probes the model’s
ability to match patterns and recall memorized se-
quences. Given that LLMs generate text through
next-token prediction, one might expect them to re-
produce a familiar verse when prompted with part
of it. However, in our experiments, neither model
succeeded, indicating unreliable recall of longer
structured texts. Possible reasons include safety
guardrails that prevent verbatim reproduction or a
limited Telugu training coverage, warranting further
tests in other languages.

Figure 4 presents the model outputs and the
LLM-judge’s reasoning criteria for a poem genera-
tion question. In this example, the model is asked
to generate a poem in the form of a riddle for a given
word. To succeed, the model must first understand
the meaning of the word and identify its charac-
teristic features, and then compose a poem that
conveys those features indirectly, without explic-
itly naming the word. This combination of seman-

Query
DT S0 FERDEGEOR W Tosarsye’ B0l
Bedrod (280D 28 TERDEE DEJET0ES” B0k

EN: Tell poetic riddles in your own sentences. Tell a riddle about
Rokalibanda (wooden pestle) in verse form.

GPT-5 Output
6%30‘*03) DD, (6 Sore

Gemini-2.5-Pro Output
DI - DT, VD) DT

Sy, - B00GROT®

0ogd SEY Hoads 89 - 0, R0’ 0IS* &
29, B6od

Q0D &1y DL 20Ed) F0063 0D BaHIDIED
DD

S F8 S8 Dockd 28

DH?

LLM Judge Output
The lines have a rhythmic
quality and a clear
rhyming scheme; a
creative and original
composition; This fits the
poetic riddle.

Grade: Correct

LLM Judge Output
It lacks a consistent
rhythm, meter, or a
coherent poetic structure
and the nonsensical line
39 - 09; The last two lines
are purely prosaic.
Grade: Incorrect

Figure 4: Example from the Riddle-style Poem Gen-
eration task. The query asks the model to compose
ariddle in verse form about Rokalibanda (a wooden
pestle).

tic understanding, abstraction, and structured po-
etic composition makes the task challenging (even
for humans). While the LLM-as-a-judge marked
the GPT-5 output as correct, human inspection re-
vealed a mismatch: the verse was rhythmically
consistent but contained lexical errors and ungram-
matical phrasing in Telugu. This highlights both the
complexity of the task and a discrepancy between
LLM-based and human judgments of fine-grained
linguistic accuracy. Taken together, these examples
illustrate that while the LLMs can produce outputs
that appear fluent or partially aligned with expec-
tations, they often fail to meet stricter criteria such
as exact retrieval or grammatical accuracy, under-
scoring the need for human verification in addition
to LLM-based evaluation.

In the Retrieval-Matching Meaning task, lower
human scores for GPT-5 stem from its failure to re-
trieve an existing, popular poem with similar mean-
ing. The model reproduced the input poem verba-
tim with only the closing verse (last line) changed
(see Figure 5), making it a hallucination. The LLM
judge, however, marked this as correct, increasing
the score relative to human assessments.

In the Generation—Poem from Summarization
task, differences between judge and human scores
arise from contrasting emphasis on meaning ver-
sus form. GPT-5 outputs generally preserve se-
mantic content but often lack poetic coherence or
structure, resembling prose or using contextually
misplaced words (see Figure 6). The judge, focus-
ing on semantic similarity, overlooks these stylistic
deficiencies and assigns higher scores.



Q: & S0 PGPS DO’ DR
33E0S5°D DERg) Byod.
ToBTS7§en GDTNOBIE.

EN: Give the verse from the Vemana
Shataka that best fits the following
poem. Do not use your own sentences.
ot DYT°E .‘()%ae)o&).)ﬁmoci)

GPT-5 Output:

AT DYBABDHEIK

Qocl DPT°L FyL0eIR00cD

DDHONAHA DY, Deadrd 2620

DG DYBABDEIR
DB DS, DD B0t
SAIPTEAIPE) SDEDLATCE)

DO DS S

Human Assessment:

The model reproduced the first three
verses verbatim and modified only the
final verse to fit the input query
(Vemana Satakam).

However no such poem exists in
Vemana satakam.

Figure 5: Example of GPT-5 output for the Retrieval-Matching Meaning task, showing the model’s verbatim

reproduction of input verses with minor modification.

Q: & Sob DAGTTIS 20D DEeEd)
BONOG.

EN: Tell me a poem that fits the
following theme.

0GR TPAGSIVE0E (TBE3C ess)aren
oen. werd P b Favo DASE
Do 200D,

EN: A spoonful of cow's milk is better
than a pot of donkey's milk. Similarly, a
meal served with love, even a small
meal, is much better.

GPT-5 Output:

E0GE TPEB 0 E0€3 (O 3D B,
§octodh Hotogdne o3 ol QEeyGo =0e0;
$0EJ0c; DHOE HEoDD AOBED V) SV
290B(T° e90yBIEI, D) BEDY Joew.

Human Assessment:

Qdgeydo: There is no such word in
Telugu

Aodcd ) oo A grain of rice - The
word Ao&¢ld (grain) is used to refer raw
rice but not cooked rice (&) Sw)

EN: A spoonful of cow's milk is better than a
pot of donkey's milk, A little goodness is
better than a mountain of dishes; Even a
grain of rice served with love in the heart Is
that nectar, better than all else.

o@: There is no such word in Telugu
BOBAT® BB CBD, ) BED) Do
Even if we take the closest matching
words, this information is not provided
in the input summary.

Figure 6: Example of GPT-5 output for the Generation—Poem from Summarization task, showing semantic
alignment but lexical and contextual inaccuracies in Telugu usage.

A similar pattern appears in the Genera-
tion—Poem (riddle) task, where GPT-5 responses
frequently lack logical or poetic structure (see Fig-
ure 7) but are still rated correct by the judge. This
behavior likely results from the judge evaluating
outputs primarily through translation and meaning
comparison rather than structural or creative align-
ment. Consequently, outputs that align in surface
meaning but fail in form are treated as correct, while
human evaluators apply stricter criteria. In style
transfer tasks, model outputs often achieve partial
alignment with the target style, sometimes exceed-
ing 70% similarity (see Figure 8).

Overall, these findings suggest that the LLM-as-
a-judge primarily emphasizes semantic similarity
while neglecting stylistic, structural, and contextual
aspects that human evaluators recognize. This
tendency results in higher scores for outputs that
align in meaning but lack linguistic or creative qual-
ity, highlighting the need for evaluation frameworks
that account for contextual and stylistic depth.

5.2. Human Evaluation of Model Outputs
and Judge Scores

This observation lead us to conduct a human eval-
uation of LLMs as both generators and judges for
these tasks. The authors, both native Telugu speak-
ers, independently evaluated the outputs of both
models for the tasks without gold output (i.e., the
Tasks in Table 3, which cover about half of the

Category  Sub-Category  JS Al A2
GPT-5

Retrieval MM 0.50 0.00 0.0
PFS 0.71 0.29 043
Generation RPFW 1.00 0.00 0.00
PFP 040 0.20 0.20
ST 0.00 0.00 0.00
Support EDC 0.10 0.00 0.00
VS 047 026 0.26

Gemini-2.5-Pro

Retrieval MM 0.00 0.00 0.0
PFS 0.29 0.14 0.14
Generation RPFW 0.75 0.63 0.50
PFP 0.20 0.20 0.20
ST 0.00 0.00 0.00
Support EDC 0.00 0.00 0.00
VS 0.26 0.11 0.16

Table 4: A Comparison of Human and LLM judge
evaluations. MM: Retrieval using meaning, PFS:
Poem from Summary, RPFW: Riddle Poem from
Word, PFP: Poem from a Problem (Samasya in
Avadhanam), ST: Style Transfer, EDC: Error Detec-
tion and Correction, VS: Vocabulary Suggestion.

dataset) and marked whether each output was cor-
rect. These computed scores are then compared
with the scores assigned by the LLM-judge in order
to assess both the correctness of the model outputs
and the reliability of the LLM-as-a-judge framework.
Table 4 shows a summary of this comparison.
Overall, the LLM-as-a-judge (JS) reports higher
scores than human annotators (A1 and A2) across



Q: HEr§E EDOR TEDEGEVD D
Fossaorsye” Boyol.

EN: Tell poetic riddles in your own
words..

8, H00D 28 TS :oasw:soe?
DONOG.

EN: Tell a riddle about a dog in poem.

GPT-5 Output:

TP T°E) TrdEI Jodo,
208 &I S°EB008 SED Dodo;
B00AE) PG Soff B2 08,
DRI DB SFeorvo 8 —
& Qo OTTPED 0t e 33367

EN: Smell is the guidebook at the door,

The path that reads the whole world with just
your nose;

The one who guards the front door and
stops the thief, The one who locks his tail
when the owner laughs — Who am |, the
golden guardian of this house?

Human Assessment:

The generated poem lack coherence
and contain incorrect sentence
structures in Telugu.

apheird 2B Ssorvo <6 (The one
who locks his tail when the owner

laughs) -

This doesn’t make any sense.

Figure 7: Example of GPT-5 output for the Generation—Poem (Riddle) task, illustrating incoherent verse
construction and incorrect sentence structures in Telugu.

Q: & $oB Do BoDEITO BN’ €08 &
DAY D0 Ddorr Boboc’., §’e3 Do ST
SoNEATL VLTS Gored.

EN: The following poem is in Champakamala
rhyme. Rephrase this poem in a different way.
The new poem should also have the
characteristics of Champakamala

Gemini-2.5-Pro Output:

DORDB000 (38, B0 GA0D¢ e 2D 0T T
VRO DAE, JoBaH TPHW, EBakKY Sotrd
Y 20 HEB030 HoBAD; DD T3S

Output from a Chandassu tool
(https://chandamu.github.io/chandam.html)

[sonsare (365) :77%(36/47))]

09 :)25&‘,.6

z:

i
nms wa:m é(nﬂm a.\m .-,ndoé.) mam

BRDH0 WBTEVLD VoG BB DG TAS';
D0, HO 3@00 [Af=1o8) DBOBES )Y DT OREWOCD (f
wS ol Dodaaw; £ PDTSIGEY, S ab
asfoé:) DL 57T 2165 DSV @0 BSBoDIBND

m‘%é RPRO0DD Earerdd, Z)Jébébvv‘

5»2}1) m:rﬁé.)

o e»ay:s
m )
U Y U\ U u
206 85w daves T nczvo HwE S

|
@D DI
|

jcepce

X

Figure 8: Example of Gemini-2.5-Pro output for the Generation—Style Transfer task, showing partial
adherence to the target Champakamala rhyme scheme with approximately 77% metrical accuracy as

verified using the Chandam tool.

most sub-categories (see Table 4), especially for
GPT-5. In the Retrieval-MM task, for example,
GPT-5 reproduced the input poem from Vemana
Satakam with only the closing line altered, rather
than retrieving a semantically similar poem (see
Figures 5). The judge incorrectly labeled this as
correct, while both the human evaluators marked it
as incorrect. In the Generation—Poem from Sum-
marization and Poem (riddle) tasks, GPT-5 outputs
often preserved meaning but lacked poetic struc-
ture, coherence, or riddle form (see Figure 6 and 7).
The judge, focusing mainly on semantic similarity,
labeled it as correct, unlike the human annotators.

In style transfer tasks, outputs achieved par-
tial alignment (upto 70% similarity for some ques-
tions) with the target style (see Figure 8), and
occasional deviations, such as GPT-5 producing
Sanskrit or Gemini-2.5-Pro generating multiple re-
sponses, showing inconsistencies in task adher-
ence. The judge also penalized a correct output
for not reproducing a well-known poem, despite
the prompt not specifying such a requirement. It is
important to note that there is a high level of agree-
ment between human judges in terms of scoring
the model outputs (Cohen’s Kappa in the range
of 0.93 for both models), but less agreement with
the LLM judges. Specifically, the agreement be-

tween humans and LLM Judge was much lesser for
GPT (0.29-0.33) compared to Gemini (0.74 in both
cases). We notice that LLM-as-a-judge relies heav-
ily on meaning-based evaluation, underestimating
stylistic, structural, and contextual alignment, high-
lighting the need for richer, context-aware evalua-
tion frameworks for this kind of tasks. More experi-
ments with judge prompts, and potentially few-shot
judge prompts and fine-tuned judge models may be
needed for a reliable automated evaluation, which
can in turn support large scale dataset creation
and evaluation for all the MeTRICALARGS tasks in
Telugu as well as other languages.

6. Road Ahead

In this paper, we created a taxonomy of tasks MEeT-
RICALARGS for metrical poetry analysis with LLMs,
and demonstrated how this can be applied to one
language, Telugu, by exploring the capabilities of
today’s LLMs across these tasks. The case study
demonstrates both the potential and challenges
with using LLMs as generators and judges for these
tasks. Task-specific in-context learning and fine-
tuning may hold the potential for improvements,
though. Creation of high quality evaluation datasets
and exploring mechanisms to create larger scale



fine-tuning datasets across different tasks is an
obvious next step to pursue in this direction. Build-
ing a larger dataset covering all tasks to support
a more comprehensive evaluation is an obvious
next step in this direction. Evaluating (and extend-
ing) the taxonomy for other Indian languages, and
potentially other world languages with similar po-
etic traditions should be considered in future ex-
tensions of this line of research. Consider the on-
going interest in Sanskrit poetry in the NLP com-
munity (Jagadeeshan et al., 2026; Terdalkar and
Bhattacharya, 2023; Sandhan et al., 2025), estab-
lishing a METRICALARGS benchmark for Sanskrit
would also be a worthwhile direction to pursue.

Overall, we propose that positioning metrical po-
etry as a testbed opens up new ways to assess and
enhance LLM understanding of form-constrained
language, while also supporting application areas
such as learning tool development and digital hu-
manities research. We hope that this paper serves
as a starting point for further research on explor-
ing the relation between LLMs and metrical poetry,
and investigating the role of LLMs in understand-
ing other structured linguistic systems like meter
across the world languages.

Limitations
We identify two important limitations to this work:

1. The proposed taxonomy used Telugu metrical
poetry tradition as the basis, and the coverage
of tasks may not be comprehensive enough
to cover the poetic traditions across many lan-
guages. Additionally, it is possible to imagine
tasks such as metrical poem translation be-
tween languages (e.g., translate a given poem
in Telugu meter T-A into Chinese meter C-X),
generating or retrieving a poem given an image
(e.g., generate a poem in Telugu meter T-A, or
retrieve a poem in Chinese meter C-X, based
on the input image), which this taxonomy does
not currently cover. This can be perceived as
a limitation, but we intend this paper to be a
starting point to raise further discussions on
the topic, and hence, we would expect to see
improvements and additions to this taxonomy
of tasks in near future.

Our empirical study was done based on zero-
shot prompting using a small dataset of 169
samples (which do cover most of the tasks in
the proposed taxonomy), and two state of the
art models, and hence, cannot be considered
a large scale, comprehensive evaluation of
the abilities of LLMs on METRICALARGS tasks.
However, we view this evaluation as an essen-
tial starting point to identify requirements for a
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larger study. For example, our human evalua-
tion would not have been feasible with a large
scale dataset, and it did help us identify the
short comings of using an LLM-as-a-judge ap-
proach for evaluation for some of the sub-tasks.
We hope to conduct a larger scale evaluation
in future, by using this smaller study as the
basis.

We view these not as limitations to the re-
search topic itself, and hope that this paper
laid the necessary foundation to address the
above limitations in future.
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Abstract

Discourse relations (DRs) specify the logical relations between text spans and are essential for modeling extended
discourse. Resources annotated with DRs can help train large language models (LLMs) to recognize and generate
these relations more naturally. However, there is currently no open-source DR-annotated resource for Tamil.
Annotation is particularly challenging because many Tamil discourse connectives are realized as morphologically
complex suffixes rather than standalone tokens, often involving phonological alternations. In this work, we present a
DR-annotated dataset for Tamil based on the PDTB framework. We adopt a semi-automatic pipeline: 1) projection of
automatic English discourse annotations onto Tamil in a parallel corpus; 2) lexical normalization using a morphological
analyzer; and 3) manual verification of each instance. The resulting resource contains approximately 7,200 explicit
DR annotations and a lexicon of 450 Tamil discourse connectives. The annotated data is available for download at
https://github.com/Enosh-P/Tamil-Semi-Automatic-Discourse—-Relation-Dataset/

Keywords: Tamil, discourse relations, discourse annotation, PDTB, language resources

1. Introduction and Lalitha Devi, 2022). However, none of Indian
language discourse resources are publicly acces-
Discourse refers to a coherent and structured set  sible.
of sentences, such as those found in conversations
and written or spoken texts, expressed in natural
language. For a discourse to be meaningful and co-
herent, its segments should be connected through
logical relations, such as cause-effect, elaboration,
contrast and exemplification. These connections
are referred to as coherence relations or discourse
relations (DRs; Hobbs, 1978). DRs provide the
structural backbone of discourse, allowing read-
ers to interpret the overall communicative goal by
connecting individual units of texts (Sanders and
Spooren, 2011). Incorporating knowledge of DRs
has been shown to enhance the reasoning capabil-  Example (1)
ities of large language models (LLMs), improving
their performance in tasks such as text generation
(Guan et al., 2021; Liu et al., 2026), summarization
(Xu et al., 2020; Liu and Demberg, 2024), sentiment
analysis (Choi et al., 2016) and question-answering
(Verberne et al., 2007; Sovrano et al., 2025).

The largest DR-annotated resources are in En-
glish, including the Penn Discourse Treebank
(PDTB; Prasad et al., 2008; Webber et al., 2019) DR sense: CONTINGENCY.CAUSAL.REASON
and the RST-Discourse Treebank (Carlson et al.,

2003). Beyond English, discourse resources have  Here, the DC “because” in English marks the DR
been developed for a growing number of languages ~ REASON between the clauses “he stayed home”
(Stede, 2004; da Cunha et al., 2011; Zhou and Xue, (called the Argument1) and ‘it rained” (called the
2012; Synkova et al., 2024). For Indian languages, = Argument2. On the other hand, in Tamil, instead
notable efforts include the Hindi Discourse Rela- of an isolated word, the relation is marked by
tion Bank (Oza et al., 2009), the Bangla RST Dis-  the suffix “aal”, which is part of the word “pei-
course Treebank (Das and Stede, 2018), and other  thathaaal”. Nonetheless, not all DCs in Tamil are
resources for Hindi, Malayalam, and Tamil created  suffixes. There are also single-token DCs, such
for corpus studies or model training (Rachakonda  as »}eoTmev (aana, but) and GHGLIM6L (athe-
and Sharma, 2011; Gopalan et al., 2017; Sheeja S  pol, similarly). While suffixal DCs also occur in the

In this work, we present a DR-annotated re-
source for Tamil, developed following the PDTB
framework. In this framework, DR annotations are
anchored to explicit discourse signals, known as
discourse connectives (DCs), which lexically sig-
nal the underlying relations. Applying this anno-
tation scheme to Tamil is particularly challenging
because, unlike many other languages where DCs
are typically isolated tokens, Tamil often realizes
DCs as morphological suffixes attached to other
content words, as shown in the example below.

Tamil: WL CLILISSHTL BjauedT il 1q6v
Bupbsmest

malzhai peithatha-aal avan veetil irunthaan

gloss: rain fall-psT-cAus 3sG.M house-Loc be-PsT-
3sa.m

English translation: Because it rained, he stayed
home.
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Turkish language and are included in the lexicon of
Turkish DCs (Zeyrek and Basiblyuk, 2019), they
are were not annotated in the Turkish Discourse
Bank (Zeyrek et al., 2010; Zeyrek and Kurfali, 2017).
To our knowledge, the current resource is the first
effort to annotate DCs that are not individual tokens.

To create a DR-annotated resource for Tamil, we
propose using annotation projection, in which au-
tomatic DR annotations are projected from English
to Tamil via a parallel corpus. DC candidates to-
gether with their arguments are first extracted from
the Tamil texts based on their alignment with the
English words. To identify connective suffixes, a
morphological analyzer is applied to the extracted
Tamil DC candidates. Finally, an extended series
of manual verification and normalization steps
is carried out to ensure the quality and consistency
of the annotations.

Our annotation pipeline results in a corpus of
7200 explicit DR annotation, from which we also
derive a lexicon of 450 Tamil DCs, including The
statistics of our corpus reveal that suffixal DCs are
as frequent and ambiguous as free-token DCs in
Tamil, showing that it is necessary to specifically
model both types of DCs. This highlights the signif-
icance of our resource for training and evaluating
models of Tamil discourse processing.

2. Related Work

2.1. Tamil Language

Tamil is a Dravidian language spoken by approxi-
mately 78 million people and is one of the oldest
living languages in the world today. Its script is
classified as an Abugida, a writing system that lies
between an alphabet and a syllabary (Sarveswaran,
2024), comprising a total of 247 distinct characters.
Tamil is an agglutinative language with a complex
morphological system in which grammatical and se-
mantic information is expressed through suffixation
on root nouns, verbs, adjectives and adverbs (Cald-
well, 1875; Sarveswaran, 2024). In particular, Tamil
DCs are often realized as verbal suffixes, though
they may also appear as nominal derivatives and
discourse particles.

Tamil is considered a low-resource language due
to the limited availability of annotated resources.
Most related to the current work, Rao et al. (2011)
introduce a manually annotated Tamil corpus of
8500 sentences (352 DRs; 13 unique DCs) focus-
ing exclusively on causaL relations. Using Con-
ditional Random Fields (CRFs) to trained on this
data, they reported that identifying causal marker
spans is particularly challenging, as the position of
the DCs varies due to Tamil’s relatively free word
order. Rachakonda and Sharma (2011) extend the
annotation to other DR types, resulting in a cor-
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pus of 511 sentences with 323 DRs (of which 269
are explicit) with 96 unique DCs. Finally, Gopalan
et al. (2017) conducted a corpus-based study of
cross-linguistic variations across Hindi, Tamil, and
Malayalam based on DR annotations of the three
languages, including 1341 explicit DRs in Tamil.

Unfortunately, the manual annotation efforts de-
scribed above are not publicly available. We pro-
pose a more scalable approach to high-quality DR
annotation for Tamil that combines automatic pre-
processing and manual verification. The resulting
data is released as an open resource.

2.2. PDTB framework for discourse
annotation

In this work, we decided to annotate DR in Tamil
based on the PDTB framework because we also
want to identify the explicit connectives that trigger
the annotated DR in order to construct a lexicon
of Tamil DCs. In this framework, each explicit DR
annotation specifies the DC, the spans of the two ar-
guments it connects, and a sense label, as seen in
Example (1). Arg2 (in jtalics) is the clause to which
the DC is syntactically attached, and corresponds
to the label name of the relation, i.e. “if rained” is
the REASON. The other argument is defined as Arg1
(in bold).

The sense labels in PDTB are arranged in a
three-level hierarchy (28 Level-3, 22 Level-2 labels,
and 4 Level-1 labels in PDTB3.0). Since DR is an
ambiguous phenomenon that even human often
disagree on (Sanders et al., 1992; Spooren and
Degand, 2010; Das et al., 2017; Zikanova et al.,
2025; Hewett and Stede, 2025), existing DR identi-
fication tasks typically models up to the granularity
of the Level-2 labels (Knaebel, 2021; Braud et al.,
2025). Following this, we the current resource is
also labelled with Level-2 labels.

2.3. Annotation projection

Since DR resources exist for several languages,
a number of previous studies have explored an-
notation projection from a resource-rich language,
typically English, to low-resource languages (Vers-
ley, 2010; Laali and Kosseim, 2017; Sluyter-Gathje
et al., 2020; Yung et al., 2023; Bourgonje and Lin,
2024). In particular, Bourgonje and Lin (2024) com-
bine machine translation with word alignment, al-
lowing English DR annotations, automatically pro-
duced by PDTB-trained parsers, to be projected to
a wide range of target languages.

In contrast, our work projects discourse annota-
tions onto human-translated Tamil text in a parallel
corpus, rather than relying on machine-translated
output. This choice is motivated by the poor perfor-
mance of current English—Tamil machine transla-



tion systems (BLEU score of 4.35; Ramesh et al.,
2020).

A key limitation of word-alignment—based annota-
tion projection is that alignments are typically avail-
able only at the word level, whereas Tamil DCs
often occur as suffixes. To address this, unlike
prior approaches that rely on projection for direct
annotation, we employ annotation projection only
as a bootstrapping step to identify potential DC can-
didates. To accurately identify and extract subword-
level DCs, each candidate is subsequently manu-
ally analyzed and verified with the help of a Tamil
morphological parser (Sarveswaran et al., 2018).
The complete processing pipeline is described in
Section 4.

3. Adapting PDTB scheme for Tamil

We aim to create a Tamil discourse resource fol-
lowing the PDTB framework. In this contribution,
we annotate the spans of the explicit DC tokens or
suffixes, together with their arguments and sense
labels.

In the PDTB, the DCs that are annotated include
conjunctions and discourse adverbials, which are
single or multiple tokens. In contrast, for Tamil,
we annotate free-standing conjunctions and also
suffixal connectives that are attached to verbs, nor-
malized verbs or nouns. Multi-word connectives
(as in Example 2), and multi-span connectives are
also annotated, but we found only a few cases in
our corpus.

Example (2)

Tamil: ©|6Uf&6IT H(Heauemns 6JDMIG Gl&mesor(h
S|LMBIFSIIGLITUl 26118615851 65TM6oTI,
DIHEOT PLPeULD  Fepd  GI&THSeTILILSemerT
SHLLSDE, 2 56 DTFSH6IT.

Avarkal taruvatai ettruk kondu atankippoy tkkuvikki a ar,
ata mulam camika Kkontalippukalai tatuppata ku
utavuki arkal.

gloss: they give-acc accept-cvB take-cvB submit-cvs
encourage-prs.3pL through that social unrest-pL.ACC
prevent-INF.DAT help-PRs-3PL

English translation: Encourage the passive accep-
tance of handouts, and thereby help prevent social
explosions.

DR sense: CONTINGENCY.CAUSAL

PDTB also annotates implicit DRs, but this step
requires a list of explicit discourse connectives, and
is usually performed by inserting a connective from
the list in between two adjacent sentences.

This is problematic in the case of Tamil, as a com-
prehensive lexicon of Tamil DCs is not yet available,
making the choice of DCs for implicit DR annotation
unclear. Second, the insertion of DCs is particu-
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larly challenging in Tamil and less intuitive than in
English due to its complex inflectional morphology.
Lastly, the available Tamil-English parallel corpora
do not consist of continuous texts, whereas im-
plicit DRs are usually annotated between adjacent
sentences. These practical constraints make the
current approach unsuitable for implicit DR annota-
tion, and we hence focus on only annotating explicit
relations.

As described in Section 2.2, arguments in the
PDTB framework are labeled Argument 1 and Ar-
gument 2 depending on the syntactic attachment
of the connective, while the DC span is annotated
separately. In our Tamil corpus, we represent ar-
gument and DC spans using the notation adopted
in the DISRPT shared task (Zeldes et al., 2021).
This representation is more flexible and facilitates
comparison across discourse frameworks, while
preserving all information encoded in the original
PDTB format.

Specifically, Argument 1 and Argument 2 are or-
dered according to their linear position in the text,
with Argument 1 preceding Argument 2. An addi-
tional tag, either 7<2 or 1>2, indicates whether the
connective is syntactically associated with Argu-
ment 1 or Argument 2. The DC span is included
within the argument span in its original position.
This notation is particularly suitable as the Tamil
suffixal DCs cannot be detached from their host
tokens without rendering the text ungrammatical.

4. Methodology

4.1. Data

We chose the Tamil Samanantar Dataset (Ramesh
et al., 2022) as the parallel corpus for annotation
projection. The corpus contains a total of 5 million
web-crawled sentence pairs taken from news, edu-
cation and science domains We make use of the
first 200, 000 sentence pairs of the corpus.

4.2. Annotation projection from English

Our workflow for annotating DRs on the Tamil text in
the parallel corpus consists of three steps. We first
apply the Discopy discourse parser (Knaebel, 2021)
to obtain discourse annotations on the English side
of the parallel corpus. Although the parser identifies
both explicit and implicit relations, we retain only
explicit relations. Sentence pairs that do not contain
an explicit DC on the English side are excluded’.
We also discard cross-sentence relations, as the
order of the sentences fed to the parser does not

Even though the corresponding Tamil sentence may
contain an explicit DC due to explicitation in translation.



correspond to their original discourse order?. After
this filtering, we obtain 37,819 sentence pairs.

We then apply AWESoME-align (Dou and Neu-
big, 2021) to the screened sentence pairs to com-
pute token-level alignments between English and
Tamil. Using the token spans of DCs and argu-
ments on the English side, we extract the corre-
sponding aligned tokens on the Tamil side. The
DR labels are directly projected as the annotations
for the Tamil DRs. As described in Section 3, the
argument whose span begins earlier in the text is
labeled Arg1.

Among the aligned sentence pairs, only 8,225
English DCs are aligned, sometimes jointly with
other English tokens, to tokens in the correspond-
ing Tamil sentences. This suggests that in many
cases, the English DC is not translated as an ex-
plicit standalone token in Tamil; but this may also
result from alignment errors.> We focus on the
aligned DC tokens to identify explicit DRs on the
Tamil side. The candidate alignments that include
an English DC correspond to 3,322 unique Tamil
word forms. Our next step is to identify Tamil DCs,
both standalone tokens and suffixes, by separating
and removing the content-bearing word segments.

4.3. Suffix-level analysis

We apply the ThamizhiFST morphological analyzer
(Sarveswaran et al., 2018) to the candidate align-
ments to separate the suffixes from the main word
stems. The alignments are then grouped on the
Tamil side based on the identified suffix (if any),
and each alignment is manually inspected to spec-
ify valid DC-to-DC alignments, where the Tamil DC
may be realized either as a token or as a suffix,
while the English DC may consist of one or multi-
ple tokens. For example, based on the alignments
shown below, it can be inferred that the Tamil DC
corresponding to the English DC “when” is the suffix
-Guimg (bothu).

* GzpemauliLI(hbGLITgy) thevaipadumbothu
(when needed)

* GlgeoTMGLITG] sendrabothu (when
went)

* B&FSSHIDLGLINGI nagarthumbothu (when
moved)

The manual alignment post-editing is carried
out by one of the authors, a native Tamil speaker.

2We nevertheless retain the predicted DC spans and
project them to Tamil, while labeling the arguments and
senses as unknown. This part of the data can still be
used for DC identification

8James and Krishnamurthy (2025) report an AER of
68.2 using Awesome Align for English-Tamil word align-
ment.
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During this process, morphological segmenta-
tion errors (over-/under segmentation) and word-
alignment errors in the candidate alignments are
corrected simultaneously. Specifically, when a can-
didate alignment is incorrect, i.e., when the dis-
course sense expressed by the English DC is not
conveyed by any part of the aligned Tamil tokens,
the original sentence pair is examined to identify
alternative Tamil expressions that may realize the
labeled DR. If such expressions are found, the align-
ment is updated accordingly (as in Example (3)). If
not, indicating that the DR is implicit or paraphrased
in Tamil, the DR instance is discarded (as in Exam-

ple (4)).

Example (3)
Tamil:  9ibs allememwTL(h B LISSTETI,
6JG6BTGT TGV S (HL(HLD Glamemevu LD

FFQUFTSHTICOOTLOMTEOTS,| 6T60T HT60oTLN &SI M.
antha vilaiyaattu aabathaanathu, yenendraal thiruttu
kollaium sarvasaathaaranamaanathu ena kaanbikka-
padukirathu.

gloss: that game dangerous-PRs, because theft-AND
murder-AND ordinary-PRs be show-PRs.

English translation: The game is considered danger-
ous because it trivializes robbery and murder.

DR sense: CONTINGENCY.CAUSE

Example (4)

Tamil: 3BICE  e(H Weflemnsds SHemLemul
FohH (P SOHWLULLTS WIHILTY BeHsH
8616015815618 M60oTGL_TLD.

Ange oru malligai kadai thiranthu mulu kudumbamum
maarimaari athai kavanithukondanar.

gloss: There one grocery store-acc open-cve whole
family-apv alternatively-apv it take-care-1pPL-NOM

English translation: We opened a grocery store there
and our whole family took turns working in it.

DR sense: EXPANSION.CONJUNCTION

In Example (3), “because” is incorretly aligned
to LSS MeoTg| aabathaanathu (danger-
ous) and is therefore revised manually to
6JGleoT6dT M6V yenendraal (because). In Exam-
ple (4), ormlomnd) MaariMaari (again and again)
is aligned with “and”. However, in this context,
Ml MaariMaari, it should be aligned to
"took turns”. "And” is therefore inferred implicitly
in the Tamil sentence and is not included in the
dataset.

After this suffix-level alignment post-editing and
verification, a total of 7223 explicit DRs and 1702
unique Tamil DC candidates are collected, but 1260
of these only occur once in the corpus. This is
not surprising given the highly inflectional nature



of Tamil. Many of these candidates correspond to
different surface forms of the same token or suffix.
Therefore, additional normalization is required to
extract a list of unique Tamil DCs.

4.4. Manual normalization

As a low-resource language, Tamil has limited pre-
processing tools available. Consequently, the nor-
malization of DC candidates is performed largely
manually by the same author, with support from
string-matching techniques. The main goal of the
normalization process is to identify and group var-
ious variants of the same DC into a standardized
canonical entry.

Phonetic Variation Some Tamil DCs exhibit vari-
ation in pronunciation that may also be reflected
in their written form, diverging from the standard
spelling. These forms therefore represent ortho-
graphic variants of the same discourse connective.
In Example (5), 60T aana is an informal spo-
ken variant of 6oTM6vL aanaal, reflected in the
phonetical spelling. Both forms correspond to the
same connective, which is translated as but in En-
glish. Here are some more examples of phonetic
variants:

* “similarly”
standard: G5GLIM6L athepol
informal: 65 L1GLIMT6v atheepola
phonetic variation: ©{&GLIMev athapola

* “but”
standard: %Go"rrrei) aanaal
phonetic variation: |60 aana

Example (5)

Tamil: @& GLOTFLOT CIGFIWEVTLD SLEBIT BiThS
556 &H6TT... (PpeugId  WIHOLICLITEGEG]...
3|B60T SLPLGH VU (HHGI CHTL L LD 6U6mIT

Ithu mosama theriyalaam aana antha kadhavugal.. mu-
luvathum maatrapokuthu... athan keelpaguthiilirrunthu
thoodam varai

gloss: this bad-Nom may-look but those door-pL whole
change-go-FuT its down-part-from-cve garden untill

English translation: | know this looks bad, but those
patio doors are going to completely revolutionise the
flow from their downstairs to their garden

DR sense: COMPARISON.CONCESSION

Since variants of the same DC typically share
a common prefix, we inspect the list of DC can-
didates sorted alphabetically and group variants
accordingly. Based on these groupings, we con-
struct a mapping from surface variants to standard
DC forms. In total, 90 candidates are identified as
variants and grouped into 44 standard DCs, with

18

each standard DC having 1 to 5 variants. Using
this mapping, all DC variants (1428 out of the 7233)
in the corpus are assigned a normalized standard
DC on top of the raw form.

Sandhi consonant linking We also account for
orthographic variants arising from sandhi conso-
nant insertion. These are phonological alternations
at word boundaries that commonly involve the inser-
tion of a consonant to ease pronunciation when a
vowel-final word is followed by a vowel-initial word.
Such additional consonants could also be suffixed
to a DC, as in &M@ L1 adharkku (therefore),
@euaigLomiig ivvidhamaayi (in this manner),
and 2 & TJeooTLoM&:& udaaranamaaka(for exam-
ple). The last consonant of these DCs are the
linking consonants.

Emphasis suffix Another type of variation con-
cerns suffixal DCs that appear in emphasized
forms, as shown in the examples below.

» &TL(h kaatu (show)
« &ML (heugm@, kaatuvatharkku (in order to show)

+ ST (HeukbMGa kaatuvatharkke (in order to
show; with an emphasis marker)

Since both linking consonants and emphasis suf-
fixes are governed by strict morphological rules,
their normalization is straightforward. We generate
the corresponding consonant-linking and emphatic
forms of each DC as variants and group all such
DC candidates under a single canonical entry.

Change in DR sense in translation On top of
variants identification, we also manually verify the
projected DRs to identify any sense mismatches.
The DR sense predicted by the discourse parser
on the English texts could be incorrect. 4 Also, DRs
are sometimes explicitated or implicitated (Meyer
and Webber, 2013; Lapshinova-Koltunski and Carl,
2022; Yung et al., 2023), which means that a DC
can be inserted or omitted, or translated to a more/-
less specific connective. Our focus is not the mean-
ing shift of the DR translation, but rather whether
the projected English DR sense is valid for the Tamil
DC in the translation. To verify this, each DR sense
projected from English is inspected against the cor-
responding Tamil connective in the collected lex-
icon. When the projected sense is intuitively in-
compatible with the meaning of the Tamil DC, the
original sentence pair in the corpus is examined
and the sense label is revised accordingly.

In Example (6), the sense of the English DC, con-
JUNCTION, is projected to the Tamil DC %Gtm‘mi)

“The reported accuracy of the Discopy parser on
PDTB explicit relations is 78% F1 (Knaebel, 2021).



unique DC counts | corpus frequency
Sense word- suffix- | word- suffix- | Top-3 Tamil DCs Coverage
type type type type

Expansion.Conjunction 206 91 1072 1093 -2 1D (491), bMOMILD (245), 45.3%
GLogyILD (236)

Comparison.Contrast 93 47 1152 334 D},6OTIT6V (794), -2 LD (124), 65.6%
eTeoflen)ILD (57)

Temporal.Asynchronous 116 45 777 373 Ulesteotiy (179), LM 27.9%
(76), @b (66)

Contingency.Cause 113 59 615 329 -9 6v (151), 6TeoTG6) (90), 33.0%
,866u (70)

Temporal.Synchrony 88 48 245 474 -GuImgyl (174), -@6v (85), 46.7%
GuITgy (76)

Contingency.Condition 56 42 130 370 -6V (190), - 60TIT6L 47.3%
(28), -@QBbsTev (18)

Expansion.Alternative 13 17 90 30 96v6ug (75), 70.8%
-4, L TGV (6), -6V
4)

Comparison.Concession 19 19 27 59 -2.1D (17), -4VILD (9), 36.0%
-gaL_ (5)

Expansion.Instantiation 4 1 19 1 2 HMJ6eooTLONS (14), 90.0%
@gicurestm) (3),
2 HTJ6esorLOMmEGLD (1)

Contingency.Purpose 1 1 1 18 -&M& (18), QH&Hs (1) 100.0%

Comparison.Similarity 3 1 11 1 26x56UMmsL (5), 91.7%
@CxGLImev (4), GUIMEsTM)
2

Expansion.Equivalence 2 1 11 1 3B Meug) (10), 6T60TMITEL 100.0%
(1), -4 (1)

Total 327 127 | 4150 3083 | — —

Table 1: DR sense distribution across unique Tamil DC counts and corpus frequency.

anaal (but). However, this is actually an explici-
tation of the DR; the relation is more explicitly ex-
pressed with a DC specifically for CONTRAST or CON-
CESSION. Since the assigned sense does not match
the Tamil DC intuitively, the corresponding corpus
samples are inspected and the correct sense, con-
CESSION, is assigned.

Example (6)
Tamil: (@eueumm)  UFHGT G
C\FUWISHITIT H6IT. GOTIGV  D|6UJ&H6IT

SIPWTHUTN] BTPLD G p&FSF ClFUICSHTLD.
(ivvaaru) avargal soolchi seithaargal anaal avargal
ariyaathavaaru naamum soolchi seithoom.

gloss: (Thus) they maneuver do-psT-3pL but they
unknowingly we-also maneuver do-PST-1PL-INCL

English translation: So they plotted a plot, and we
planned a plan, while they perceived not.

DR sense: ExPANSION.CONJUNCTION
—CONTINGENCY.CONCESSION

In Example (7), "so” is aligned to eU&M&HTSH
vata kaka (for that), and the English discourse
parser assigns it the label CONTINGENCY.CAUSE.
However, the correct connective span should be
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“so as to”, which expresses a CONTINGENCY.PUR-
POSE relation. Accordingly, the sense label for the
Tamil DC is manually revised from cAuUSE to PUR-
POSE.

Example (7)

Tamil: @bg Slymomsefley $edls LLHMID
QU (& ETHS G @emL_ufevmest
JHMSHTLPEDIGN S &HED D5 S 50 FeLPSs-
CUMHETTSTT  Hlemev  GHMISTLIGHD6IT
Cibu(h &g I6USHDSHTSH @QuUCLITg] Qa1
LmieUigeemLOLIL] G\ FWIWLILIL (heiTermg).

Inta kiramankalil talit ma um potu vitukalukku itaiy-
ilaa é attd vaik ku aikka 50 camika-porulatara nilai
ku ikattikalai mémpatuttuvata kaka ippotu itu ma uvati-
vamaippu ceyyappattullatu.

gloss: This village-pL-Loc Dalit and general
house-pPL-DAT between inequality-acc reduce-INF 50
socio-economic status indicatorpL improve-INF-PURPOSE
now this redesign do-pass-pst

English translation: This has now been redesigned
to include 50 socio-economic indicators that have to be
improved so as to reduce the inequality between Dalit
and general households in these villages.

DR sense: CONTINGENCY.CAUSE —PURPOSE
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During this DR sense verification process, we
additionally identify four sense labels that are not
identified by the parser on the English side and
therefore are never projected automatically. These
labels are incorporated into the Tamil DC lexicon for
the corresponding DCs: EXPANSION.INSTANTIATION,
ExpPANSION.EQuIVALENCE, CONTINGENCY.PURPOSE,
and COMPARISON.SIMILARITY.

5. Results

After all verification and normalization steps, the
final dataset contains 7233 explicit DR annotations
involving 454 unique Tamil DCs. Our Tamil Dis-
course Relation Bank is freely downloadable from
https://anonymous.4open.science/r/

Tamil-Semi-Automatic—-Discourse—-Relation

and the data structure is shown in Listing 1.

Listing 1: Tamil Discourse Relation Bank data struc-
ture

: [int, int, 1},
{
[int, int, 1},
{
|: I :|!
3 I / 1,
{
b
[
[int, int, 1,
[int, int, 11}

The sense distributions of both the annotated
DRs and the unique DCs are presented in Table 1.
We observe that suffixal DCs are prevalent in Tamil
discourse, accounting for 25% unique DC types and
40% of the DC occurrences in the corpus. Tamil
DCs are also highly ambiguous. To quantify the
ambiguity, , we compute the normalized entropy
of the sense-label distribution for each unique DC.
A DC that is consistently annotated with a single
sense label has an entropy of 0, indicating minimal
ambiguity. In contrast, a DC whose sense labels
are evenly distributed will result in an entropy of 1,
indicating maximal ambiguity and difficulty in pre-
dicting its sense.

Figure 1 presents the distribution of entropy val-
ues for word type and suffixal DCs. The results
show that word-type DCs are generally less am-
biguous than suffixal DCs, as most have entropy
values close to 0, indicating that they are associated
with a limited range of senses or display a strongly
biased distribution toward a dominant sense. In
contrast, more than half of the suffixal DCs exhibit
higher entropy values, meaning that they can be
interpreted in different ways with similar chance.

140 = Word
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20
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Figure 1: Distribution of sense entropy per DC

As a simple baseline, assigning each DC of the
entire corpus its most frequent sense based solely
on the DC lexicon yields an accuracy of 58% com-
pared with the actual annotation. In a more realistic
setting, assigning the top sense acquired from 80%
of the data to the rest of the unseen data yields an
accuracy of 27% only. This highlights the difficulty
of explicit DR classification in Tamil. Our dataset
therefore provides valuable training data for models
that aim to predict the correct sense of Tamil DCs
in context.

6. Conclusion

In this work, we propose a semi-automatic pipeline
for creating a discourse-annotated resource for
Tamil. Our approach automatically projects dis-
course annotations from a resource-rich language,
English, and extends this projection by incorporat-
ing morphologically segmented Tamil DC suffixes,
since Tamil expresses discourse mainly through
verb suffixes participial constructions. To make
sure these morphological elements align well with
English tokens, the projection based on automatic
alignment is followed by a series of manual post-
editing steps. Each sample of the final 7233 explicit
DRs has gone through manual verification to en-
sure the reliability of the DR annotations. Based on
the corpus data, we also constructed the first lexi-
con of Tamil DCs, which are either isolated tokens
or suffixes.
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7. Limitation

The main limitation of the current work is its focus
on intra-sentential explicit relations, due to the con-
straint of the parallel corpus (i.e., non-consecutive
sentences). Furthermore, coherence shifts occur in
manual translation (Blum-Kulka, 1986). On the one
hand, the current dataset excludes explicit Tamil
connectives that are implicitated or originally im-
plicit in the English texts, as we only align the ex-
plicit connectives identified by the discourse parser.
On the other hand, subtle translation nuance can
unintentionally alter the coherence relations in the
target language text. These limitation may affect
the accuracy of the annotation projections, and lead
to a biased picture of the distribution of Tamil DRs
in general. As future work, we plan to develop an-
notation guidelines based on the DC lexicon and
to conduct fully manual annotation on a subset of
the current data as well as on a monolingual Tamil
corpus. This manually annotated dataset will serve
as an additional evaluation benchmark for Tamil
shallow discourse parsing.
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Abstract

Culturally grounded speech remains underrepresented in existing Automatic Speech Recognition (ASR) resources
for Indian languages. We introduce Konkani Daan, a community-driven initiative to collect culturally representative
Goan Konkani speech via a participatory web platform, currently comprising over 43.9 hours of 16 kHz recordings
with region-specific metadata. To evaluate real-world language coverage, we test a strong Indian multilingual ASR
model, Al4Bharat IndicConformer-600M, in zero-shot mode on the Konkani Daan development set (379 utterances),
obtaining a Word Error Rate (WER) of 46.46% and Character Error Rate (CER) of 15.47%, indicating substantial
domain and cultural mismatch despite nominal support for Konkani. We additionally evaluate a previously developed
Konkani ASR model in a cross-corpus setting and conduct a qualitative error analysis of outputs from both systems,
identifying recurring challenges including compound-word segmentation, digit-word normalisation, named-entity
distortion, and orthographic variation. These findings highlight the need for culturally informed resource design and
normalisation-aware evaluation for low-resource Indian languages.

Keywords: Automatic Speech Recognition, Low-Resource Languages, Konkani Corpus, Multilingual Speech Models,
Cultural Linguistic Variation, Word Error Rate, Domain Adaptation

1. Introduction domain coverage.
In this work, we introduce Konkani Daan, a
Indian languages are characterised by rich morphol-  community-driven initiative for collecting culturally
ogy, dialectal diversity, oral traditions, and culturally  representative speech data through a participatory
embedded lexicons shaped by regional history, re-  web platform developed at the Vidyapati Lab, Goa
ligion, governance, and everyday social practice.  University. The corpus currently comprises over
Despite recent advances in multilingual Automatic ~ 43.9 hours of 16 kHz speech recordings in Devana-
Speech Recognition (ASR) that have significantly  gari script, enriched with region-specific metadata
expanded language coverage across Indian lan-  within Goa. By preserving authentic transcription
guages (Baevski et al., 2020; Gulati et al., 2020;  practices, including compound segmentation vari-
Anand et al., 2023), most large-scale speech mod-  ability and digit word alternation, the dataset inten-
els are trained on curated or domain-constrained  tionally reflects real-world linguistic usage rather
corpora. Prior work in low-resource speech pro-  than aggressively normalised forms, aligning with
cessing has shown that domain mismatch and lim-  calls for culturally informed data documentation and
ited in-domain data substantially affect recognition  resource design (Bender and Friedman, 2018).
performance (Besacier et al., 2014). As a result, To assess the impact of culturally grounded
culturally dense and community-level speech vari-  data on recognition performance, we evaluate
eties, particularly those reflecting localised named  a strong multilingual model, Al4Bharat Indic-
entities, compound constructions, mixed numeric ~ Conformer 600M (Anand et al., 2023), in zero-
formats, and contact-induced vocabulary, remain  shot mode using Connectionist Temporal Classifi-
underrepresented in existing training data. cation (CTC) decoding (Graves et al., 2006) on the
Konkani, the official language of Goa and a con-  Konkani Daan development set (379 utterances).
stitutionally recognised language of India, presents ~ The model achieves a Word Error Rate (WER)
a compelling case for culturally grounded speech  of 46.46% and a Character Error Rate (CER) of
resource development. Goan Konkani exhibits  15.47%, indicating substantial domain and cultural
significant intra-state variation, morphological rich-  mismatch despite nominal support for Konkani.
ness, and lexical influence from Portuguese and  Through qualitative error analysis, we show that
neighbouring Indo-Aryan languages. Everyday recognition discrepancies frequently arise from
speech frequently includes temple hames, admin-  compound boundary variation, differences in nu-
istrative terminology, historical references, and  meric normalisation, distortion of culturally specific
region-specific expressions that are rarely captured  named entities, and orthographic flexibility typical
in generic multilingual corpora. Consequently, nom-  of community-generated text.
inal language support in multilingual ASR systems This work foregrounds cultural specificity as a
does not necessarily imply adequate cultural or  core design principle in corpus creation and evalu-
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ation for low-resource Indian languages. Our con-
tributions are threefold: (i) we introduce a culturally
grounded, community-collected speech corpus for
Konkani; (ii) we provide baseline evaluation us-
ing a strong multilingual ASR model; and (iii) we
analyse culturally driven error patterns to motivate
normalisation-aware and culturally informed evalu-
ation strategies for low-resource Indian languages.

Paper Structure: The remainder of this paper
is organised as follows. Section 2 introduces the
Konkani Daan initiative and describes the corpus
design, data-collection methodology, and quality-
control procedures. Section 3 presents the experi-
mental setup and baseline ASR evaluation. Sec-
tion 4 provides a qualitative error analysis highlight-
ing culturally driven recognition challenges. Sec-
tion 5 discusses implications and future research
directions. Section 6 presents the ethics and data
governance statement. Section 7 concludes the

paper.

2. Related Work

Recent advances in self-supervised learning and
multilingual speech modelling have significantly
improved Automatic Speech Recognition (ASR)
for low-resource languages. Models such as
Wav2Vec 2.0 (Baevski et al., 2020) and Conformer
(Gulati et al., 2020) have demonstrated strong
performance across diverse speech recognition
benchmarks. Building on these approaches, the
Al4Bharat IndicConformer model (Anand et al.,
2023) introduced large-scale multilingual ASR for
Indian languages, aiming to expand language cov-
erage across the Indian linguistic landscape.

Despite these advances, domain mismatch re-
mains a major challenge in low-resource speech
recognition (Besacier et al., 2014). Recent work in
self-supervised and multilingual ASR has shown
that models trained on large, curated corpora often
degrade in performance when applied to out-of-
domain or conversational speech (Baevski et al.,
2020; Radford et al., 2023). This limitation is partic-
ularly relevant for Indian languages, which exhibit
substantial dialectal variation, orthographic flexibil-
ity, and culturally embedded vocabulary.

In parallel, the NLP community has increasingly
emphasised the importance of culturally grounded
data collection and documentation. Bender and
Friedman (Bender and Friedman, 2018) argue
for better documentation and contextualisation of
language resources to ensure responsible and
representative language technology development.
Within the Indian-language context, several initia-
tives have focused on building speech and text
resources; however, community-driven, culturally
embedded speech corpora remain limited.
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For Konkani specifically, available speech re-
sources remain limited in scale and diversity, and
existing datasets are primarily oriented toward
benchmark-style ASR experimentation rather than
community-driven, culturally grounded data collec-
tion. Prior work has relied largely on curated or
institutionally collected corpora, whereas partici-
patory platforms incorporating regional metadata
and culturally embedded vocabulary remain rela-
tively scarce. Konkani Daan is intended to com-
plement these earlier efforts by emphasising de-
centralised collection, community participation, and
representation of real-world linguistic variation in
Goan Konkani.

Our work contributes to this area by introducing
a participatory, culturally grounded speech corpus
for Konkani and evaluating multilingual ASR sys-
tems under cross-corpus conditions. By focusing
on culturally dense community speech and quali-
tative error analysis, we complement existing mul-
tilingual ASR research and highlight the need for
normalisation-aware evaluation in low-resource set-
tings.

3. The Konkani Daan Initiative and
Corpus Description

Konkani Daan(KD) is a community-driven speech
data collection initiative developed under the Vidya-
pati Lab at Goa University. Designed as a partici-
patory platform, the initiative enables native speak-
ers to contribute speech recordings through a web-
based interface, thereby decentralising speech re-
source creation and foregrounding community in-
volvement. Community-driven and participatory
approaches to language data collection have been
increasingly recognised as essential for the devel-
opment of low-resource languages and for equi-
table NLP resource creation (Bird, 2020; Joshi et al.,
2020). In contrast to centrally curated corpora,
Konkani Daan explicitly seeks to capture culturally
grounded, regionally diverse speech reflective of
everyday communication in Goa.

Speech in Konkani Daan is collected primarily
through a prompted reading interface rather than
spontaneous conversation. Contributors log into
the platform, view text prompts displayed on the
screen, and record themselves reading randomly
assigned utterances using their own devices. The
prompts are drawn from a curated pool of culturally
grounded textual material sourced from existing
linguistic and speech resources, including exam-
ple sentences from the Konkani WordNet corpus
(Prabhugaonkar et al., 2017) (32,804 sentences)
and the DMU dataset (Al4Bharat, 2022) devel-
oped by Al4Bharat (31,894 sentences). These
sources collectively provide a diverse range of cul-
turally relevant content, including administrative ref-



Statistic Value
Total speech collected 43.9 hours
Total onboarded contributors 42
Active contributors (>50 recordings) 18

Highest individual contribution

Lowest (within active group) 55 recordings

1450 recordings

Table 1: Participation statistics for Konkani Daan.

erences, historical narratives, devotional expres-
sions, region-specific place names, and commonly
used named entities relevant to Goan Konkani us-
age. In this way, culture-specific vocabulary is in-
corporated directly through prompt design and se-
lection during data collection rather than added
retrospectively through post hoc annotation. The
resulting dataset therefore reflects read speech with
culturally embedded lexical content rather than free
conversational speech.

A distinctive feature of the platform is the integra-
tion of region-specific metadata collection. Contrib-
utors are requested to indicate the region of Goa
to which they belong, enabling the corpus to re-
flect intra-state dialectal variation. Goan Konkani
exhibits phonological, lexical, and prosodic differ-
ences across regions, and associating speech sam-
ples with speaker-region information supports fu-
ture dialect-aware analysis and region-sensitive
ASR adaptation. Prior research has demonstrated
that dialectal variation significantly impacts ASR
performance and that metadata-aware modelling
improves robustness (Koenecke et al., 2020; Ragni
et al., 2014). By embedding regional metadata into
corpus design, the initiative aligns with culturally
informed language resource development.

As of the time of writing, the platform has on-
boarded 42 contributors and collected approxi-
mately 43.9 hours of speech. This corresponds
to an average of roughly 1.05 hours of recorded
speech per onboarded participant, although the dis-
tribution of contributions is uneven, with a smaller
active group accounting for a substantial portion
of the recordings. The corpus currently consists of
prompted speech recordings rather than conversa-
tional dialogue.

Audio quality control is integrated directly into
the data capture interface. The platform performs
real-time environmental sound monitoring before
recording and provides contributors with feedback
on ambient noise levels. Capture-time screening of
acoustic conditions is a recommended best practice
in speech corpus development to ensure baseline
recording quality in distributed data collection set-
tings (Besacier et al., 2014). All audio is collected at
a sampling rate of 16 kHz in WAV format to ensure
compatibility with contemporary ASR frameworks.

Transcripts are provided in Devanagari script and
reflect authentic community writing practices. The
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corpus content includes culturally embedded ma-
terial such as administrative references, historical
narratives, devotional expressions, region-specific
place names, temple names, and vocabulary influ-
enced by Portuguese and English language con-
tact. As a result, the dataset captures morphologi-
cal constructions and culturally specific lexicon that
are often underrepresented in large multilingual
training datasets (Bender and Friedman, 2018).

At the time of writing, the corpus comprises over
43.9 hours of collected speech data. For experi-
mental purposes, the dataset was partitioned into
training, development, and test splits. Before ex-
perimentation, preliminary structural validation was
performed, including transcript presence checks
and audio-text pairing verification for the evalua-
tion subset. Comprehensive manual transcription
verification remains ongoing as part of the corpus
expansion process.

Notably, the Konkani Daan corpus intentionally
preserves community transcription characteristics
rather than enforcing aggressive normalisation.
Naturally occurring orthographic variation is re-
tained to reflect authentic usage. Such decisions
align with emerging calls for documentation-aware
and culturally grounded corpus design in NLP (Ben-
der and Friedman, 2018; Bird, 2020).

We note that Konkani is written in multiple scripts
across different communities, including Devanagari,
Roman, Kannada, Malayalam, and Perso-Arabic.
In the present work, transcription is restricted to
Devanagari because it is widely used in institutional
and educational contexts in Goa and provides a
practical starting point for corpus development and
ASR evaluation. We acknowledge that this choice
does not capture the full script diversity of Konkani,
and future extensions of the platform will explore
multi-script support and script-sensitive interfaces.

4. Experimental Setup and Baseline
Evaluation

To assess the robustness of contemporary mul-
tilingual ASR systems on culturally grounded
Konkani speech, we evaluated two systems: (i)
a strong multilingual zero-shot baseline, Al4Bharat
IndicConformer-600M (Anand et al., 2023), and (ii)
a Wav2Vec2-based model (Baevski et al., 2020)
trained and adapted using available Konkani cor-
pora and further fine-tuned with Konkani Daan data.

The evaluation was conducted on the develop-
ment split of the Konkani Daan corpus, consisting
of 379 utterances. All recordings were collected
at 16 kHz in WAV format and evaluated in mono
configuration. Recognition performance was mea-
sured using standard Word Error Rate (WER) and
Character Error Rate (CER), which are widely used
metrics in automatic speech recognition evaluation



(Graves et al., 2006). Only minimal normalisation
(whitespace and punctuation standardisation) was
applied to preserve naturally occurring orthographic
variation in community transcripts.

4.1. Zero-Shot Multilingual Baseline

The Al4Bharat IndicConformer-600M multilingual
model (Anand et al., 2023) was evaluated in zero-
shot mode using Connectionist Temporal Classifi-
cation (CTC) decoding (Graves et al., 2006) with
the language code set to kok. Despite nominal
support for Konkani within the multilingual training
framework, the model achieved: IndicConformer
(zero-shot): WER = 46.46%, CER = 15.47%.

These results indicate substantial domain and
cultural mismatch between the multilingual pre-
training data and the culturally dense speech pat-
terns present in the Konkani Daan corpus. Prior
work has shown that domain mismatch signifi-
cantly affects ASR performance, particularly in low-
resource settings (Besacier et al., 2014). The rel-
atively high WER suggests that compound con-
structions, named entities, digit-word alternations,
and region-specific vocabulary significantly affect
recognition accuracy.

4.2. Konkani-trained Wav2Vec2 Model

We additionally evaluated a Wav2Vec2-based ASR
system (Baevski et al., 2020) that had been previ-
ously developed and trained in earlier work (Shiv-
olkar et al., 2026) on a combination of available
Konkani speech corpora (Kunchukuttan et al., 2020;
Srinivasan et al., 2023; Prasad et al., 2023) and
subsequently adapted using domain-relevant data.
Importantly, this model was not trained jointly on
the full combined dataset used in the current
experimental setting. The results reported here
correspond strictly to evaluation on the Konkani
Daan development split (379 utterances), without
additional retraining for this specific configuration.

On this development set, the Konkani-trained
model achieved: Wav2Vec2 (Konkani-trained),
KD eval only): WER = 49.56%, CER = 15.84%.

These results reflect cross-corpus evaluation per-
formance and should not be interpreted as perfor-
mance after unified multi-corpus training, including
the full KD dataset. Although the model had prior
exposure to related Konkani data, recognition ac-
curacy remains challenging under strict token-level
evaluation on culturally grounded speech.

Qualitative inspection suggests that many mis-
matches arise from orthographic variation, differ-
ences in compound boundaries, and digit-word nor-
malisation rather than from complete semantic mis-
recognition.
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Model WER (%) CER (%)
IndicConformer (zero-shot) 46.46 15.47
Wav2Vec2

(Konkani-trained,

evaluated on KD) 49.56 15.84

Table 2: Evaluation performance on the Konkani
Daan development set (379 utterances). The
Wav2Vec2 model was trained on previously avail-
able Konkani corpora and evaluated on Konkani
Daan in a cross-corpus setting without additional
fine-tuning.

4.3. Comparative Summary

The comparable CER values across systems in-
dicate that many word-level discrepancies are at-
tributable to token boundary variation and ortho-
graphic flexibility rather than severe character-level
corruption. This observation motivates deeper qual-
itative analysis of culturally driven error patterns and
supports the need for normalisation-aware evalua-
tion metrics.

5. Qualitative Error Analysis and
Cultural Patterns

To better understand the interaction between cultur-
ally grounded speech and ASR performance, we
conducted a qualitative analysis of recognition out-
puts from both the zero-shot IndicConformer model
and the Konkani-trained Wav2Vec?2 system. Rather
than focusing solely on aggregate WER values, we
examined recurring error types to identify patterns
specific to culturally embedded Konkani speech.

Our analysis reveals four major categories of
culturally driven recognition challenges: (i) com-
pound word segmentation and boundary variation,
(if) numeric and date normalisation differences, (iii)
distortion of culturally specific named entities, and
(iv) orthographic and loanword variation.

5.1.

Compound Word Segmentation and
Boundary Variation

Konkani frequently employs compound construc-
tions that may be written either as single lexical
units or as separated components. Community
transcripts preserve this variability. For example:
Compound boundary.

REF: Sicetarcct
HYP: d1eT Tt

The compound form is segmented into two to-
kens in the hypothesis, and minor orthographic

variation is observed in (& V8 “HIT) g0 dif-



ferences inflate WER under strict token-level com-
parison despite limited semantic divergence. This
pattern suggests that culturally grounded corpora
require evaluation metrics sensitive to compound
variation and boundary flexibility.

5.2. Numeric and Date Normalisation

Digit-word alternation is another prominent source
of mismatch. For instance:

REF: 8 3ifaciaR 2010
HYP: 3713 3ifacIeR aF &R &1

The hypothesis represents numeric values in spo-
ken word form rather than digit format. Although
semantically equivalent, this variation results in sig-
nificant WER penalties. Similar patterns were ob-
served for administrative identifiers and year ref-
erences. These findings motivate the adoption of
normalisation-aware evaluation (hWER) that ac-
counts for acceptable numeric representation vari-
ants.

5.3. Culturally Specific Named Entities

The corpus contains region-specific temple names,
place names, and administrative references that
are deeply embedded in the Goan cultural context.
Recogpnition errors frequently occur in such cases.
For example:

REF: eaTOIaR SaosT
HYP: fdeTolemR Sael

Minor phonetic substitutions or vowel shifts in
named entities can substantially affect word-level
scoring. These entities are often absent from
large multilingual training corpora, which increases
recognition difficulty. This highlights the need for
culturally informed lexicons and domain-aware lan-
guage modelling.

5.4. Loanwords and Contact-Induced
Vocabulary

Goan Konkani reflects extensive lexical borrow-
ing resulting from centuries of Portuguese colonial
administration and subsequent English influence
in trade, governance, education, and media. As
a result, many English-origin administrative and
commercial terms are routinely used in everyday
speech, phonologically nativised, and written in De-
vanagari script. These borrowed forms often lack
standardised orthographic conventions, leading to
variation across speakers and transcription prac-
tices.

Such contact-induced vocabulary poses chal-
lenges for multilingual ASR systems, which may
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not adequately model the phonetic realisation of
these adapted loanwords. For example:

REF: 3TURT
HYP: TRE

In this example, the English loanword " ‘FIE" "

(“import”) is recognised as "S¥< ", reflecting partial
phonetic matching but substantial lexical distortion.
This type of error indicates that the model captures
coarse acoustic patterns but struggles to correctly
map them to culturally specific borrowed vocabu-
lary that is underrepresented in multilingual training
corpora.

These observations highlight the importance
of incorporating culturally informed lexicons and
domain-adapted language models when working
with community-collected speech that reflects real-
world multilingual contact.

5.5. Orthographic and Minor
Morphological Variation

A substantial portion of mismatches arises from
small orthographic shifts, spacing differences, or
morphological inflexion changes rather than seman-
tic misrecognition. The similarity of CER values
across systems (approximately 15.47%) supports
this observation, suggesting that many errors occur
at the word boundary or tokenisation level rather
than at the character sequence level.

5.6. Implications for Culturally Grounded

ASR Evaluation

Taken together, these patterns demonstrate that
standard WER conflates multiple sources of varia-
tion, including acceptable orthographic alternatives,
numeric format differences, and culturally specific
lexical items. While such variability presents gen-
uine modelling challenges, it also reflects the au-
thenticity of community-driven corpora. Therefore,
culturally grounded speech resources require evalu-
ation methodologies that incorporate normalisation
strategies and culturally informed lexicons to distin-
guish between semantic errors and orthographic
divergence.

These patterns collectively suggest that cultur-
ally grounded corpora challenge not only acoustic
modelling but also the orthographic standardisa-
tion assumptions embedded in multilingual ASR
systems.

6. Discussion and Future Directions

The findings of this study highlight the critical im-
portance of culturally grounded resource design in



low-resource speech technology. Although large
multilingual ASR systems such as IndicConformer
(Anand et al., 2023) nominally support a wide range
of Indian languages, zero-shot evaluation on the
Konkani Daan corpus reveals substantial perfor-
mance degradation when confronted with region-
specific vocabulary, compound constructions, digit-
word alternations, and culturally embedded named
entities. Prior work has shown that domain mis-
match significantly affects ASR performance in low-
resource contexts (Besacier et al., 2014). These
results suggest that language coverage alone does
not guarantee cultural coverage.

The comparatively high WER observed across
both evaluated systems underscores the intrinsic
complexity of community-driven speech data. Un-
like curated broadcast or read-speech corpora,
Konkani Daan reflects authentic linguistic usage,
including orthographic flexibility, morphological rich-
ness, contact-induced lexical forms, and informal
punctuation practices. Such variation aligns with
broader concerns regarding representational bias
and under-documentation in NLP datasets (Joshi
et al., 2020; Bender and Friedman, 2018). While
these characteristics pose challenges under strict
token-level evaluation, they are essential for cap-
turing real-world speech variability. In this sense,
the corpus intentionally prioritises representational
authenticity over aggressive normalisation.

The similarity in Character Error Rate (CER)
across systems further suggests that many recog-
nition discrepancies occur at token boundaries or
involve minor orthographic variations rather than
complete lexical substitutions. This observation
motivates the exploration of orthography-aware nor-
malisation and evaluation strategies. Recent dis-
cussions in ASR research have emphasised the
limitations of raw WER as the sole evaluation metric
and advocate for linguistically informed alternatives
(Morris et al., 2004). Future work will investigate a
normalisation-aware Word Error Rate (hWER) that
accounts for digit-word equivalence, compound
segmentation variation, and standardised spelling
mappings. Such approaches may provide a more
linguistically grounded assessment of recognition
performance in culturally diverse contexts.

Another promising direction involves incorporat-
ing culturally informed lexicons and expanding lan-
guage models. Named entities specific to Goan re-
gions, temple names, administrative identifiers, and
contact-influenced vocabulary could be integrated
into decoding frameworks to improve robustness.
Additionally, leveraging the regional metadata col-
lected through the Konkani Daan platform may en-
able dialect-aware modelling or region-sensitive
adaptation strategies, an approach shown to im-
prove ASR fairness and robustness across speaker
communities (Koenecke et al., 2020).
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Beyond ASR performance, the broader contribu-
tion of Konkani Daan lies in its participatory method-
ology. Community-driven data collection has been
increasingly recognised as essential for equitable
and sustainable language technology development
in low-resource settings (Bird, 2020). By engaging
speakers across Goa and capturing region-specific
linguistic variation, the initiative demonstrates a
scalable model for culturally anchored speech re-
source development.

In summary, the results presented in this pa-
per demonstrate that culturally dense, community-
collected speech corpora reveal limitations in cur-
rent multilingual ASR systems while simultane-
ously offering opportunities for linguistically in-
formed modelling innovations. Addressing these
challenges requires not only architectural improve-
ments but also evaluation frameworks and resource
design principles that centre on cultural variability
as a primary consideration.

7. Ethical Considerations and Data
Access

Konkani Daan is a community-driven speech data
collection initiative designed with voluntary partici-
pation and transparency as core principles. Contrib-
utors register on the platform and provide informed
consent before submitting recordings. Participa-
tion is optional, and contributors may choose the
content they wish to record.

During registration, limited demographic and re-
gional metadata are collected to support research
on dialectal variation and fairness in ASR systems.
These may include the region within Goa and basic
speaker information. The collection of such meta-
data is intended solely for research purposes and
to enable dialect-aware and bias-aware modelling.
No personally identifiable information is released
with the dataset.

The platform performs real-time environmental
noise monitoring to ensure recording quality at the
time of capture. The dataset is intended strictly for
academic and research use in low-resource speech
technology.

To protect contributor privacy and ensure respon-
sible usage, the Konkani Daan dataset is **not pub-
licly downloadable**. Access to the data is provided
**on a request basis™*, subject to review and au-
thentication at the administrative level of the hosting
institution. Approved users must agree to ethical
and non-commercial usage guidelines before re-
ceiving access to the data.

8. Conclusion

In this paper, we introduced Konkani Daan, a
community-driven, culturally grounded speech cor-



pus developed under the Vidyapati Lab at Goa
University. The corpus, comprising over 43.9 hours
of Goan Konkani speech with region-specific meta-
data, captures authentic linguistic variation includ-
ing compound constructions, digit-word alterna-
tions, culturally embedded named entities, and
contact-influenced vocabulary.

Through zero-shot evaluation of a strong mul-
tilingual ASR model (IndicConformer-600M) and
comparison with a Konkani-trained Wav2Vec2 sys-
tem, we demonstrated that culturally dense speech
presents significant recognition challenges. De-
spite nominal language coverage, the zero-shot
multilingual model achieved a WER of 46.46% on
the Konkani Daan development set, indicating sub-
stantial domain and cultural mismatch. Qualita-
tive analysis revealed that many mismatches stem
from differences in compound segmentation, nu-
meric normalisation, named-entity distortion, and
orthographic variation, rather than purely semantic
recognition failure.

Our findings underscore the importance of cul-
turally informed resource development and eval-
uation methodologies for low-resource Indian lan-
guages. Future ASR research should incorporate
normalisation-aware metrics, culturally grounded
lexicons, and dialect-aware modelling strategies to
more accurately assess and improve recognition
performance in real-world settings.

By centring community participation and regional
diversity, Konkani Daan provides both a practical
speech resource and a conceptual framework for
integrating cultural specificity into language technol-
ogy development. The Konkani Daan corpus will be
progressively released to the research community
following ongoing validation and ethical review.
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Abstract
Named Entity Recognition (NER) has been a core task of natural language processing (NLP) since the Message
Understanding Conferences (MUCs). Data annotation plays a crucial role in this task. However, existing annotation
studies often rely on the literal sense of entities. Such annotations may lead to inconsistencies, while resolving
ambiguity introduced by figurative tropes like metonymy. For example, in India won the series, India refers to a sports
team instead of a geographic location. Understanding such non-literal senses is crucial for various NLP applications
such as Question Answering, Information Extraction, etc. By addressing this gap, this study presents an annotation
framework and detailed guidelines for annotating metonymic readings of named entities in Marathi, an Indo-Aryan
language spoken in the central-western region of India. The study uses news corpus from various domains. It
presents a two-tiered annotation framework for annotating conventional metonymies in Marathi language. Further, it
describes the annotation framework applied to a corpus of 1,279 Marathi sentences. The result shows the inadequacy
of literal-only annotation as 53.6% of named entity spans have metonymic readings. This study makes a crucial
contribution for resource development for low-resource languages that share similar linguistic structures and cultural
contexts. The paper describes the framework with necessary examples, challenges and concludes with a future scope.

Keywords: metonymy detection, named entities, Marathi language

1. Introduction entities need to be annotated since such instances
frequently occur in the text. Markert & Hahn (Mark-

Named Entity Recognition (NER) has been a core  ert and Hahn, 2002) noted 17% of metonymic in-
task in NLP since the Message Understanding Con-  stances in German magazines. This makes the
ferences (MUC) (Grisham and Sundheim, 1996;  nature of metonymy regular, prevalent, and produc-
Nadeau and Sekine, 2007) and the CoNLL shared  tive (Markert and Nissim, 2002b).
task (Tjong Kim Sang and De Meulder, 2003) . The The present study considers Marathi, an Indo-
primary objective of NER is to identify and clas-  Aryan language spoken in the central-western re-
sify proper nouns that refer to real-world entities.  gion of India. Although several studies have fo-
Conventional categories include Person (PER), Lo-  cused on the foundational task of NER for the
cation (LOC), and Organization (ORG). However,  Marathi language (Patil et al., 2016, 2020; Litake
annotations often rely on the literal sense of entities, et al., 2022, 2023), specific metonymic readings of
which can lead to inconsistencies when annotators named entities are rare|y exp|ored_ This Study ad-
attempt to resolve ambiguity introduced by figu-  dresses this critical gap by presenting annotation
rative tropes such as metonymy. Metonymy is @  guidelines currently being applied to construct a
cognitive and linguistic phenomenon, a figurative  comprehensive framework for metonymy detection
trope in one entity is used to refer to another en-  in Marathi.
tity associated with it (Johnson and Lakoff, 1980).
For instance, in example (1), India, a geographic
location, refers metonymically to a sports team. 2. Dataset

(1) India won the series.

In another example (2) (McShane and Nirenburg,  For the analysis, 1,279 sentences from Marathi
2021), the spiky hair refers to a particular person  news across politics, finance, sports, and travel do-
having spiky hair. mains, entirely in Devanagari script were used. The

(2) The spiky hair just smiled at me. corpus follows the structure of the SemEval 2007

Several studies have focused on the metonymy  shared task dataset (Markert and Nissim, 2007)
resolution task (Markert and Nissim, 2002a,b; Mark-  and expands the scope of metonymic entity types
ert and Hahn, 2002; Markert and Nissim, 2007, to include PER and MISC categories in addition to
2009; Gritta et al., 2017; Gritta, 2019). The majority LOC and ORG (Nissim and Markert, 2003; Gritta
of this foundational work focused on English, with et al., 2017). Existing Marathi NLP resources such
a limited attention given to German (Markert and  as L3Cube-MahaBERT and MahaCorpus (Litake
Hahn, 2002) and French (Poibeau, 2006). While et al., 2023, 2022) offer strong general-purpose
annotating named entities, metonymic senses of  representations for Marathi text. However, these
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resources were not adopted for the present corpus.
Three key reasons motivate this decision. First,
existing Marathi NER datasets follow conventional
literal annotation schemes. They do not account
for metonymic readings of named entities. Second,
this study requires a controlled, domain-specific cor-
pus from contemporary news text. Such a corpus
better captures the metonymic patterns relevant
to information extraction tasks. Third, the tagset
used here extends standard NER categories with
an explicit Literal/Metonymic distinction. This dis-
tinction is absent from all existing Marathi corpora.
The annotated data contains 1,741 named entity
spans (2,363 NE tokens). Of these, 933 spans
(53.6%) are metonymic and 808 spans (46.4%) are
literal. Table 1 presents the span-wise distribution
across the four NE categories. Fig. 1 shows the
span count by entity type. At the sentence level,
418 sentences (32.7%) contain no named entities.
292 (22.8%) contain only literal NEs, 320 (25.0%)
contain only metonymic NEs, and 249 sentences
(19.5%) contain both literal and metonymic NEs
within the same sentence. This shows that the two
readings co-occur frequently in Marathi text. Fig.
2 presents the sentence-level distribution of these
senses.

NE Type Literal | Metonymic | Total
LOC 212 580 792
MISC 79 20 99

ORG 23 313 336
PER 494 20 514
Total 808 933 1741

Table 1: Span-wise distribution of entities.
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Figure 1: Total span count by entity type
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Sentence-Level Context Distribution

Both Types
(19.5%)

Only Metonymic
(25.0%)

No NEs
(32.7%)

Only Literal
(22.8%)

Figure 2: Sentence level distribution of senses

3. Annotation Guidelines and
Framework

To achieve high consistency and reliability in
metonymy annotation, a principled framework is
necessary. Among the previous studies, (Markert
and Nissim, 2002b) provided a foundational frame-
work for metonymy annotation in English. This
study presents a two-tiered annotation system: first,
a set of general principles and second, a specific
framework for metonymic interpretations across
categories.

3.1.

These general principles ensure precision in corpus
creation, minimizing subjectivity and ensuring high
Inter-Annotator Agreement (1AA).

General Principles

» Consistency and Uniformity: Annotate simi-

lar patterns in a similar way across all domains
and categories.
Apply the same annotation rule uniformly re-
gardless of the position of the entity in the sen-
tence or domain of the text. For example, in
(1), if India (LOC) referring to its sports team
is annotated as a metonymic case of LOC in
a sports article, then other entities referring
to its team must also be annotated as LOC-
metonymy in a different article. If abbreviated
forms (e.g., ISRO, UP) are annotated, then
other acronyms (e.g., UNESCO, NATO) must
be annotated using the same logic.

« Economy: Prioritize practicality and efficiency.
Avoid fine grained or overlapping labels that
increase cognitive load on the annotator(s) re-
sulting in inconsistencies. For instance, this
principle is the justification for the No Nested



Entities rule, as a coarse-grained annotation
structure is more practical for both annotators
and computational models. For example, in
(1), India is marked as LOC with a metonymic
sense and not for the pattern of metonymy
(Location-for-organization).

Minimal Span: Select the smallest possible
sequence of tokens that fully identifies the
named entity.

In a span, include all essential components of
the proper name, but exclude contextual mod-
ifiers. For example, in the phrase the former
Prime Minister Indira Gandhi, the minimal span
is Indira Gandhi. The modifiers the former, and
the title Prime Minister, are all excluded as they
are not part of the proper name itself (ref to
section 3.2.1).

Single Span: An entity mention must be an-
notated as a single, continuous unit.

Only the continuous text spans are annotated.
Exclude split mentions or discontinuous enti-
ties. Split mentions are annotated as sepa-
rate entities. Example Students of Mumbai
and Pune University requires two tags. Pune
University is tagged as an organization, while
Mumbai is tagged as location metonymy as it
is a split mention.

Nested Entities: Only the outermost, most
salient entity in a nested construction is anno-
tated.

When an entity is embedded within a larger
entity (e.g., Maharashtra within Government
of Maharashtra), annotate only the outermost
entity. This prevents ambiguous, overlapping
spans and directly supports the Economy and
Single Span principles.

Default to Literal: When in doubt, always an-
notate the entity as literal.

If an entity’s usage is ambiguous or could
plausibly be interpreted as either literal or
metonymic, the entity is tagged as literal. This
ensures that the metonymic instances in the
final corpus represent high-confidence. For
example,

(3) The name Tata is enough.

Here, Tata is ambiguous. It could refer to the
person, the organization, or metonymically to
the reputation associated with the name. The
context alone is insufficient to determine the
correct reading. Following the Default to Literal
principle, it is tagged as literal PER or ORG
depending on the contextual judgment.

No Metaphors and Focus on Conventional
Metonymy: The framework’s scope is strictly
limited to metonymy within Named Entities.
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This study targets metonymic sense in named
entities (PER, LOC, ORG, MISC). The frame-
work explicitly excludes all other figurative lan-
guage, such as metaphor. For example,

(4) He is the Sachin Tendulkar of his team.

The entity Sachin Tendulkar could mean
a metaphor for a great batsman. Non-NE
metonymy (unconventional metonymy), such
as in example (2) (a Part-for-Whole metonymy
using a common noun) is excluded from the
annotation.

Script & Form Neutrality: Annotation deci-
sions are independent of the script, spelling,
or form of the entity.

This principle helps in annotating a mixed-
script (Devanagari/Roman) corpus. For ex-
ample, the Romanized and Devanagari of
acronym ISRO (Indian Space Research Or-
ganization) are both annotated with the same
label (e.g., ORG), as they refer to the identical
real-world entity.

Data Handling and Annotation Platform:
Raw text data is annotated using the INCEp-
TION platform to ensure technical consistency
and applicability.

The raw, unprocessed news text provided in
.Ixt format. To capture the raw, real-world
data and linguistic variations, this approach
is used. For annotation, INCEpTION (Klie
et al., 2018), an open-source, multi-layer an-
notation platform is used. The platform is user-
friendly, offers layer customization, supports
for diverse languages and scripts, including
Devanagari. This technical choice improves
the interoperability and future applicability of
the corpus. Fig. 3 shows an example of an-
notated sentence using this platform. The
sentence translates to: Various international
agreements have been criticized for being un-
fair to the United States. Here, the United
States is annotated as metonymic entity.

nnayer Amnuauon

=)(s)(ele) (o]c] (w[x] v o[n]n)(]e] (2] 2]

METONYMIC

Figure 3: Example of annotated sentence using
INCEpTION platform.

3.2. Category Specific Annotation
Scheme

The present annotation framework adopts standard
Named Entity categories, accounting for metonymy



across Location, Organization, Person, and Miscel-
laneous entities.

3.2.1. Entity Span Guidelines

These guidelines refine the general principles to
handle complex cases where modifiers are present.

* Pre/Post Modifiers (Trigger Words): Mod-
ifiers are generally excluded from the entity
span as per the Minimal Span principle (e.g.,
the, former). However, there are two key ex-
ceptions:

1. Category-changing Names: If a modifier
combines with an entity to form a new, distinct
entity of a different category, the entire phrase
is annotated as the new category. For exam-
ple, in Temples of Bharat, Bharat is a LOC, but
the entire phrase is the proper name of a book
(a MISC entity). Similarly, Shanghai summit is
annotated as a single MISC (event) entity, not
as a LOC-metonymy for Shanghai.

2. Organizational Proper Names: When a
person’s name functions as a standard part of
an organization entity (e.g., Modi government,
Trump administration), the entire, continuous
span (Modi government) is annotated as a sin-
gle entity.

Ambiguity Resolution: All instances of high
ambiguity where the context is insufficient for
a clear decision are resolved by applying the
Default to Literal principle.

3.2.2. Specific Metonymic Interpretations

The following are the representative examples of
category-wise metonymic readings.

* Location Names: A location entity is used
to refer to an associated institution, an event,
or its inhabitants. It includes place-for-
government /team. For example,

(5) India hosted the G-20 conference.

Here, India (a location) metonymically refers
to the Indian government or organizing body
(an organization).

Organization Names: An organization entity
is used to refer to its associated personnel,
product, or actions. For instance,

(6) France 24 posted a video about the event.

France 24 (an organization) refers to the em-
ployees (a person or a group) of that organiza-
tion.

Personal Names: A personal entity is used
to refer to their associated role, office, or a
creation (work, brand, etc.). For example,
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(7) Armani still owns the show.

Armani (a person) refers to the fashion brand
(organization) created by that person.

Miscellaneous (MISC): This category in-
cludes metonymic uses of proper nouns that
do not fit other three categories. This includes
awards, legislation, acts, etc. A common case
is an award named after a person, where
the entity refers to the object, not the person.
For example, (8) He received the Dadasaheb
Phalke Award. The entity Dadasaheb Phalke
Award is annotated as MISC. It refers to the
award itself, which is named after the person
Dadasaheb Phalke.

The distribution across NE categories reveals
striking asymmetries that highlight the need for
metonymy annotation. LOC entities are metonymic
in 73.2% of spans (580 of 792), and ORG entities
in 93.2% of spans (313 of 336). This suggests that
a literal-only pipeline would mislabel the large ma-
jority of these entities in Marathi news text. PER
entities, by contrast, are predominantly literal (494
of 514 spans, 96.1%). Fig. 4 shows the metonymy
vs literal proportion per entity class.

Internal Proportion: Metonymic vs. Literal per Entity

100 - Metonymic

Literal

6.8%

26.8%
80 -

60 - 79.8%

96.1%
93.2%

40-

Percentage (%)

73.2%

20.2%
3.9%

ORG Loc PER MISC

Named Entity Type

Figure 4: Internal proportion of metonymy vs. literal
sense per NE

4. Challenges

The annotation process, even when guided by ex-
plicit guidelines, is challenging and complex. This
study encountered several challenges, primarily re-
lated to linguistic ambiguity, resource constraints
specific to Marathi.

4.1.

One of the main challenges is resolving the inherent
ambiguity of metonymic usage. While the frame-
work employs the Default to Literal principle to han-
dle confusing cases, contexts often arise where

Ambiguity



the metonymic shift is subtle. For instance, in a
political domain, deciding whether a location entity
like Delhi refers to the literal place, the government,
or something else requires significant contextual
understanding. Subjectivity can lead to inconsisten-
cies and reduced Inter-Annotator Agreement. The
Default to Literal principle provides a deterministic
resolution strategy in such cases, ensuring that only
high-confidence metonymic instances are retained
in the final corpus.

4.2. Overlapping of Principles

Creating an effective framework requires balanc-
ing detailed instruction with the principle of Econ-
omy. Defining too many principles or overlapping
guidelines can confuse annotators, leading to er-
rors. For example, the precise interaction between
the Minimal Span principle and the handling of pre
or post modifiers (trigger words) must be defined
carefully. A complex framework, even if theoreti-
cally sound, is practically difficult to deploy. This
tension was resolved iteratively during the anno-
tation process, with the Economy principle taking
precedence when guidelines conflicted.

4.3. Resource and Data Constraints

Working with raw, unprocessed news data in
Marathi presents several difficulties. The data is
often subject to:

1. Script and Orthographic Variation: Spelling
variations in the use of script, particularly in the
representation of names and acronyms. Such vari-
ations and errors affect the annotation process.

2. Unprocessed Text: While standard pre-
processing usually removes punctuation, this cor-
pus retains the raw text. This results in merged
tokens (e.g., punctuation attached to words), which
creates significant orthographic noise and compli-
cates the identification of precise entity boundaries.
the presence of numerous punctuations and sym-
bols creates noise and complicates the task. The
Script and Form Neutrality principle directly ad-
dresses orthographic variation. This ensures that
annotation decisions remain consistent regardless
of spelling or script differences in the raw data.

5. Conclusion and Future Scope

This study presented a principled two-tiered annota-
tion framework for identifying metonymic named en-
tities in Marathi, along with a corpus of 1,279 anno-
tated sentences. The framework establishes eight
general principles and category-specific guidelines
covering LOC, ORG, PER, and MISC entities. Ap-
plied to a Marathi news corpus, the framework
reveals that 53.6% of named entity spans are
metonymic, with particularly high metonymic rates
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in ORG (93.2%) and LOC (73.2%) categories. To
the best of our knowledge, no prior work has
explored an annotation scheme and corpus for
metonymy detection in Marathi. The framework
is designed to be extensible to other Indo-Aryan
languages with similar linguistic structures. Fu-
ture work will involve completing corpus annota-
tion and training baseline models to evaluate the
efficacy of the guidelines. As the corpus scales,
intra-annotator agreement will be computed on a
re-annotated subset to validate the consistency and
reliability of the framework.
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Abstract

Spontaneous speech in multilingual communities such as India frequently combines code-switching (CS) and
disfluencies, yet existing Bengali—English and Hindi-English speech corpora largely consist of fluent or scripted
utterances. This limits their suitability for developing and evaluating automatic speech recognition (ASR) systems
intended for real conversational settings, particularly in micro-resource scenarios. We introduce BEHE-CMDisfl, a
synthetic speech corpus that explicitly integrates disfluency phenomena within Bengali—English and Hindi—English
code-mixed (CM) utterances. The textual content was generated using prompting strategies with large language
models (LLMs) to encourage controlled switching and varied disfluency patterns, including filled pauses, repetitions,
and restarts. The utterances were subsequently synthesized using Indic Parler text-to-speech (TTS) system. To
demonstrate usability, we establish a reproducible GMM-HMM baseline for Bengali-English ASR using Kaldi on a
1.3-hour subset of the corpus. In our experiments, improvements were mainly observed after ensuring consistency
in the pronunciation lexicon and applying phonetic normalization, with the best setup reaching a word error rate
(WER) of 37.74%. A closer look at the decoded transcripts suggests that filled pauses and repetitions are not
automatically collapsed, but appear in the output, indicating that the disfluency cues present in the synthetic speech
are captured during recognition.

Keywords: code-switching (CS), disfluencies, automatic speech recognition (ASR), code-mixing (CM), large
language models (LLMs), text to speech (TTS), word error rate (WER)

1. Introduction 2022; Zayats et al., 2016). This sanitization strat-
egy simplifies decoding but limits the applicabil-
Multilingual communication is a defining feature of ity of ASR systems for conversational Al, senti-
the South Asian linguistic landscape. In daily com- ~ ment analysis, and speech-based behavioral mod-
munication, speakers frequently blend languages  €ling, where disfluencies carry meaningful infor-
such as Bengali, Hindi, and English within a single ~ mation. While several text-based code-mixed re-
utterance, a phenomenon commonly referredtoas ~ sources exist, such as BnSentMix (Alam et al,
code-mixing or code-switching (Auer, 2013; Moyer, ~ 2024) and SentMix-3L (Nishat Raihan et al., 2023)
2002). Code-mixing (CM) refers to the mixing  but they do not capture acoustic variability. Sim-
of linguistic units such as morphemes, words, ilarly, studies focused on disfluencies have ad-
phrases, or clauses from two grammatical systems ~ vanced toward multilingual or synthetic augmen-
within a sentence, whereas code-switching (CS)  tation settings (Bhat et al., 2023; Romana et al.,
denotes alternation across sentences or discourse ~ 2024; Amann et al., 2024), yet remain largely
segments. CM is intra-sentential, whereas CS is  English-centric or text-bound. Speech-level cor-
inter-sentential, but quite often both are used in-  pora that jointly represent code-mixing and disflu-
terchangeably (Kim, 2006). This linguistic blend- ~ ency for Indic languages remain scarce. Even in
ing is particularly prevalent in multilingual societies ~ Hindi-English ASR (Sitaram et al., 2019), Bengali-
such as India (Harya, 2018), where conversational ~ English disfluent speech has received limited at-
speech naturally exhibits both cross-lingual alter-  tention.

nation and spontaneous irregularities. Collecting naturalistic disfluent code-mixed

Alongside multilingual blending, spontaneous  speech is costly and difficult, especially in micro-
speech exhibits disfluencies such as filled pauses  resource scenarios (approximately one hour
(“uh,” “um”), repetitions, hesitations, and restarts, of data). Large-scale end-to-end ASR models
which are natural by-products of human plan- require hundreds of hours to generalize effec-
ning and self-monitoring during speech production  tively (Hannun et al., 2014; Watanabe et al.,,
(Shriberg, 2001; Adell et al., 2006). However, most ~ 2018), rendering them unsuitable for cold-start
existing speech corpora for Indic languages con-  settings. In contrast, Gaussian Mixture Model—
sist of scripted, fluent recordings (Saranya et al., Hidden Markov Model (GMM-HMM) systems
2025; Diwan et al., 2021), and contemporary ASR  remain practical and interpretable for severely
systems often treat non-lexical tokens such as  data-constrained environments (Besacier et al.,
filled pauses as noise to be removed (Kundu etal., 2014; Mohri et al., 2008), and the Kaldi toolkit
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provides a robust experimental framework for
such regimes (Povey et al., 2011). Recent ad-
vances in Large Language Models (LLMs) and
multilingual neural text-to-speech (TTS) systems
such as Indic Parler TTS (Lacombe et al., 2024;
Lyth and King, 2024) offer an alternative pathway.
Synthetic speech generation has been shown to
support low-resource ASR research when real
data collection is infeasible (Yeo et al., 2026).
Rather than aiming to replace natural corpora,
synthetic pipelines provide a controlled environ-
ment for modeling specific linguistic phenomena.
Building on these advances, we construct BEHE-
CMDisfl by generating disfluent Bengali—-English
and Hindi—English code-mixed utterances using
structured LLM prompts using OpenAl's Chat-
GPT', followed by speech synthesis with Indic
Parler TTS?. The corpus explicitly incorporates
filled pauses, repetitions, and restarts within
multilingual speech. Beyond resource creation,
we evaluate its practical utility in a micro-resource
setting by establishing GMM-HMM baselines on
a 1.3-hour Bengali-English subset using Kaldi.
This study therefore pursues two complementary
goals: to release a disfluency-aware code-mixed
speech corpus, and to examine its suitability for
low-resource ASR experimentation.

1.1. Our Contribution:

* We develop BEHE-CMDisfl, a Bengali-
English (BE) and Hindi—English (HE) speech
dataset generated through a controlled LLM-
TTS pipeline that explicitly integrates filled
pauses, repetitions, and restarts within multi-
lingual utterances.

» We document the prompt design strategy, lin-
guistic constraints, and synthesis pipeline to
ensure reproducibility and clarity in the data
creation process.

» We establish reproducible GMM-HMM base-
lines (Monophone, Triphone, LDA-MLLT) for
Bengali-English disfluent code-mixed ASR
using Kaldi on a 1.3-hour subset.

 We demonstrate the impact of translitera-
tion normalization and lexicon consistency
on recognition performance, achieving a best
WER of 37.74%.

» We show that disfluency markers are retained
in decoding outputs when explicitly modeled
in the lexicon, supporting their inclusion rather
than removal in conversational ASR research.

"https://chatgpt.com/
2https://huggingface.co/aidbharat/
indic-parler-tts
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2. Related Works

Research on code-mixed language processing
has expanded in recent years, particularly for
multilingual contexts such as South Asia. Early
work primarily focused on textual datasets for
Hinglish, Banglish, and Tamil-English, targeting
sentiment analysis and sequence labeling tasks
(Patra et al., 2018; Singh et al., 2018; Alam et al.,
2024; Nishat Raihan et al., 2023). On the speech
side, datasets such as MUCS 2021 (Diwan et al.,
2021) and Prabhupadavani (Sandhan et al., 2022)
support multilingual ASR and speech translation.
More recent efforts include MediBeng (Ghosh,
2025) and Switchlingua (Xie et al., 2025). While
these resources advance code-switched speech
research, they generally focus on fluent speech
and do not explicitly incorporate disfluency phe-
nomena. Disfluency research has been well es-
tablished in English corpora such as Switchboard
(Godfrey and Holliman, 1997) and FluencyBank
(Romana et al., 2024). Studies on automatic dis-
fluency detection and correction (Amann et al.,
2024) and synthetic augmentation for Indic lan-
guages (Bhat et al., 2023) highlight the importance
of modeling spontaneous irregularities. However,
speech-level corpora that jointly represent code-
mixing and disfluency for Indic languages remain
limited (Saranya et al., 2025).

Recent advances in neural TTS and large lan-
guage models enable scalable synthetic corpus
creation. Indic Parler TTS (Lacombe et al., 2024;
Lyth and King, 2024) supports multilingual speech
generation, and synthetic pipelines have been
used to support low-resource ASR research (Thai
et al., 2019; Yeo et al., 2026). MixFluent (Paul
et al.,, 2025) has successfully demonstrated the
feasibility of generating synthetic code-mixed dis-
fluent text using LLMs, it remains strictly limited to
the textual modality. MixFluent provides valuable
linguistic benchmarks for Bengali-English code-
mixing, but its lack of acoustic realization renders it
unsuitable for training end-to-end speech systems
or modeling the prosodic features of disfluency.
Our dataset, BEHE-CMDisfl, directly extends this
foundational research by bridging the gap between
text and speech. We not only adapt the text gen-
eration methodology for broader coverage incor-
porating both Bengali-English and Hindi-English
pairs, but crucially, we project these textual dis-
fluencies into the acoustic domain using the Indic
Parler TTS framework.

In ASR research, Kaldi has been widely used
for low-resource and code-switched settings (Kull-
mann, 2016; Yilmaz et al., 2016). Although deep
models perform well in high-resource scenarios
(Panayotov et al., 2015; Bu et al., 2017), their effec-
tiveness in micro-resource conditions remains lim-



ited (Dar and Pushparaj, 2026; Dhasmana et al.,
2026). Indian code-mixed ASR work has largely fo-
cused on Hindi-English datasets of moderate size
(Pandey et al., 2018), leaving disfluent Bengali—
English speech under-explored. Taken together,
existing resources either emphasize code-mixing
without disfluency, disfluency without multilingual
speech, or text without audio. Our dataset fill
this gap that integrates Bengali—-English and Hindi—
English code-mixing with explicit disfluency mod-
eling, alongside baseline ASR experiments in a
micro-resource setting.

3. Dataset Development
Methodology

The BEHE-CMDisfl dataset was constructed
through a two-stage synthetic pipeline that com-
bines (i) ChatGPT based generation of code-
mixed disfluent text and (ii) Indic Parler TTS synthe-
sis to produce the corresponding speech. Bengali
and Hindi are treated as matrix languages, with
English as the embedded language. The design
prioritizes controlled disfluency injection, realistic
code-switching behavior, and reproducibility of the
generation process.

3.1. Text Corpus Design and Preparation

To ensure a generalized domain, we curated ref-
erence text prompts covering some of the major
conversational contexts:

+ Daily life and informal communication (e.g.,
greetings, personal anecdotes, job oriented
discussions etc.)

» Task-oriented dialogs (e.g., customer—service
interactions)

» Education and classroom discussions among
teachers and students

« Healthcare and teleconsultation contexts

» Social media—style opinions, commentary
and discussions about sports and entertain-
ment

This step is a way to explore the intersection
of code-mixing and disfluency in bilingual speech
and text, with a focus on understanding how LLMs
handle code-mixed disfluent utterances. One of
the primary objectives was to explore LLMs’ ability
to generate code-mixed disfluent sentences and to
address the lack of high-quality code-mixed disflu-
ent corpora, particularly for Indic languages.

3.2. LLM-Driven Text Generation

To generate real and natural code-mixed disfluent
text, we used a LLM, specifically, ChatGPT (GPT-
5 model) using zero shot and few shot prompt-
ing techniques. A typical prompt used to generate
a BE-CM disfluent textual conversational data is
shown below:

You are a dialog generation assistant.
Generate realistic, informal conversa-
tions between multiple speakers in a
South Asian context (Bengali-English), in-
corporating the following instructions:

1. Speaker Roles and Identity

- Each line should start with the
speaker’s name followed by a colon,
e.g., "Arjun: ...”
- Maintain consistent personality for
each speaker:
- Speaker A: friendly, informal,
slightly humorous
- Speaker B: polite, thoughtful,
sometimes hesitant
- Include a variety of speakers with

different age, gender, and occupa-
tion backgrounds.

2. Code-Mixing Requirements
- Blend Bengali with English naturally
within sentences.

- Code-mixing should occur at the
word level, phrase level, or mid-
sentence.

- Ensure frequent switching for real-
ism, but do not overuse English.

3. Disfluency Requirements

- Insert natural disfluencies like:

- Filled pauses: “uh”, "umm”,
"N, "SeRlY,  "you  know”,
"hmm?”, "err”, etc.

- Repetitions: repeating words or
phrases

- Hesitations:  restarting sen-

tences, partial words
- Include disfluencies in roughly 15
- Disfluencies should appear ran-
domly but contextually plausible.
4. Conversation Context
- Base dialogs on everyday scenar-
ios:
- Catching up with friends



- Work or office discussions

- Academic or student-related in-
teractions

- Social plans or small talk about
sports, fils, tours, etc.

- Keep conversations casual and nat-
ural.

5. Output Formatting

- Format each utterance as: Speak-
erName: <utterance>

- Avoid narration or meta-comments.
- Maintain proper punctuation.

- Use Unicode Bengali characters
where applicable.

- Do not translate English words
unnecessarily; retain natural code-
mixing.

6. Length

- Each conversation should contain
15-25 lines of dialog.

Example Instruction:

"Generate a casual conversation be-
tween two friends, Kabir and Aditi, where
they catch up about work and weekend
plans. Include filled pauses and sponta-
neous repetitions. Use Bengali-English
code-mixing naturally.”

We used this structured prompt in both zero-shot
and few-shot settings, adding examples to stabi-
lize speaker consistency and turn-taking. Explicit
constraints on roles, code-mixing, and disfluency
show a balanced structural control with natural
flow. We performed no manual rewriting beyond
basic formatting checks (e.g., script consistency
and structural validation). All generated dialogs
are available in the repository®. A brief portion of
the structural output of our prompting strategy is
shown in the below example, showcasing how the
model realizes conversational disfluencies within
a code-mixed Bengali—English context.

Arjun: Ohh, hi... hi sfaf$, umm &=
qCY? W, a4 el 2@ ©lfif, actu-
ally...

Aditi: Hey, hey srg=1! @nf¥ =ifg umm, =uifst
Sl | mean, SN SICEIR 0T Q9. $fN-
err, you?

Arjun: Oh, @fst? @ft ¢el... sew, =nfst 363
. FICSE BI9G1- uh, FICS b1 @R @2
©{... but it is okay.

Shttps://github.com/anonrpd/
BEHE-CMDisf/tree/main/text_data

Aditi: Exactly... exactly, 3. <rwg-e...
AWE-8 actually ¥TF week-a deadline
f2e- @3 (... um, sorry, & IeREN? ),
deadline-B1...43w impossible aifes &g
R0 (21Tl somehow.

3.3. Speech Synthesis with Indic Parler
TTS

The generated dialogs were converted into speech
using Indic Parler TTS developed by Al4Bharat?, a
multilingual neural TTS framework supporting mul-
tiple Indic languages. The model was selected
due to its support for Indic scripts and its abil-
ity to process mixed-script inputs, which is essen-
tial for Bengali-English and Hindi—English code-
mixed text. Speaker profiles were defined through
textual descriptions and supplied to the TTS model
to simulate inter-speaker variability across dialog
turns. This allowed consistent voice characteris-
tics within a conversation while preserving multi-
speaker structure. For instance, a profile might be:

Example Speaker Profile (Aditi): “A young
adult female from West Bengal with a friendly,
natural voice. Speaks in a casual tone typical
of a Kolkata student. Bengali words sound
native and informal, while English terms are
clear with a Bengali accent. Incorporates nat-
ural pauses and fillers (um, hmm, achha) at
switching boundaries to maintain a steady, ex-
pressive conversational rhythm.”

Each generated text files (as described in the
previous section) was processed into speech ac-
cording to Algorithm 1. Utterances were seg-
mented into chunks of at most 25 words prior to
synthesis. This chunking strategy was adopted to
improve waveform stability and prevent degrada-
tion in longer inputs. The synthesized segments
were then concatenated to form a single audio file
per dialog. No manual post-editing was performed
on the generated waveforms beyond structural vali-
dation and file consistency checks. The generated
speech data are available on this repository®.

3.4. Statistical Analysis of the Dataset

In this section we discuss about the statistical anal-
ysis of both the textual data and the corresponding
speech data and introduce some of the evaluation
metrics used.

3.4.1. Evaluation Metrics

Some of the evaluation metrics used are:

*https://aidbharat.iitm.ac.in/
Shttps://github.com/anonrpd/
BEHE-CMDisf/tree/main/speech_data



Algorithm 1 Text-to-Speech Generation for Disflu-

ent Bengali-English/Hindi-English Code-Mixed di-

alogs

Require: input_folder: directory of dialog
.txt files; speaker_profiles: speaker de-
scriptions

Ensure: output_folder: generated .wav au-
dio files

1: for each file F'in input_folder do

2 Initialize audio_segments list

3: Read all lines from F

4: foreach linein F (up to MAX_LINES) do

5 Parse line — speaker_name

utterance_text

6: if speaker_name not in

speaker_profiles then

7 skip line

8: end if

9: speaker_desc =

speaker_profiles[speaker_name]
10: Split utterance_text into chunks < 25
words
11: for each chunk do
12: Generate audio using
model.generate (tokenized_spe-
aker_desc, tokenized_chunk)
— audio_waveform
13: Append audio_waveform to
audio_segments
14: end for
15:  end for
16:  if audio_segments not empty then
17: Concatenate  audio_segments —
final_ audio
18: Save final audio as .wav in
output_folder
19:  endif
20: end for

1. Mean Filler Percentage (%): Proportion of to-
kens in an utterance that are filler words (e.qg.,
uh, um, ah).

2. Mean Repetition Percentage (%): Percent-
age of tokens that are repeated immediately
or within a short span.

3. Mean Restart Percentage (%): Fraction of
utterances exhibiting restart phenomena

4. Mean Code-Switch Percentage (%):

Ratio of words from the embedded (non-
matrix) language to total words, reflecting the
degree of code-switching.

5. Speech Ratio:

Proportion of the total duration of the audio
that contains active speech segments (exclud-
ing silence).
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6. Speech Ratio Range:
Difference between the maximum and mini-
mum speech ratio across utterances in a cor-
pus.

3.4.2. Text Data Analysis

The corpus includes 77 Bengali-English (BE-CM)
and 40 Hindi-English (HE-CM) code mixed disflu-
ent text dialog files, covering a range of conver-
sational contexts. As shown in Table 1, Bengali—
English dialogs contain an average of ~13.6 words
per utterance, while Hindi—-English dialogs aver-
age ~11.8 words. These values indicate moder-
ately sized conversational turns across both sub-
sets, with comparable structural organization.

Feature BE-CM HE-CM
Text Data Text Data
Total Files 77 40
Mean Utterances
per File 31.62 44.32
Mean Words/File 392.42 520.05
Mean Words
per Utterances 13.59 11.77
Mean Filler % 0.25 0.24
Mean Repetition % 0.37 0.14
Mean Restart % 1.35 1.22
Mean CS % 30.94 34.46
Table 1: Summary statistics of the Bengali-

English and Hindi—-English disfluent code-mixed
text corpora.

Disfluency markers are present at controlled lev-
els throughout the corpus. Filled pauses account
for approximately 0.24

Figure 1 illustrates distinct code-mixing be-
haviors between the datasets. The Bengali-
English data exhibits high variability (4.68%-
62.93%), suggesting context-dependent hetero-
geneity, whereas the Hindi-English dataset shows
a narrower, more consistent range (22.44%-
55.4%). This contrast highlights the differential na-
ture of the generated text, likely reflecting the un-
derlying distribution of the LLM’s training data.

3.4.3. Speech Data Analysis

The Bengali-English code mixed (BE-CM) speech
corpus comprises 77 recordings with mean dura-
tion of 195.8 s, while the Hindi—English code mixed
(HE-CM) set contains 40 recordings with mean du-
ration of 224.4 s. Table 2 clearly shows that both
subsets exhibit high speech ratios (>0.90), indicat-
ing minimal silence and stable conversational flow.
Average speech rates fall within 2.26—2.34 words
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Figure 1: Code-Mixing Percentage Per Text File for Both the Languages.

per second, consistent with natural bilingual con-
versational tempo. The relatively low standard de-
viation in speech rate suggests uniform articulation
speed across synthesized speakers.

Feature BE-CM  HE-CM
Speech Speech
Data Data
Total recordings 77 40
Duration range (s) 108— 136—-
304 329
Average duration (s) 195.8 224.4
Mean speech ratio 0.90 0.94
Speech ratio range 0.82- 0.91-
0.95 0.97
Estimated words per file 438.5 + 5254 +
110 120
Speech rate (words/s) 226 + 234 =+
0.07 0.05

Table 2: Comparative summary of Bengali-English
and Hindi-English speech corpora.

Duration vs Estimated Words with Regression Trend
800
e Bengali-English
Hindi-English
- Bengali Trend

Hindi Trend

(o2}
o
o

Estimated Words

100

150

200 250
Duration (seconds)

300

Figure 2: Relationship between speech duration
and estimated word count for BE and HE datasets.

The plot shown in figure 2 shows the scatter plot
of Duration vs Estimated Words that complements
this by showing a consistent relationship between
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speech duration and word output for both the code-
mixed disfluent datasets, with regression trends
highlighting differences in speaking rate and ver-
bosity. Together, these results indicate that our
dataset maintains controlled disfluency injection
at the textual level, stable acoustic realization at
the speech level, and meaningful variation across
the two code-mixed language pairs. This com-
bination makes the dataset appropriate for low-
resource ASR benchmarking and exploratory stud-
ies on disfluency-aware modeling.

4. Experimental Validation

To assess the efficacy of the BEHE-CMDisfl cor-
pus in downstream tasks, we established a base-
line ASR system using the Kaldi toolkit. Our ob-
jective was to determine if a model trained on this
purely synthetic, disfluent data could successfully
learn to decode code-mixed speech and, crucially,
preserve disfluency markers rather than treating
them as noise. We selected a 1.3 hour subset
from the BE-CM disfluent data for this study to rig-
orously evaluate the pipeline’s effectiveness under
severe data constraints typical of cold-start scenar-
ios.

4.1. Experimental Setup

We utilized a GMM-HMM pipeline, which remains
a robust choice for micro-resource regimes where
deep learning models often fail to generalize. The
dataset was partitioned into a training set (12,006
words) and a held-out test set (1,236 words), main-
taining an approximate 90/10 split to ensure rig-
orous evaluation. We employed a standard fea-
ture extraction pipeline (MFCCs + deltas + delta-
deltas) and trained a progression of Monophone,
Triphone, and LDA-MLLT models.



4.2. Results and Analysis

Table 3 summarizes the WER performance across
different acoustic modeling stages.

Model Configuration WER (%)
Monophone 51.14
Triphone (Tri1) 39.23
LDA-MLLT (Tri2b) 38.33
Wide-Beam Decoding (17.0) 37.74

Table 3: ASR performance (WER %) on the
Bengali-English disfluent code-mixed subset us-
ing the Kaldi GMM-HMM baseline. The system
achieves a best-case WER of 37.74% with wide-
beam decoding.

The results indicate that the synthetic data pos-
sesses sufficient phonetic consistency to train a vi-
able acoustic model from scratch. Notably, a sim-
pler Triphone model achieved a WER of 39.23%,
suggesting that for micro-resource synthetic data,
lexicon consistency is often more critical than
model complexity. The best performance (WER of
37.74%) was achieved by widening the decoding
beam to account for the higher perplexity at code-
switching points.

Achieving a WER of 37.74% is particularly signif-
icant given the micro-resource regime (1.3 hours)
where deep learning benchmarks typically strug-
gle to generalize. For context, recent studies
on similar low-resource Indic languages using ad-
vanced Wav2Vec2 architectures reported WERs
as high as 47.10% even with significantly more
data (10 hours) (Dar and Pushparaj, 2026). Our
results demonstrate that for extremely scarce, dis-
fluent code-mixed data, a rigorously normalized
GMM-HMM pipeline performs better than the theo-
retical baselines of deep neural models which are
prone to severe overfitting in cold-start scenarios.

4.3. Disfluency Retention

A key objective was to evaluate if the model could
capture synthetic disfluencies. Unlike standard
systems that often filter filled pauses, our GMM-
HMM baseline successfully retained these tokens.
Table 4 highlights two examples where the model
correctly transcribed filled pauses ("'um”), repairs
(i mean”), and repetitions (“oh oh”). This confirms
that the synthetic data provides sufficient spectral
evidence to treat disfluencies as valid lexical units
rather than background noise.

4.4.

We also observed that rigorous text normalization
was essential. Initial experiments with raw, in-
consistent transliterations (e.g., ’ar’ vs ’aar’ for

Impact of Normalization
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Case Type Transcript Sequence
Ref um i mean ekta choto re-
union
Hyp um i mean ekta choto re-
union

Status: Correctly identified repair

& filled pause

Ref  acha oh oh

Hyp acha oh oh

Status: Correctly identified repetition

Table 4: Successful recognition of disfluent mark-
ers in the BE-CM disfluent synthetic test set.

the Bengali word ®i9) yielded a higher WER of
42.74%. Standardizing the lexicon improved this
to 38.33%, highlighting that the quality of the syn-
thetic text prompts is as important as the audio
quality itself.

5. Applications and Uses

The BEHE-CMDisfl corpus is designed to address
the scarcity of training data for conversational Indic
speech technologies. Based on our experimental
validation, we identify three primary applications:

* Robust ASR Training in Low-Resource
Regimes: As demonstrated by our Kaldi
baseline results, the corpus serves as a crit-
ical resource for bootstrapping ASR systems
in micro-resource scenarios (<2 hours). It
enables the training of acoustic models that
do not merely treat disfluencies as noise but
learn to transcribe them as valid lexical tokens
(e.g., filled pauses, repetitions), which is es-
sential for accurate transcriptions of sponta-
neous dialogue.

Disfluency Detection and Repair: The cor-
pus provides explicit, aligned examples of dis-
fluent phenomena (restarts, hesitations) in
code-mixed contexts. This structured data
supports the development of supervised dis-
fluency detection modules that can be inte-
grated into end-to-end ASR pipelines to im-
prove readability and downstream process-

ing.

Conversational TTS Modeling: The paired
text—speech data, generated via the Indic Par-
ler TTS, offers a controlled environment for
studying prosodic modeling at code-switching
points. Researchers can use this dataset to
analyze and improve the naturalness of syn-
thetic voices when navigating the complex
prosody of bilingual sentence structures.



6. Conclusion and Future Work

We presented BEHE-CMDisfl, a synthetic, repro-
ducible Bengali-English and Hindi-English code-
mixed speech corpus with explicit annotations for
disfluency phenomena. Our experimental valida-
tion using a Kaldi GMM-HMM baseline demon-
strates that the dataset can successfully train
disfluency-aware acoustic models, achieving a
WER of 37.74% and correctly identifying filled
pauses and repetitions for the BE-CM disfluent
data. This confirms that synthetic data, when gen-
erated with consistent lexicons, is a viable stopgap
for low-resource Indic speech research. While our
synthetic pipeline effectively captures disfluency
markers for ASR training, we view it as a targeted
computational framework for modeling specific lin-
guistic phenomena. We acknowledge that syn-
thetic audio serves to approximate conversational
patterns and may not fully replicate the complex
acoustic variety of natural human speech. Future
iterations of this study will include statistical signifi-
cance testing and cross-validation across multiple
training seeds to further verify the stability of our
WER findings.

Our immediate road map focuses on validating
and extending this resource:

» Real-Speech Validation: To evaluate the
generalizability of our findings, we plan to cu-
rate a ’‘gold-standard’ dataset consisting of
3-5 hours of natural conversational speech.
This benchmark will allow us to formally quan-
tify the 'Sim-to-Real’ gap and assess how ef-
fectively our synthetic-trained models general-
ize to noisy, real-world environments.

Speech-to-Speech Translation: We plan
to explore using this disfluent data to train
translation models that can normalize disflu-
ent code-mixed speech into fluent English
speech.

Broader Language Coverage: The pipeline
will be extended to other morphologically rich
Indic languages, such as Tamil, Marathi, and
Telugu, to test cross-lingual generalization.
Also we will train and test on the Hindi-English
disfluent code-mixed dataset as well.

7. Summary

7.1.

We present BEHE-CMDisfl, a synthetic, repro-
ducible Bengali-English and Hindi—-English code-
mixed speech corpus with explicit annotations for
disfluency phenomena and language segments.
The corpus fills an important gap for multilingual,
disfluent speech modeling in Indic contexts and

Summary of Contributions
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supports ASR fine-tuning, disfluency detection,
TTS research, and sociolinguistic studies.

7.2. Final Remarks

We believe BEHE-CMDisfl provides a practical,
reproducible resource for the community while
emphasizing transparency and ethical safeguards.
Researchers using the corpus should validate find-
ings on real conversational speech before deploy-
ment in safety-critical settings.

8. Ethical Considerations and
Limitations

We recognize both the benefits and potential
risks of generating synthetic, code-mixed, disflu-
ent speech. Key ethical aspects and mitigations
are summarized below:

Transparency: All generation steps—including
LLM prompts, TTS model versions, and post-
processing scripts—should be fully documented to
ensure reproducibility and accountability.

Misuse Risks: Synthetic speech can be ex-
ploited for voice spoofing or misinformation. To mit-
igate such misuse, dataset releases must include
clear usage guidelines, watermarking procedures,
and, where possible, benchmarks for deepfake de-
tection.

Bias and Representativeness: Both text gen-
eration and TTS systems inherit demographic
and linguistic biases. We report speaker cover-
age, avoid mimicking real individuals, and cau-
tion against overgeneralization across underrepre-
sented dialects.

Evaluation Limits: Synthetic disfluencies may
not fully capture natural conversational patterns;
results obtained from synthetic data should be val-
idated on real-world speech to ensure generaliza-
tion.

Privacy and Consent: As no real voices are
used, privacy risks are minimal. However, the po-
tential for misuse (e.g., impersonation) warrants
controlled access and restrictive licensing.
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Abstract

Konkani is a low-resource Indo-Aryan language spoken along the western coast of India, characterized by signifi-
cant dialectal variation, multi-script usage, and limited standardized computational resources. This paper presents
a consolidated and analysis-ready lexical resource derived from the Konkani Wordnet, built under the IndoWordNet
framework. The resource comprises 32,370 synsets, 37,719 unique lexical entries, 32,370 glosses, and 33,318
example sentences, enriched with pronunciations, semantic relations, and illustrative examples. We describe the
systematic extraction, normalization, and structural integration of wordnet data, resolving identifier inconsistencies
and ensuring semantic coherence across distributed lexical files. To demonstrate the practical utility of this resource,
we present an API-based bilingual vocabulary exercise generation system that leverages shared synset identifiers
to automatically produce semantically aligned Hindi—Konkani word pairs for e-learning applications. The resulting
resource enhances accessibility, reproducibility, and computational readiness for NLP tasks, while providing a foun-
dational infrastructure for developing technology-driven teaching and learning tools for Konkani.

Konkani, Language Resources, Konkani Word-  e-learning applications (Redkar et al., 2017b,a,
net, Wordnet, IndoWordNet, Low-Resource Lan-  2018).
guage, Synset, Lexical Resources, Corpus, KWN

1.1. Contributions

1. Introduction The primary contributions of this work are as fol-
The expansion of digital learning platforms has in- lows:
creased the need for scalable tools that support + Dataset Extraction and Normalization:
multilingual education, particularly for Indian lan- A systematic consolidation of the Konkani
guages where structured learning resources are Wordnet comprising 32,370 synsets, 37,719
limited. Vocabulary acquisition remains central to unique lexical entries, 32,370 glosses, and
language learning, and interactive formats such as 33,318 example sentences. The resource
match-the-pairs exercises are commonly used to resolves structural redundancies, harmonizes
reinforce word associations (Redkar et al., 2018). identifier mappings, and ensures semantic
WordNet provides a structured lexical frame- consistency across distributed lexical files,
work in which words are organized into synsets making it analysis-ready for NLP tasks.
representing language-independent concepts . Cross-lingual Pairing System: An API-
(Miller et al., 1990; Fellbaum, 1998). IndoWord- based bilingual exercise generation system
Net (Bhattacharyya, 2010) extends this model that uses shared IndoWordNet synset iden-
to multiple Indian languages, including Hindi tifiers to automatically produce semantically
and Konkani, using a shared synset structure aligned Hindi—Konkani word pairs without re-
(Walawalikar et al., 2012; Kashyap et al., 2016). lying on direct translation dictionaries.
This shared conceptual layer enables cross-
lingual alignment based on semantic equivalence + Educational Application Demonstration: A
rather than direct translation (Sarma et al., 2012; working demonstration of how structured lex-
Dash et al., 2017). ical databases can be operationalized into
This paper presents a consolidated Konkani scalable, concept-based vocabulary genera-
Wordnet resource and demonstrates its applica- tion systems suitable for integration with e-
tion in automatically generating bilingual Hindi— learning platforms and language learning ap-
Konkani match-the-pairs vocabulary exercises. plications.
The approach uses synset identifiers as a pivot:
words from both languages belonging to the same 2. Literature Review

synset are paired to form semantically aligned vo-

cabulary questions. The system is implemented  Work on building lexical and computational re-
as an APl-based module that retrieves synset—  sources for Konkani has moved in steps — first lay-
word mappings, performs cross-lingual synset ing down basic word lists, then expanding them us-
matching, and generates word pairs for use in  ingreal language data, creating visualization tools,
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adding new features like audio, and testing these
resources in actual applications. Konkani, being a
low-resource language with multiple dialects and
scripts, presents challenges in standardizing vo-
cabulary, maintaining consistency, and ensuring
interoperability. Below we trace the development
of Konkani WordNet within the broader context of
Indian language wordnet development.

2.1. Princeton WordNet and the

WordNet Model

The foundation of all modern wordnet develop-
ment was laid by Miller et al. (1990) with the cre-
ation of Princeton WordNet for English. Word-
Net organizes lexical knowledge into synsets —
groups of synonymous words representing a sin-
gle underlying concept — connected through se-
mantic relations such as hypernymy, hyponymy,
meronymy, and antonymy (Fellbaum, 1998). This
model proved highly influential, inspiring the devel-
opment of wordnets for dozens of languages world-
wide. The core insight — that meaning is best cap-
tured through conceptual groupings rather than in-
dividual word definitions — remains the guiding
principle for all IndoWordNet development.

2.2. IndoWordNet and Indian Language

Wordnets

Bhattacharyya (2010) introduced IndoWordNet as
a multilingual lexical database linking wordnets of
major Indian languages under a shared synset
framework. The shared synset structure means
that languages do not need direct translation dictio-
naries — instead, words from different languages
are linked through a common concept identifier,
enabling cross-lingual alignment based on seman-
tic equivalence (Sarma et al., 2012; Dash et al,,
2017).

Hindi WordNet, developed at IIT Bombay, is the
most mature and largest Indian language wordnet
and serves as the pivot language for IndoWord-
Net development (Kashyap et al., 2016). It has
been used extensively for educational applications,
including the Hindi Shabdamitra tool for vocabu-
lary learning (Redkar et al., 2017b,a, 2018). Other
Indian languages represented in IndoWordNet in-
clude Bengali, Marathi, Telugu, Tamil, Gujarati,
Punjabi, and Assamese, each developed using ei-
ther the expansion approach — translating from
Hindi synsets — or the merge approach — building
independently then linking. Sanskrit WordNet has
also been developed and applied for educational
purposes (Kulkarni et al., 2019). The breadth
of IndoWordNet demonstrates both the scalability
of the shared synset model and the growing im-
portance of structured lexical resources for Indian
NLP.
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2.3. Building Konkani WordNet

Walawalikar et al. (2010) initiated Konkani Word-
Net' development using the expansion approach
pioneered for Hindi WordNet at [IT Bombay. They
systematically translated and adapted existing
synsets into Konkani, producing around 1,969 core
synsets. This process required careful handling of
Konkani’s dialectal diversity — including Goan and
Saraswat varieties — multi-script usage across De-
vanagari, Roman, and Kannada scripts, and nu-
merous vocabulary items without straightforward
equivalents in other languages. Their work es-
tablished Konkani’'s place within the broader In-
doWordNet network and enabled data sharing
with other Indian language wordnets (Desai et al.,
2010, 2016). Further, Konkani Wordnet Dictionary,
KWN-Dict, has been developed as one of the ap-
plications of Konkani Wordnet by (Redkar et al.,
2026).

2.4. Surveying Konkani NLP Resources

Rajan et al. (2020) conducted a comprehensive
survey of computational resources for Konkani,
cataloguing tools such as the ILCI parallel cor-
pus (approximately 50,000 sentences), POS tag-
gers, morphological analyzers, and early speech
datasets. Konkani WordNet was identified as a key
resource, though the survey highlighted persistent
gaps — small corpora, insufficient annotated data,
few benchmarks, and limited integration between
existing tools. The authors called for dataset stan-
dardization and stronger connections between lex-
ical databases and real NLP applications.

2.5. Corpus-Based Enhancement

Manerkar et al. (2022) moved beyond simple
synset expansion by using the Shabdarth crowd-
sourcing platform to identify gaps through real lan-
guage data analysis. They identified 572 miss-
ing words and added 71 new synsets, improving
coverage in certain domains by up to 27%. This
work marked a methodological shift — from top-
down list expansion to bottom-up, data-driven en-
richment — and demonstrated the value of com-
munity participation in resource building for low-
resource languages.

2.6. Visualization and Learning Tools

As the Konkani WordNet database grew beyond
32,000 synsets, concerns around usability and ac-
cessibility emerged. Gawde et al. (2024a) ad-
dressed this by developing a tree-based visual-
izer that allows users to explore semantic relation-
ships such as hypernyms and hyponyms interac-
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tively. This tool improved the transparency of the
resource, supported concept-based teaching, and
helped identify structural inconsistencies within the
network.

2.7. Multimodal Enrichment

The Shabdocchar project (Gawde et al., 2024b) ex-
tended Konkani WordNet beyond text by adding
audio pronunciation recordings through a gami-
fied crowdsourcing mechanism. This multimodal
enrichment is particularly significant for Konkani
where dialectal pronunciation differences are sub-
stantial. The audio data supports development
of speech recognition and text-to-speech systems,
pushing Konkani WordNet toward becoming a truly
multimodal lexical resource.

2.8. Application-Focused Studies

Ghosarwadkar et al. (2024) demonstrated an NLP
application using zero-shot transfer learning from
Marathi for Konkani sentiment analysis, exploiting
the linguistic proximity between the two languages
to compensate for limited Konkani training data.
Their work underscores the importance of struc-
tured lexical resources as a foundation for down-
stream NLP tasks and highlights the broader po-
tential of cross-lingual transfer for low-resource In-
dian languages.

3. Statistical Analysis of the
Consolidated Resource

3.1.

The consolidated Konkani WordNet resource com-
prises 32,370 synsets and 37,719 unique lexical
entries. In addition, the dataset contains 32,370
glosses and 33,318 example sentences. These
figures reflect the scale of the resource following
normalization, identifier harmonization, and struc-
tural integration across distributed lexical files.

Core Resource Statistics

Component Count
Synsets 32,370
Unique Lexical Entries 37,719
Glosses 32,370
Example Sentences 33,318

Table 1: Statistics of Konkani Wordnet

3.2. Derived Quantitative Metrics

To assess semantic coverage and structural den-
sity, quantitative metrics were computed relative to
the total number of synsets.

Gloss Coverage:

32,370
32,370

x 100 = 100% (1)

Every synset contains a definitional description,
ensuring complete semantic coverage.
Example Coverage:

33,318
32,370

x 100 = 102.9% 2)

Some synsets contain more than one example
sentence, resulting in a coverage ratio exceeding
100%.

Lexical Density:

—1.17 (3)

This ratio reflects the presence of polysemy
and shared lexical realizations across conceptual
nodes.

Average Words per Synset:

55,530
32,370

1.72 (4)

Each synset contains 1.73 lexical items on aver-
age, indicating a semantically rich but compact lex-
ical organization.

3.3. Sample Synset Entries

To illustrate the structure and richness of the con-
solidated resource, Table 2 presents represen-
tative synset entries from the Konkani Wordnet
across different parts of speech.

These examples demonstrate several key prop-
erties of the resource. First, multiple synonymous
words are grouped under a single synset, captur-
ing the synonymy relation. Second, glosses pro-
vide definitional clarity in natural language. Third,
example sentences ground each concept in au-
thentic Konkani usage, supporting both language
learners and NLP researchers. The structured
synset representation further enables bilingual ap-
plications such as the exercise generation system
described in Section 4.

4. Konkani Wordnet Resources

The Konkani WordNet used in this work is part of
the larger IndoWordNet initiative, which has taken
inspiration from the Princeton WordNet model by
organizing lexical knowledge into synsets repre-
senting language-independent concepts. Each
synset consists of a set of synonymous words and
is linked to other synsets through semantic and
lexical relations such as hypernymy, hyponymy,
and meronymy. In the database schema, lexical



SynsetID POS Konkani Words Gloss Example Sentence
99 Noun fam, @9 (ginyaana, W 41 foURie Sar A d@%pdd &) R
nyaana) - knowledge ot ot a1 foRmih smar (taakaa san-
mfedt (manaaka vaa skrutaacheM — bareM
vichaaraanka  jaataa ginyaana aasaa)
ashee vastoonchee
vaa vishayaanchee
maabhitee)
86 Adjective &R, 3URfd (hajara, up- Wl dRcd, TER a1 AN dld goR SATRIeA
astheeta) - present arfl e (laageeM  fommedt 3ui e (agja
bashilleM, mukhaar vargaanta hajara
vaa laageeM aayilleM)  aashille vidhyaarthee
uNeM aasale)
2078 Verb fUdau, figu, d@icy (piye- UGS &4, UH, 3ok, GG, 81 I&d [Uday HAddhd &1
vapa, pivapa, ghoM- TUSUeidared (paatala (udaka piyevapa bha-
Tapa) - to drink drava, raosa, udaka, laayakeka bareM)
dooda, bee padaartha
poTaanta ghaalapa)
123 Adverb  UR&, UHTUl (saarakeM, ®UTgEN  HAM A1 Al TSl R HH HUH
pramaaNeM) - like that =& (koNaay- ®fem (o mhaje
achyaa mataana saarakeM kaama
vaa nadarena) karapaaka sodinaa)
28106  Adjective X, I, Iq9 (bareM, S T A URUMHMEAT FE ¥4F AifQee @ 98

utkrushTa, uttama)

FUM AT a7 It 3 (jo
bare tarena pariNaa-
maachyaa rupaana
aasaa vaa yetaa aso)

ST (haaMva thaMya
naashilloM hee bari ga-
jaala)

Table 2: Sample synset entries from Konkani Wordnet with Part-of-Speech information

items are stored in the wn_word table, while the
mapping between words and concepts is main-
tained in the wn_synset_words table through
the synset_id field (Redkar et al., 2015, 2016).

The Konkani WordNet provides structured lexi-
cal coverage across multiple parts of speech, in-
cluding nouns, verbs, adjectives, and adverbs.
Each word entry is associated with a unique
word_id, and multiple words may be linked to the
same synset_id, representing synonymy at the
conceptual level.

The system operates on two IndoWordNet-
compliant lexical databases, wordnet_hindi
and wordnet_konkani, which follow a standard-
ized relational schema. Both databases contain
two core tables:

e wn_word (word_id, word) — stores lexi-
cal entries in the respective language.

* wn_synset_words (synset_id,
word_id) — maps each word to one or
more synsets representing concepts.

Cross-lingual alignment is performed by identi-
fying synset identifiers present in both databases.

These shared synsets form the semantic bridge be-
tween Hindi and Konkani. For any shared synset
s, where H, represents the set of Hindi words and
K, represents the set of Konkani words linked to
s, the number of potential bilingual word pairs de-
rived from that synset is:

|Hs x K (5)

Thus, the total number of automatically genera-
ble pairs depends on the lexical coverage of the
two WordNets and the extent of their synset over-
lap. The system is designed to operate on any
dataset conforming to this schema, making it inde-
pendent of specific corpus sizes and suitable for
future expansion as WordNet resources grow.

5. Discussion

The proposed system highlights the usefulness of
lexical knowledge bases for educational technol-
ogy. By leveraging synset identifiers as language-
independent concept markers, the system avoids
the limitations of direct translation dictionaries,
where one-to-one word mappings may ignore pol-
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ysemy and contextual meaning. Instead, words
are paired based on shared conceptual member-
ship, making the learning process semantically
grounded.

The modular architecture allows the system to
function purely as a backend question generator,
independent of any specific user interface. This
separation of concerns enables integration with dif-
ferent e-learning platforms, learning management
systems, or mobile applications.

5.1. Replicability to Other Indian

Languages

A significant strength of the proposed system is its
replicability across other IndoWordNet language
pairs. Since all languages within the IndoWordNet
framework share a common synset identifier struc-
ture, the bilingual pairing mechanism described in
this work can be extended to any two IndoWord-
Net languages with minimal modification. For ex-
ample, the same system architecture could gener-
ate vocabulary exercises for Hindi-Bengali, Hindi—
Marathi, Hindi-Telugu, or Konkani—Marathi pairs
simply by substituting the corresponding Word-
Net databases, provided they conform to the stan-
dard IndoWordNet relational schema comprising
the wn_word and wn_synset_words tables.

This cross-language scalability positions the
system not merely as a Konkani-specific tool but
as a general-purpose vocabulary exercise gener-
ator for Indian language e-learning. As IndoWord-
Net resources continue to grow and improve in cov-
erage and quality, the number of valid bilingual
pairs generated by the system will increase propor-
tionally, making the approach increasingly power-
ful over time. Future work may explore multi-way
alignment — generating exercises across three or
more languages simultaneously — further extend-
ing the educational utility of structured lexical re-
sources in Indian language contexts.

5.2. Limitations

The system’s effectiveness depends on the lexi-
cal coverage and quality of the underlying Word-
Net resources. Incomplete synset mappings or
uneven vocabulary distribution across languages
may limit the number of valid bilingual pairs. Addi-
tionally, while synset-level alignment ensures se-
mantic equivalence at a conceptual level, differ-
ences in usage frequency, register, or regional
variation are not explicitly addressed.

6. Conclusion

This paper presented a consolidated Konkani
Wordnet resource and demonstrated its applica-

53

tion in automatically generating bilingual Hindi—
Konkani match-the-pairs vocabulary exercises. By
using shared IndoWordNet synset identifiers as
the basis for cross-lingual alignment, the system
produces semantically equivalent word pairs suit-
able for vocabulary learning in e-learning environ-
ments. The architecture separates configuration,
database access, and service logic, resulting in a
modular and extensible API-based solution.

The work demonstrates how structured lexical
databases can be transformed into practical ed-
ucational tools that support concept-based lan-
guage learning. The approach is replicable across
all IndoWordNet language pairs, making it a scal-
able solution for Indian language vocabulary learn-
ing at large. Future extensions may include inte-
gration of additional IndoWordNet languages, in-
corporation of difficulty levels based on word fre-
quency or part of speech, and the use of glosses or
example sentences to further enrich learning con-
tent.
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Abstract

This paper presents a comprehensive framework for the development of a speech corpus for Sanskrit,
designed to facilitate advances in Automatic Speech Recognition (ASR) and Al/ML research. The proposed
corpus comprises over 107 hours of transcribed speech data, collected from diverse Sanskrit sources through
a systematic and scalable pipeline. We detail the end-to-end methodology adopted for corpus creation,
encompassing web crawling, data sanitization, audio downloading, and transcription alignment. Particular
emphasis is placed on the methodological rigor applied at each stage, including source selection,
preprocessing for quality assurance, transcription protocols, and forced alignment techniques. The paper
further addresses the unique complexities inherent to Sanskrit, spanning its phonetic richness, intricate
morphological structure, and distinctive syntactic patterns. By systematically addressing these dimensions,
the resulting 107-hour corpus aims to serve as a foundational resource for speech technology research in

Sanskrit.

Keywords: Sanskrit Speech Corpus, Resource creation for Sanskrit, Sanskrit speech recognition, Sanskrit
Data, Sanskrit Text, aligned data.

1. Introduction Despite its rich legacy, Sanskrit today faces
the paradox of reverence without
Sanskrit, one of the oldest and most widespread spoken wuse. Its everyday
grammatically sophisticated languages of spoken application has declined
the Indo-Aryan family, occupies a position of significantly over the centuries, rendering it
profound cultural, religious, and linguistic predominantly a written and liturgical
significance in the Indian subcontinent. language. This limited oral presence has
Recognized as one of the 22 scheduled hindered the development of modern
languages under the Eighth Schedule of the speech technologies for Sanskrit, making
Indian Constitution, Sanskrit has served for the compilation of large-scale spoken
millennia as the medium of philosophy, language data a persistent challenge.

science, literature, and religious thought. Its
grammatical framework, codified by the
legendary grammarian Panini in the 7%
century BCE, remains unparalleled in its
precision, drawing admiration from modern
linguists and computer scientists alike.

With the rapid advancement of Natural
Language Processing (NLP) and Al/ML-
driven speech technologies, languages
such as English, Mandarin, and Hindi now
benefit from robust speech corpora
powering virtual assistants, transcription
tools, and language learning platforms.
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However, Sanskrit remains largely
underrepresented in this digital revolution.
To address this gap, the present work
describes the systematic development of a
107-hour Sanskrit speech corpus, compiled
from diverse online sources through a
pipeline involving web crawling, data
sanitization, audio processing,
transcription, and forced alignment. The
corpus aims to facilitate advances in
Automatic Speech Recognition (ASR), Text-
To-Speech (TTS) synthesis, and broader
linguistic research, while contributing to the
digital preservation of the Sanskrit
language.

The remainder of this paper is organized as
follows: Section 2 reviews related work,
Section 3 describes the data collection
methodology, Section 4 details the
preprocessing and alignment pipeline,
Section 5 presents corpus statistics,
Section 6 discusses challenges, and
Section 7 concludes with future directions.

2. Related Work

There have been efforts to create Sanskrit
speech corpora, and some related work has
been done. The Al4Bharat (Javed, et. al.
2024) program has been started at IIT
Madras for creating language resources for
various Indian languages, including
Sanskrit. They have worked on building a
vertical corpus for Sanskrit, which includes
both text and speech data. Sanskrit and
other 11 Indian languages are represented
in the Shrutilipi (Chadha, et. al. 2022)
tagged ASR dataset which was created by
mining parallel audio and text pairings at the
document scale from All India Radio news
bulletins. 27 hours (Gupta, et. al. 2021) of
tagged speech data is available for
Sanskrit. The Vaksafcayah (Adiga, et. al.
2021) (Holla, et. al. 2022). speech corpus
contains 45,953 sentences that were
recorded at a sampling rate of 22 KHz over
the course of 78 hours of data. Readings
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from diverse texts from Sanskrit literature
make up the majority of the content.

3. Text Selection

Sanskrit encompasses a diverse literary
tradition, spanning a vast range of genres,
styles, and historical periods. At the
broadest level, Sanskrit literature is
categorized into two major forms: Vedic and
Classical.

Vedic Sanskrit represents the earliest
stratum of the language and comprises the
four foundational Vedas- the Rigveda,
Yajurveda, Samaveda, and Atharvaveda
along with associated texts such as the
Brahmanas, Aranyakas, and Upanishads.
This body of literature is primarily
composed of hymns, ritual prescriptions,
and philosophical discourses, and stands
as one of the oldest recorded literary
traditions in human history.

Classical Sanskrit, on the other hand, is
broadly divided into two principal literary
forms: Prose and Poetry. For the purpose of
the present corpus, Prose Sanskrit also
commonly referred to as spoken Sanskrit
was selected as the primary source of data.
This decision was informed by the fact that
Sanskrit Automatic Speech Recognition
(ASR) research is still in its nascent stages,
and spoken or prose-form text offers a more
practical and representative foundation for
building speech datasets.

In terms of data sourcing, openly available
texts (Kumar, et. al. 2023) free from
copyright restrictions were prioritized.
These include content from Sanskrit
Wikipedia, which provides a substantial
collection of freely usable linguistic material.
Additionally, a broad range of public domain
literature was explored, encompassing
classical texts, historical works, and other
writings available across various digital
repositories. Throughout this process,
careful consideration was given to the
ethical implications of collecting and



utilizing textual data, ensuring that all
sourced material adheres to applicable
legal and ethical standards.

3.1 Text Collection Tools

For large-scale text collection, the present
study employed the IL Crawler! tool a
specialized utility designed to
systematically gather, scrape, and extract
textual data from a broad spectrum of digital
sources. These sources include websites,
online documents, social media platforms,
and various other repositories accessible
on the internet. The tool operates by
accepting URLs as input and autonomously
retrieving and compiling the relevant
linguistic material from the specified
locations.

The primary strength of the IL Crawler lies
in its ability to automate the otherwise
labour-intensive  and  time-consuming
process of data acquisition. By eliminating
the need for manual data collection, the tool
ensures a high degree of efficiency,
consistency, and scalability in corpus
construction qualities that are particularly
critical when building large-scale linguistic
resources such as a Sanskrit speech
corpus.

4. Audio Recording

We obtained audio recordings of the
collected text from a total of 181 speakers.
In the initial stage, 112 speakers
participated. The second stage involved 53
speakers. In the final stage, 16 speakers
were engaged. The development of high-
quality audio recordings requires
meticulous attention to both the equipment
used and the recording environment. For
this purpose, we carefully selected
appropriate equipment and optimized the
recording conditions. The choice of
microphone is particularly critical in

determining  recording  quality. We
employed clip-on microphones in
conjunction with closed-back headphones,
allowing for hands-free recording, real-time
audio monitoring, and effective isolation
from external noise.

Equally important was the selection of a
recording location with minimal background
interference. To ensure clarity, we avoided

areas affected by ftraffic, electrical
appliances, or other disruptive noise
sources. Furthermore, recording rooms

were acoustically optimized by closing
windows and doors and applying weather
stripping to seal gaps, thereby reducing
external disturbances.

Through this rigorous setup, we ensured
that the recordings achieved the necessary
standard of clarity and consistency,
providing a reliable foundation for
subsequent speech processing tasks.

4.1 Speaker Selection and Variation

Careful attention was given to speaker
selection in order to ensure a diverse and
representative corpus. Speakers were
recruited from a wide range of age groups,
spanning from 15 to 45 years, to capture
variation in voice characteristics, speech
patterns, and pronunciation styles across
different life stages. To promote regional
diversity, participants were selected from
multiple states and regions across India,
representing a broad spectrum of
geographical and cultural backgrounds.
Furthermore, speakers with varying native
language backgrounds were included,
reflecting India's rich multilingual landscape
and accounting for the influence of different
mother tongues on Sanskrit pronunciation
and intonation.

In addition to regional and linguistic
diversity, gender balance was maintained
throughout the selection process. An equal

! https://sanskrit.jnu.ac.in/download/index.jsp
(Accessed on 12/04/2026)
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representation of male and female
speakers was ensured across all phases of
recording, enabling the corpus to capture
the full range of acoustic and phonetic
variation associated with gender. This
carefully balanced and inclusive approach
to speaker selection significantly enhances
the robustness, diversity, and
generalizability of the corpus, making it a
more reliable resource for training and
evaluating Sanskrit speech recognition and
synthesis systems.

4.2 Audio Recorder

To streamline the audio recording process,
a dedicated web application recorder was
developed using a Python Django backend
server. This solution was specifically
designed to address several key challenges
inherent in large-scale speech data
collection, including displaying text to
participants, capturing audio recordings,
standardizing file naming conventions,
maintaining  quality standards, and
efficiently uploading and organizing the
recorded files. The system automatically
generates metadata including participant
IDs and sentence IDs immediately after
each recording is completed, enabling real-
time tracking and organization of collected
data. The recorded audio files are stored in
a structured directory hierarchy, with a
parent folder containing individual
subfolders for each participant, ensuring
clean and systematic file management.

In the context of the present corpus, this
web application served as the primary
recording platform for both Phase 2 and
Phase 3 of data collection. The tool ensured
consistent audio quality and uniform file
formats across all recordings, significantly
reducing the time and effort required for
post-processing. The automated file
naming and metadata generation further
eliminated manual errors, improved data
organization, and enabled faster file
retrieval. By centralizing and standardizing
the entire recording workflow, the web
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application substantially enhanced the
efficiency, reliability, and scalability of the
corpus development process.

Sanskrit ASR Project, SSIS. JNU, New Delhi

Audio Recorder
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Figure 1: The Audio Recorder
4.3 Audio Editing and Formatting

The process of manipulating audio
recordings plays a crucial role in improving
quality, enhancing content, and preparing
the data for linguistic applications. For this
purpose, we employed the audio editing
software Audacity along with an online
audio converter, selected on the basis of
functionality, reliability, and user familiarity.
Essential editing tasks included adjusting
the volume, panning, and timing of each
track to achieve the desired sound balance
and clarity. All recorded audio files were
standardized by converting them into the
WAV format, a widely accepted format in
automatic speech recognition research.
Furthermore, parameters such as sample
rate, bit depth, and encoding specifications
were carefully configured in accordance
with the requirements of speech processing
systems. To facilitate efficient organization
and categorization, comprehensive
metadata was appended to each file,
including details such as the recorder’s
name, gender, age, and region of origin.
This metadata significantly enhances the
dataset's  utility for linguistic and
sociolinguistic analysis.

Following the editing process, each audio
file was subjected to critical listening to
ensure that it satisfied the established



standards of clarity and accuracy.
Additionally, recordings were tested across
multiple playback devices to verify
consistency and quality under different
listening conditions. This rigorous post-
processing pipeline ensured that the final
dataset was both technically robust and
linguistically valuable.

No- Il purati
No. of of
Pha . on
speake audi
se (hours
rs o )
files
20,7
1 112 63 67
2 53 9,82 30
8
2,95
3 16 5 10
Tota 33,5
I 181 43 107

Table 1: overview of JNU Data Set

4.4 Size of Speech Corpus

The size of a speech corpus is generally
measured in terms of the total duration of
audio recordings it contains. In the present
work, a total of 33,543 audio files were
recorded from 181 speakers, resulting in
more than 107 hours of original in-house
speech data. In addition, two publicly
available Sanskrit speech corpora were
collected from online sources, contributing
a further 105 hours of data. Altogether, the
present corpus comprises approximately
212 hours of Sanskrit speech data, making
it one of the largest Sanskrit speech
resources developed to date.

5. Conclusion

This paper presents the development of a
comprehensive Sanskrit speech corpus
aimed at advancing computational
processing and digital preservation of
Sanskrit. The corpus comprises a total of
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212 hours of spoken Sanskrit data — of
which 107 hours were recorded in-house
from 181 speakers across three systematic
phases at JNU, New Delhi, while the
remaining 105 hours were sourced from
publicly available online corpora. Together,
these resources constitute one of the
largest Sanskrit speech datasets developed
to date.

The corpus development pipeline
encompassing web crawling, text
sanitization, audio recording, transcription,
and forced alignment was designed with
rigor and scalability in mind. The
introduction of a custom-built web
application recorder in Phases 2 and 3
standardized the recording process,
reduced costs significantly, and improved
overall data quality and consistency. The
resulting corpus holds considerable
promise for a wide range of applications
including Automatic Speech Recognition
(ASR), Text-To-Speech (TTS) synthesis,
linguistic research, and digital preservation
of Sanskrit manuscripts. Beyond its
technological utility, this work carries
deeper cultural significance helping bridge
the gap between an ancient language and
modern speech technology.

6. Future Work

The present corpus opens several
promising directions for future research.
Most immediately, the data will be used to
train and evaluate Sanskrit ASR models,
teaching systems to accurately recognize
and transcribe spoken Sanskrit. The corpus
will equally support the development of
Sanskrit-capable voice assistants, enabling
natural language understanding and
response in Sanskrit. Beyond speech
technology, linguists and sociolinguists can
leverage this resource to study regional
dialects, accents, and language variations
among Sanskrit speakers. Expanding the
corpus in terms of speaker diversity and
domain coverage remains a long-term goal,



with the aim of building an increasingly
robust foundation for Sanskrit speech
technology research.
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Abstract

The shabd portal ( https://shabd.education.gov.in ) of Commission for Scientific and Technical Terminology (CSTT),
a subordinate office under the Ministry of Education, Department of Higher Education, Government of India (GOlI)
is a data server designed and developed by Prof. Girish Nath Jha, former Chairman CSTT, featuring all the
standardized scientific and technical glossaries of CSTT in digital searchable mode. The aim is to launch a central
repository for the terminologies prepared in Indian Languages, thus enriching the language bank of India enabling
user friendly and free access to standardized terminology. This website is available in 22 Indian languages. The
data covers several domains of science, humanities, engineering, medical science and agriculture subjects. The
data is dynamic with regular updates in various domains. Users can search the equivalents of terms in Indian
languages and submit their feedback for those equivalents prepared by CSTT. The unique feature of the search
platform is that users have various options for search, based on languages, subjects, dictionary type and language
pairs. The user can also choose to search in a specific glossary or the entire collection which includes about 471
glossaries having about (29,56,125 headwords).

Keywords: standardized terminology, Indian languages, domains, searchable mode, scientific and
technical glossaries

About CSTT - The Commission publish glossaries,

definitional dictionaries, journals, monographs,
The Commission for Scientific and encyclopaedia etc; to see that the evolved terms
Technical Terminology of GOI and their definitions reach the students, teachers,

scholars, scientists, officers etc., to ensure proper

The Commission for Scientific and  usage necessary updating/  correction
Technical Terminology was established with the  improvement on the work done (through
objective to evolve technical terminology in all  workshops/ seminars/ orientation programmes)
Indian Languages, on 1st October 1961 by the by obtaining useful feedback, to coordinate with
Presidential Order dated April 27, 1960, through  all States to ensure uniformity of terminology in
a resolution of the Government of India (Ministry Hindi and other Indian languages.
of Education), as per the recommendations of the
Committee constituted under the provisions of the ~ Some of the Schemes of the Commission are
Clause (4) of the Article 344 of the Constitution of  as follows:
India. The Commission was established with the
objective to evolve standardized technical 1. Preparation of English-Hindi and Hindi-

terminology in all Indian Languages. Prof. English Technical Glossaries/Dictionaries
ggananjay Singh is the current Chairman of 2. Preparation of Bilingual Technical
TT.

Glossaries/Dictionaries

The main objectives of the Commission i - .
3. Preparation of Trilingual Technical

are to evolve standard terminology, propagate its

use, obtaining useful feedback and distribute it Glossaries/Dictionaries
widely. In the process of evolution of scientificand 4. Preparation  of  National  Technical
technical terminology and reference material in Terminology
Indian Languages, the Commission collaborates 5. Preparation of Definitional Dictionaries
with State Governments/ Universities/ Regional 6. Preparation of Technical Encyclopedias
Text-Book Boards and State Granth Academies 7. Preparation of School-Level Terminology
to ensure uniformity of terminology in Indian 8. Preparation and/or Approval of Departmental
languages. Glossaries
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. Revision and Updating of Glossaries

10. Identification and Publication of Pan-Indian
Terms

11. Propagation, Expansion and Critical Review
of Terms Coined and Defined via Seminars/
Conference/ Workshops.

12. Scheme of Production of University Level
Books in Hindi and Regional Languages

13. Preparation and Publication of Monographs

14. Preparation and Publication of Journals
(Gyan Garima Sindhu (for Humanities
subjects) and Vigyan Garima Sindhu (for
science subjects).

15. Sales of Publications

16. Free Distribution of Publications

17. Organizing Exhibitions

About the shabd portal

One of the new initiatives taken by the CSTT in
the field of propagation of scientific and technical
terminology is the shabd portal hosted at
https://shabd.education.gov.in .

The shabd is a data server which features all the
glossaries of CSTT in digital searchable mode.
Other institutions/ agencies preparing dictionaries
will also be able to host their work in digital form
on this platform. The aim is to showcase a central
repository for all the terminologies prepared in/for
Indian Languages.

Through this platform the users will not only be
able to search the equivalent terms of scientific
and technical terminology in Indian languages but
will also be able to register their feedback for the
equivalents already prepared by CSTT. This aims
at providing a user-friendly search environment
and also in involving the users via the feedback
mechanism. The unique feature of the search
platform ‘https://shabd.education.gov.in’ is that
the user will have various options for search,
whether based on languages, subjects, dictionary
type, or language pairs. Not only this, the user can
choose to search in a specific glossary or through
the entire collection which currently includes
about 471 glossaries having about (29,56,125
headwords).

One website — 22 languages- wide
user base

The ‘Shabd’ website is accessible in 22
languages and contains the data in the form of
searchable glossaries in 22 Scheduled Indian
languages. The users can easily search the

glossary and use the plethora of Indian language
equivalents available for a wide range of subject
domains.

Concept design execution, website development
and programming was done by Prof. Girish Nath
Jha, former Chairman, CSTT and was launched
in March 2024.

The following partners of CSTT have greatly
contributed to make the content available for the
website:

. Udaan Project team, IIT Bombay (All
Languages) and International Centre for Free and
Open Source Software (ICFOSS), Kerala
(Malayalam) for OCR of printed glossaries

. GIST group, CDAC Pune for UNICODE
Consultation and support

. Central Institute of Indian Languages
(CIIL) Mysore for Data Typing support

. Bhartiya Bhasha Samiti (BBS), Overall
Guidance
. Language Division, Ministry of Education

for Administrative Support

History of shabd
The inception

CSTT prepares the terminologies through the
Expert Advisory Committees, consisting of
subject and language experts along with linguists
and Sanskritist who are focused on finding out the
equivalent terms in the specific subject areas and
language. The terminology prepared by CSTT
has not only been used by Granth academies,
textbook boards and publication cells to prepare
textbooks but is also being used by institutions
such as NCERT, NTM, AICTE and so on.

CSTT glossaries available in printed form or pdf
form on the official website were not searchable
and this made it less popular among the user
group. The need to have easily accessible and
searchable glossaries resulted in the inception of
the vision for a website wherein the glossaries
prepared by CSTT are available in searchable
form.

Thus began the humongous task of building such
a website and getting the data of the glossaries in
digital form available for the task to take shape.
Prof. Girish Nath Jha, designed and programmed



a server which could host the data locally. After a
long and strenuous brainstorming, the initial
layout of the local server took shape. Based on
several trials, hits and errors, the server slowly
evolved to take a stable form. The demo of the
server was shown on several occasions to collect
valuable inputs and suggestions from the persons
of interest and such constructive suggestions
were implemented to make the server more user
friendly and useful.

For the data, CSTT began with the glossaries
available in digital soft copy which were initially
digitized as part of the agreement between CSTT
and CIIL. Then it was found that many legacy
publications of CSTT were not available in such
digital form. Thus began the search for partners
who could do this task in record time. This led to
our MoU with UDAAN, IITB team led by Prof.
Ganesh Ramakrishnan. The team has helped
CSTT in digitizing most of the legacy documents
and are continuing to do so.

Once the server was tested and checked locally,
the website team helped to carry out the
necessary task required to acquire the domain
and host the shabd website in a public domain for
use by the users. The site first went active in
March, 2024, since then, it has had 20,66,090 hits
from across the country and the world as of now.

The journey till date

Initially the website was built having an English
and Hindi layout. Both the layouts were not
interconnected. Changes had to be made on both
pages regularly when any suggestions or bugs
were identified. Thereafter the layouts were
merged and programmed by Prof Jha to switch,
without having to make corrections in every page
and content.

The search was simple and user had to search in
a specific glossary initially. Next the search was
extended to all glossaries and the feedback
mechanism was also introduced. The next big
jump was the introduction of all 22 Indian
languages. All the code strings were translated to
the 22 target languages by a panel of linguists
who were a part of CSTT’s meetings to update the
principles of terminology preparation. The
linguists timely helped CSTT whenever there was
any issue to give language equivalents for the
various contents available on the website. The
panel of linguists headed by Prof. K. L. Verma,
Former Chairman, CSTT are:
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10.

11.

12.

13.

14.

15.

16.

17.

Dr Bipasha Patgiri, Assistant Professor,
Department of Linguistics and Language
Technology, Tezpur University, Assam

Prof. Niladri Sekhar Dash, Head, Linguistic
Research Unit, Indian Statistical Institute,
Kolkata

Prof. Swarna Prabha Chainary, Professor,
Dept. of Bodo, Gauhati University

Prof. Lalit Mangotra, President,

Sanstha, Jammu

Dogri

Dr. Baldevaanand Sagar,National President,
World Sanskrit Media Council

Prof. Chandan Kumar,Professor, Faculty
Member,Dept. Of Hindi, University of Delhi

Dr. Girisha Bhat A, Professor and Principal,
Govt First Grade College, Siddakatte,
Karnataka

Prof Aadil Amin Kak, Dean, School of Arts,
Languages and Literatures University of
Kashmir

Dr. Kiran Budkuley,Author, Critic& Translator,
President, Aksharpath, Goa.

Prof. Awadesh Kumar Mishra, Professor,
Chief Coordinator, Bharatiya Bhasha Samiti,
Vishwakarma Bhawan, IIT Delhi, New Delhi

Dr. Shobha L, Member Research Staff, AU-
KBC Research Centre , Madras Institute of
Technology, Anna University, Chennai

Dr Hanjabam Surmangol Sharma, Assoc.
Professor, Department of Linguistics,
Manipur University, Imphal

Dr. Shakuntala Gawde, Head and Assistant
Professor, Department of Sanskrit, University
of Mumbai

Shri. Vishnu Bahadur Gurung, In-Charge
(Rtd.), Nepali Service, External Services
Division, All India Radio, New Delhi

Prof. Panchanan Mohanty, Dean, School of
Languages and Literature/Humanities,
Nalanda University

Dr Suman Preet, Professor , Department of
Linguistics and Punjabi Lexicography,
Punjabi University Patiala

Prof. Satyapal Singh, Professor, Department
of Sanskrit, University of Delhi



18.

19.

20.

21.

22.

Dr. Thakur Prasad Murmu, Assistant
Professor, Department of Santali, Sidho
Kanho Birsha University

Smt. Shalini Sagar, Senior Broadcaster All
India Radio, Sindhi Language Expert,
NCERT

Dr. S. Arulmozi, Professor & Head, Centre for
Applied Linguistics and Translation Studies,
University of Hyderabad

Dr. MC Kesava Murty, Professor, Dept. of
Dravidian and Computational Linguistics,
Dravidian University, Kuppam

Prof. Syed Imtiaz Hasnain, Retd. Prof of
Sociolinguistics, Chair-Professor, Maulana
Azad National Urdu University (MANUU)

.
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Figure 1: Shabd website localization

Main features of the Shabd Website:

The various features which were added slowly
as the ‘shabd’ website began to become popular
among the users are:

e Localization of website content

o e
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Figure 1: Main content of the website
is available in 22 Indian languages
which can be manually selected

Website link to language
information page/ website of
organization working for that
language
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Figure 2: Link to the major
organization working in the specific
language provided on the main page
when language preference is selected

Addition of the footer with features
such as -popular website, credits,
contact us etc
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Figure 3: Footer has all the popular
and websites along with the credit and
contact details

Search options — language wise,
subject wise, language pair wise,
glossary type, etc.
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Figure 4: many options to customize
the search is available for the user

Transliteration feature
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Figure 5: Transliteration feature for all
non-Devnagari glossaries



Glossary details
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Figure 6: Glossary title, status of the
glossary, headword count and Officer
in-charge details and contact details
are available for the glossaries
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project
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Figure 7: Expert panel involved in
terminology preparation is mentioned
in this section

Log of the user stat & feedback
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Figure 8: Feedback of user is recorded
and necessary action is taken from
time to time

User feedback mechanism
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Figure 9: User can provide feedback
for every equivalent and contribute.
Feedbacks are considered and placed
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before the Expert Advisory Committee
for review

e Popular glossaries on main page
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Figure 10: All popular glossaries are
enlisted in this as per the frequency of
user hits

e List of glossaries in alphabetical
order on main page
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Figure 11: The alphabetical list of all
glossaries is available as drop-down
menu on main page

The entire collection which as of now includes
about 471 glossaries having about 29,56,125
headwords. This covers disciplines from
Humanities, Social Science, Medical Science,
Engineering, Agricultural Sciences and Science
which include more than 60 subjects such as
Agriculture, Public Administration, Chemistry,
Botany, Zoology, Psychology, Physics,
Economics, Ayurveda, Mathematics, Civil and
Electrical Engineering, Computer Science,
Political Science, Culture, Transport, Geology,



Capital Market, Cell Biology, Broadcasting,
Journalism, Music and Fine arts, CSIT, AIML,
Linguistics, Forestry, = Entomology, Plant
Pathology, Soil Science, Sports, Nematology,
Sericulture, LIS, etc. Many more domains are
being added as and when the terminology
preparation meetings are being held across the
country.

Bibliographical reference:
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2.Resource available from CSTT shabd website
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Abstract
Part-of-Speech (POS) tagging is a key step in Natural Language Processing (NLP), laying the groundwork for
more advanced syntactic and semantic tasks. Despite Maithili’s status as an Indo-Aryan language with a rich
literary tradition and official recognition in India, computational resources for it are still very limited. In this
paper, the creation of an annotated corpus of 25,000 sentences drawn from the fields of health, tourism, and
administration is described with the hierarchical tagset currently used for Maithili. This paper also indicates
that standard tagsets, typically adapted from English or Hindi, fail to capture the linguistic nuances of Maithili.
This underscores the need for a dedicated tagging framework that considers characteristics like vocative

particles, verbal nuances, honorific complexities.

Keywords: Parts of Speech, Natural Language Processing, Maithili, annotation

1.Introduction

Tagging became a large part of Natural
Language Processing (NLP) that attributes
grammatical labels or noun, verb, adjective etc.
to words within a sentence. The process is
central to most NLP tasks, such as parsing,
machine translation, and text-to-speech
synthesis since it gives morpho-syntactic
information (Hardie, 2003) (Priyadarshi et al.,
2023) regarding words and their distribution in
a sentence. Surface form of a text is converted
into morpho-syntactic labelled form by POS
annotation. It is used as an interface between
raw corpus data and a more abstract language
processing with the conversion of unstructured
text into structure-analyzed data at the
morpho-syntactic level. However, in the
instance of Maithili, the Indo-Aryan language
predominantly spoken on a vast, expansive
and heavily populated territory, in the state of
Bihar in India and in Nepal, this medial role is
brought to the fore. Despite having a rich
literary tradition and being given institutional
acknowledgment in the Schedule VIII of the
Indian Constitution, Maithili is still considered
relatively poor in the area of computational
resources. It is a morphologically inflectional
language with gender, number, case, honorific
inflexions, and complex verb forms of
agreement (Kumar and Chaudhary, 2025).

In this type of a wide-ranging system, POS
annotation facilitates the syntactic analysis,
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Part of Speech (POS) or morpho-syntactic

semantic processing and creation of
sophisticated NLP tools. Therefore, in Maithili,
it is a preliminary move towards the
development of annotated corpora and the
creation of high-level language technologies.
In  Maithili, annotation of POS is usually
performed with the help of the standardized
tagsets like the Bureau of Indian Standards
(BIS) tagset to provide consistency and
interoperability between the languages of India
(Gopal, 2011). Labelled language resources
for Maithili will support many kinds of NLP
applications, such as machine translation,
information retrieval, morphological analysis,
and parsing.

2. Maithili Linguistic features

2.1 Rich morphology

Maithili has a highly inflection morphology. It
displays conjugation of verbs in terms of tense
(past, present, future), person (first, second,
third), mood (indicative and imperative) and
aspect (perfective and imperfective). Another
indication of Maithili is that non-verbal
agreement is responsive to the honorific status
of the subject (Jha et. al. 2018).

Example: 38T 118 BT
(You (HON) are going.)
The auxiliary ‘@I’ marks honorific agreement.
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2.2 Relatively free word order

Maithili has a relatively free word order
language, which is frequently determined by
constituent structure and discourse
prominence as opposed to strict syntactic
patterns. It follows that, positional factors
(commonly applied to fixed word order
language POS tagging) are not absolutely
reliable. Therefore, categorization should be
done correctly by relying on functional and
morphological diagnostics as opposed to a
linear position.

Example: a) SOV-

&H R SIS d S|

‘I am going home.”

b) SVO-

& S d & =X

Acceptable in
spoken/discourse context

c) OSV-

T EH STed S|

Home focused, topicalization

2.3 Particles
Particles such as ‘ds’, ‘Hgr, ‘ds3dr, and 9G!

inclusive in the Maithili language. These
aspects add pragmatic senses like emphasis,
contrast or continuation and not lexical senses.

2.4 Demographic variations

Maithili has an enormous demographic
variation based on the area, age,
gender/socio-educational dimension and this
has a direct impact on the part-of-speech
annotation. The regional dialect is also
observed in the realisation of the auxiliaries
and particles such that the same progressive
or aspectual construction can be formed with
the alternative auxiliaries in the different dialect
such that it leads to the existence in the
possible differences in the marking of the
auxiliary verbs, and the subsequent confusion
of the main and auxiliaries.

Example:

31 Fed AT
3 Fe &l

“He says.”

TSl s oIS |

FIoT T fITs |
“Do the work.”

These examples demonstrate that
demographic variation in Maithili produces
multiple surface forms for the same syntactic
category, requiring POS annotation guidelines
that rely on functional and contextual
interpretation rather than purely formal criteria.

3. Annotated data-set

In case of annotation of Maithili POS, the data
set was tagged in such a way that it would
include domain variety and acceptable
linguistic coverage. Texts were collected from
various domains, including health, tourism, and
administration. This multi-domain strategy was
followed so as to represent the difference in
vocabulary, morphology and syntactic
structures among the various registers of
usage. The total number of data tagged was
approximately 25k sentences, as follows-

S. No. Domain Data
1. Administration 7000
2. Law 5267
3. Education 6310
4. Tourism 838
5. Health 1008
6. Agriculture 763
7. Technology 567

Table 1: Domains and data

4. Tagsets used for tagging

The ILCI Annotation Tool (ILCIANN) (Kumar et
al.,, 2012) is a server-based web application
developed under the Indian Languages
Corpora Initiative to facilitate large-scale word-
level annotation for Indian languages. It is
designed to be useful in producing annotated
corpora to support NLP, particularly in less-
resource languages, through an annotated
centralized, uniform environment. It allows
annotation of POS through manual means in
standardized groups of tags (Bureau of Indian
Standards (BIS) tagset and a little automatic
tagging in closed grammatical categories) to
minimize the workload of the annotators. The
tool ensures that annotations will be stored on
a central server in sentence-by-sentence form,
reducing the data loss and gaps.
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Sl. Category Label | Annotation Examples
No. Convention

Top Level Sub-type
1. Noun N N
1.1 Common NN N_NN IEGICREIG)
1.2 Proper NNP N_NNP T, H%g'cl?-ﬁ
1.3 Nloc NST | N_NST A, 3T
2 Pronoun PR PR
2.1 Personal PRP | PR_PRP 37ET, &H
2.2 Reflexive PRF PR_PRF 37T, 3TIAT-31T
23 Relative PRL PR_PRL STHT, TR
24 Reciprocal PRC PR_PRC 39y, IREIT
25 Wh-word PRQ | PR_PRQ FHRY, HaT
2.6 Indefinite PRI PR_PRI I,
3 Demonstrative DM DM
3.1 Deictic DMD | DM_DMD 3T, TR
3.2 Relative DMR | DM_DMR ST, o, SN,

s

3.3 Wh-word DMQ | DM_DMQ &, A
3.4 Indefinite DMI DM_DMI T, aﬁ‘é
4 Verb V V
4.1 Main VM V_VM T, @
4.2 Auxiliary VAUX | V_VAUX I, &
5 Adjective JJ JJ Hocl, ol
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6 Adverbs RB RB 3aTew, oY

7 Postpositions PSP PSP N, T

8 Conjunctions CcC CcC

8.1 Co-ordinator | CCD | CC_CCD 3R, Her

8.2 Subordinate | CCS | CC_CCS -, ST@I-a@T

9 Particles RP RP

9.1 Classifier CL RP_CL &olT, T

9.2 Default RPD | RP_RPD ds, Tgr

9.3 Interjection INJ RP_INJ N, T

9.4 Intensifier INTF | RP_INTF Tdh, 95

9.5 Negation NEG | RP_NEG A, Ad

10 Quantifiers QT QT

10.1 General QTF QT_QTF g9, CAG

10.2 Cardinals QTC QT_QTC TF, g,

10.3 Ordinals QTO QT_QTO gfgd, graT

1 Residuals RD RD

11.1 Foreign FW RD_FW Website, Link
word

1.2 Symbol SYM | RD_SYM $, &

1.3 Punctuation | PUNC | RD_PUNC 1,?

1.4 Unknown UNK RD_UNK

11.5 Echowords | ECH | RD_ECH 3TEIT-AeTT, g3

HAST

Table 2: Tagset for Maithili language
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Example:

o  TIHRNJJ THe\N_NN A\PSP
gaeN\N_NN  @e\PSP  ‘gd2n\N_NN
aecg\N_NNP  FN_NN - 815\V_VM
ANV_VAUX 3fBWV_VAUX

\RD_PUNC

“‘Admission week has started for
admission in government schools
(Priyadarshi Ankur, 2023).”

o TBIHIN_NN FarfordhN_ NN sa\JJ
HemV_VM q\PSP s5TR\N_NN #F\PSP
THIDM_DMD gra\N_NN
HENRP_RPD Arep\JJ

fea\V_VM\I\RD_PUNC

“If the quality of rice is good, it will fetch
a good price in the market.”

5. Nuances found in the process

There were also some linguistic nuances that
caused discrepancies in the process of POS
annotation. The Penn Treebank tagset of
English was used as a source of influence by
annotators, who sometimes think of intensifiers

(93, @s, 94T as general adverbs, overlooking
their distinct functional role in Maithili.

Example: TUfg\DM_DMD  &hrearare\N_NN
FH\PSP WANN_NN PSP §8\RP_INTF
39IN\N_NN 37f&\V_VAUX \RD_PUNC

“This pesticide has many uses in farming.”

Here, the word ‘§¥3’ has been tagged as an
intensifier.

3MDM_DMD ¥8\RB gwe\JJ SfIGMN_NN
Bh\V_VAUX I\RD_PUNC

“She is a very beautiful girl.”

Here, even though the word '§3’ acts as an

intensifier but the tagger has tagged it as
adverb because of the influence of Penn
Treebank from English.

Additionally, some words were tagged based
on their lexical identity rather than the sentence
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context, whereas in the sentence, the word
functioned as a proper noun.

Example: #RARNJJ STTTanN_NN 9réf\N_NN

was tagged as an adjective while the word in
the context was functioning as a proper noun.

Another instance is in conjunct verbs like
YRV_VM  HTA\V_VAUX FeN  V_VAUX

EI\V_VAUX NRD_PUNC (was started), the

noun ¥’ (start) is frequently mislabelled as a

verb instead of noun. This occurs because
English linguistic interference treats "started"
as a single verbal unit.

Moreover, as a result of the uncertainty
between Main Verbs and Light Verbs in
Compound Verb Constructions (CVCs), a
tagger can tag auxiliary verbs as a main verb,
although the auxiliary verb loses its literal
sense to give aspectual state in a sentence.

Example:

FIRV_VM &=\WV_VM (will kill). In this case, the

word ‘AR is the main verb, and & is the light
verb showing the completion of the action. If
‘29 is tagged as a Main Verb, the system may

interpret the sentence as having two distinct
actions ("killing" and "giving") rather than one
unified event.

6. Challenges

6.1 Low-resource language

Maithili is generally a low resource language in
the field of computational linguistics, where
there are not many annotated corpus,
standardized tagsets, and pre-trained
language models. The issue is also aggravated
by data sparsity which can impact especially
when it comes to processing rare
morphological forms or dialectal variation as
well as discourse particles. locative forms like

YA, IMHAA, or dialectal variants such as TX#H’

Il ohs, hlol U may not appear frequently
enough for the system to robustly learn the
postpositional pattern ‘-#/-#7 ‘Hs/ET as

demographic variation.

6.2 Cliticization and particles

Not all words are morphologically simple but
represent complex structures that are formed
by a component (deictic, pronoun or adverb)



and enclitic particles such as ‘@I’ ‘ar T & in

d@=r, 9T, T, ‘@9 I, creating a
structural ambiguity. The tagger has to
determine whether to assign a single unified
tag (e.g., RB or PRP or PSP) or to recognize
and segment the internal components (e.g.,
PRP + RP).

6.3 Honour displayed in verb forms
The rich honorific system that Maithili has also
makes tagging more difficult. Pronouns such

as I, ‘¢, and ‘38T trigger distinct verb forms,

increasing morphological variation and data
sparsity. In Maithili traditions, daughter-in-laws
often address their relatives-in-law in the third
person, using corresponding verb forms to

express respect. Eg- ‘S a1 (You “hon.” sit.),

S T3U (You “hon.” take). Here, forms that

function as third-person pronouns
pragmatically serve as an honorific second-
person address.

Another instance of this is ‘3M9sie Sf&=Y (you

“hon.” sit), ‘379<1" is reflexive but here functions
as a personal pronoun that marks honour.

Treating honorificity solely as a semantic
feature fails to capture its grammatical impact,
leading to loss of information in POS
annotation. This creates a significant ambiguity
for POS tagging systems.

6.4 Intensifier and plurality
A challenge in Maithili POS tagging arises from
the language’s strategy of marking plurality. In

the language, plurality is marked by G«'(all),
as in ‘g=drl 9« (children), but ‘g« also acts as
an intensifier when attached to ‘& (T«H)
(superlative degree). The same problem is
faced with the word && (very/many). The
word ‘ST functions as an intensifier and a
quantifier, like ‘&€ @’ (bad injury), &&Y acts
as an intensifier that shows the intensity of the
injury, while in ‘ST’ &s 3Ter’(more flour) ‘ST
here acts as a quantifier denoting the quantity
of ‘ATeT (flour).

6.5 Morphological marker

ambiguity

case

The word ‘&’ (of) is semantically versatile. At
some places it acts as a genitive marker, like in

TAATYS Afeex’ (Temple of Somanath), as an
accusative marker, like in ‘eaTH® T3 (call

Shyam), and as a wh-word, like in ‘& 3Tel?’
(who came). A tagger might default to a
frequentist approach (e.g., always tagging ‘&

as a Postposition), thereby missing the subtle
genitive and other nuances.

6.6 Functional Overlap

Another major challenge in Maithili POS
tagging is the functional overlap that bridges
the gap between closed-class postpositions
and open-class verbal roots. A prime example

is the lexical item @eT’, which exhibits functional
polysemy across different syntactic
environments. In phrases such as H® ofel’

(for Ram), ‘efel’ functions as a postposition
(PSP) denoting purpose or beneficence.
Conversely, in the construction ‘el 3er’ (was

taken/received), it functions as the main verb
(VM) derived from the root "to take."

In the same way, the word ‘&’ also acts as a

postposition denoting the accusative or
genitive aspect of the word, like in the phrase

S fohare (book of Ram), whereas in the
phrase ‘@Il s ﬁ?»l’gj ‘&’ is acting as a main
verb form meaning “did the work”.

6.7 Absence of Reduplication tag

A critical limitation in existing tagging
frameworks is the absence of dedicated tags
for reduplication, forcing a conflict between a
word’s literal lexical category and its contextual
functional role. Maithili frequently employs
morphological reduplication to encode
distributive, frequentative, or aspectual
nuances that are absent in the individual roots.

Example:
‘BR-EX’ (in every house) ‘Told-deid’ (while

walking). Here the phrase ‘ER-EX’ seems like

noun but it is reduplicated, so tagger gets
confused while tagging.
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7. Suggested future work

7.1 Addition of honorific tag

Maithili Honorificity has a direct influence on
the agreement morphology and syntactic
structure. Verbs are different in terms of
amounts of respect and form paradigmatic
contrasts that are grammatically inevitable in
situation. The fact that all such forms are
treated under one POS label distorts morpho-
syntactic information. Suggested future work
could explore incorporating an HON (honorific
feature) within the POS framework or
introducing feature-level annotation (e.g.,
PRON[+HON], VERB[+HON]).

7.2 Tagging of address words
Reclassification of address words like ‘a¥, gb,

I, X (hey!). These objects fall under the

general group of interjections. But interjections
usually have spontaneous emotional or
expressive meaning (e.g. surprise, pain,
exclamation). Conversely, these Maithili forms
are mainly used as an address or vocative
particle to attract attention, indicate
interpersonal stance or as a part of a direct
address construction. It would be possible to
introduce special tags like VOC.PART
(vocative particle) or ADDR (address marker)
to have a more functional differentiation.

7.3 Creation of Maithili-specific Tagset
The existing model of Maithili-POS tagging has
borrowed the model of Hindi and English POS
tagging. These are insufficient to represent
Maithili-specific characteristics, e.g. layered
honorificity, vocative particles reduplication tag
etc. The design of a linguistically based,
Maithili-specific POS tagset, which considers
morpho-syntactic and discourse-pragmatic

categories, can assist in adding these
characteristics to the structure.

8. Conclusion
The Maithili annotated corpus creation

illustrates that language-specific frameworks
are imperative in Natural Language
Processing. Although this experiment was able
to tag 25,000 sentences, it was found that
conventional tagsets do not always reflect the
structural peculiarities of Maithili, including its
stratified honorific system, cliticization and
functional polysemy.
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The study has shown that the reduplication and
vocative particle are not specially marked,
which results in severe semantic loss, due to
the influence of annotator bias. Such issues as
the confusion of light verbs and main verbs,
and the shift of postpositions when the context
is changed prove that the general strategy
cannot fit morphologically rich languages.

Finally, in order to enhance the accuracy of the
tagging, future efforts should be focused on
developing a Maithili-specific tagset. Adding
such features as honorific markers and
reduplication tags will make sure that the
computational models capture the syntactic
and pragmatic reality of the language better,
which will be a more solid base of advanced
Maithili language technologies.
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Abstract

The Ramayana is one of the most important texts in world literature, with a multiplicity of textual traditions and more
than 300 variants throughout South and Southeast Asia. These manuscripts have been preserved in various forms,
including palm-leaf codices, inscriptions on temple walls, in highly illustrated folios and through generations of oral
performance. But the corpus now faces serious challenges due to environmental destruction, material fragility,
fragmentation, and the scope of modern script recognition methods. The study examines how digital conversion
projects are redefining the preservation of the Ramayana within a networked heritage system spanning the
world. In this paper, the author critically assesses the work of large-scale projects through the use of a qualitative
research design that has been conducted between the years 2003 and 2026, including the National Mission for
Manuscripts (NMM), the digital reunification of the Mewar Ramayana, and efforts by Southeast Asian countries to
document adaptations, like the Reamker by Cambodia. It discusses imaging standards, metadata formatting
policies, integration of optical character recognition (OCR) and digital access structures. The study addresses
multilingual complexity (Grantha, Devanagari, Kawi), partial coverage of variant texts, and infrastructural
inequities. The results support the view that digitization has a significant positive impact on scholarly accessibility
and comparative research, but the advantages remain unexplored, especially in relation to oral traditions. To make
the endeavour sustainable, preservation and interoperable standards must be adopted, script recognition using Al
should be encouraged, the community should be involved, and cross-border collaboration should be
institutionalised to protect the long-term cultural viability of the Ramayana.

Keywords: Ramayana, Manuscript Preservation, Digital preservation of Cultural Heritage, Digital Humanities,
Textual Transmission, Palm-Leaf Manuscripts, Grantha and Kawi Scripts, Metadata Standards (METS/XML), IlIF
Interoperability, Al-Assisted Philology, Intangible, Cultural Heritage, Archival Sustainability, Cultural Heritage
Informatics, Open Access Repositories, Civilizational Memory.

1. Introduction highlighting its role in creating community
identity and cultural continuity."

However, it is not a canonical version of the
text. There are more than three hundred

. different recitations throughout the
The Ramayana is one of the oldest and most world, eacha local rearticulation of ~ the

itnfllr.;entialbepics in_’g]e wtc))rldé whicf\w/isI bil.ieveg Valmiki story. Examples are the
O have been writlen by Sage Vaimixi an Cambodian Reamker, performed as classical
dated to the middle of the fifth millennium dance-drama:  the Ramakien of  Thailand
before the Common Era. It has, in its Sanskrit which intermingles with royal murals in the

original, seven kandas and an estimated . :
24,000 shlokas, and it is not just a story but a S;?:gyargalagf’ th:ahe nir;JtivaEZiteuryKalv(vivi\gE

source of moral philosophy, of devotional combines Hindu epi . o
: . : pic motifs with indigenous
(bhakti) feeling, and of archetypal ethics, aesthetic; and the Austronesian versions in

which today still animate societies throughout Laos, Phra Lak Phra Lam and the Philippines

Asia. It is closely associated with the Indian Maharadia Lawana. Although it is not only the

festival of [_)iwali a_nd with _theatrical Asian context where the echoes of the
performances like Ramlila, and the imagery of Ramayana can be found, it is possible to see

:Ee epicdc?n be four)d in a][tEtickwo\r/l\(/, itrmltgdtiﬂg its universality in the Iranian recensions and
he Zan stone ca:vmgsfo Br:]gl or U?\lEagCO’e oral traditions of Africa. These variants, most
shadow = puppets — o all. S of which are written on perishable palm

recognition of  Ramayana traditions leaves, birch bark, or temple inscriptions, are

underscores the epic’s significance as a Lo .
; X a standard part of civilizational heritage and
World Intangible Cultural Heritage, are at risk ofpextinction 9

1.1 Hindu Cultural Relevance of the
Ramayana

'UNESCO 2019
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1.2 Digital
Problems
The cultural products of the Ramayana
tradition confront a plethora of existential
challenges: climate change, colonialism,
increasing urbanisation, and institutional
decay. The Valmiki original and most of the
existing copies found in Southeast Asia are
written on palm-leaf manuscripts, which
disintegrate with moisture and insect damage;
a significant collection is more than 1,000
years old. The looting of the colonial period
fragmented collections; for example, the folios
of the Mewar Ramayana were scattered
between the British Library and the City
Palace Museum in India. In Arunachal
Pradesh, recently discovered tribal
manuscripts are at risk of extinction unless
action is taken to preserve them. The variants
have been further threatened by political
turmoil in the Southeast Asian region; the
destruction of Reamker records under the
Khmer Rouge rule is a case of such a threat.?
Hard statistical figures paint a bleak picture:
India alone can boast of an estimated five
million manuscripts, of which more than 80 per
cent are never digitised and are at high risk.
According to the NMM'’s digital programme,
3.31 crore pages from 3.16 lakh manuscripts
have been digitised. Still, innumerable works
of the Ramayana conception in regional
scripts such as Devanagari, Grantha, and
Javanese Kawi remain in the offline form. In
the absence of long-term preservation, these
texts can be lost, severing their connection to
pre-modern epistemological traditions.3

Preservation and Its

1.3 The Digitisation Imperative

One transformative solution is digitisation,
which involves converting physical objects
into high-fidelity digital surrogates using
scanners, OCR, and standardised metadata
models (such as Dublin Core or METS). The
technology democratises scholarly access to
academic resources, giving scholars around
the world, e.g., access to a Bhandarkar
Institute folio without having to travel there, as
well as enabling Al-driven literacy analysis,
digital reconstructions, and multilingual
interfaces. Projects like Project Ramayanam
provide overlay translations of Sanskrit
originals that can be accessed via application
programming interfaces, encouraging mobile
interactions. The Digital Manuscripts Library

2 Arunachal Times, 2024
3 Namami, 2023.
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of NMM gathers content that can be searched,
and it focuses primarily on epics, including the
Ramayana.*

Digitisation aligns with Sustainable
Development Goal 11, Sustainable Cities and
Communities, which calls for protecting
intangible heritage and
encouraging inclusive access. It alleviates the
threat of the digital divide by creating open-
access repositories, as IGNCA’s public
interfaces do. There are also ethical concerns
arising: who owns what, whether it is more
accessible or more secure against piracy,
whether institutions have a role in managing
digital resources, etc.

2. Research Objectives

This paper questions preservation and
digitalisation efforts for the Ramayana and its
variants, with reference to case studies in
India (Valmiki, Mewar), Cambodia (Reamker),
Thailand  (Ramakien), and Indonesia
(Kakawin). It considers projects such as the
NMM, the Bophana Centre, and the UNESCO
Memory of the World programme. It finds the
best practices, challenges, especially
complex scripts and funding, and future
opportunities, including the implementation of
blockchain technology to track provenance.®

The systematic digitisation of the Ramayana
in all its versions around the globe not only
counteracts physical destruction and loss but
also renews it as an active, social resource,
connecting cultures, supporting scholarship,
and ensuring its relevance in a
highly globalised, tech-driven environment.®

3. Literature Review
Research on the Ramayana has extensively
documented its textual diversity, with over 300
variants identified across South and
Southeast Asia. Foundational studies focus
on major recensions such as Valmiki
Ramayana, Krittivasi, Reamker, Ramakien,
and Kakawin, highlighting their regional
adaptations and cultural significance. Despite
this richness, no unified catalogue of all
manuscript traditions currently exists.

Preservation efforts historically relied on
temple libraries and royal patronage, but
these systems have proven insufficient
against environmental degradation, colonial
dispersal, and institutional decline. Reports
indicate that nearly 80% of Indian manuscripts

4 Namami, 2023.
5 UNESCO, 2024.
6 |sca, 2024.



remain undigitized and at risk, while
Southeast Asian traditions have suffered
significant losses due to political and climatic
factors.

Recent scholarship emphasises digital
preservation as a transformative solution.
Major initiatives such as the National Mission
for Manuscripts (NMM), Project Ramayanam,
and international collaborations such as the
Mewar Ramayana digitisation and
DREAMSEA project demonstrate the
potential of high-resolution imaging, OCR
technologies, and metadata frameworks.
These projects have significantly improved
accessibility and scholarly engagement.
However, critical gaps remain. Existing
systems are fragmented, lack interoperability,
and often exclude oral traditions. OCR
accuracy for scripts such as Grantha and Kawi
remains limited, and there is no integrated
platform enabling cross-variant comparison.
These limitations highlight the need for a
unified, technologically advanced framework
for comprehensive preservation and analysis.

4. Methodology

4.1 Research Design

The current research is based on a qualitative-
dominant mixed-methods approach. It
summarises secondary data on Ramayana
preservation and digitisation from 2003 to

2026. Qualitative inquiry studies
the stories behind initiatives, such as the
development of the

NMM, whereas quantitative measures (e.g.,
the number of pages digitised) offer a
measure of progress. The design aligns with
the standards of heritage informatics
published by IFLA and UNESCO, which
emphasise reproducibility and the
triangulation of sources to reduce bias in
fragmented manuscript records.

It mainly discusses the Ramayana of Valmiki
and ten regional versions of the work
internationally, such as
the Reamker, Ramakien, and Kakawin. The
choice of these is based on the
representativeness of the two Indian and
Southeast Asian ftraditions in terms of
cataloguing, as reflected in GKToday and PIB
data. The case-study approach allows in-
depth research on four such exemplary
projects: India, the NMM and Mewar initiative;
Cambodia, the Bophana Centre; Thailand,
cultural archives; and Indonesia, academic
scans, creating a balanced regional picture.

4.2 Data Sources and Collection
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4.21 Unified Dataset: Secondary
Sources
o Authoritative statistics: NMM
websites (namami.gov.in) give checked
statistics, 3.31 crore pages in 3.16 lakh
manuscripts scanned to 2026, including

Ramayana subsets in 14 scripts
(Devanagari, Grantha, Sharada).
e Academic projects

Project Ramayanam on GitHub claims
that it is 70 per cent through with its work
on Valmiki transcription; the metadata of
the Mewar folio of the British Library is on
GitHub.

e Foreign documents: The Ministry of
Welfare Asia-Pacific registry of the
UNESCO has
documented Reamker audio recordings;
the Cambodia Daily newspaper has said
that over 100 hours of Reamker have
been digitised.

e Peer-reviewed literature: an article on
digital relevance by ISCA, 2023; a variant
version of this inventory is provided
by GKToday with list entries above
300.

The purgatory sampling was chosen to obtain
20 or more records that meet the post-2003
and institutional validity = requirements
(government domains, UNESCO, primary
libraries). Blogs and other unverified media
were not used to maintain scholarly rigour.
Quantitative measures (e.g., the number of
10-, 25-, and 646-page publications by the
Bhandarkar Institute) were comparable
across datasets.

In this research, no primary field data were
collected due to the research’s scope; future
research may include repository APIs and
user engagement metrics.

5. The book of Citing Tales of
Ramayana (Valmiki Ramayana
Preservation)

The preservation of the Valmiki Ramayana
and its manuscript traditions reflects both
historical richness and contemporary
challenges. Manuscripts, primarily written on
palm leaves and birch bark, are highly
vulnerable to environmental damage and
material decay.

Institutional efforts, such as the National
Mission for Manuscripts (NMM), have
significantly = advanced preservation by
digitising millions of manuscript pages using



standardised imaging and metadata
protocols. Similarly, initiatives like Project
Ramayanam have shifted the focus to
semantic digitisation, enabling machine-
readable texts and advanced search
capabilities.

Case studies such as the Mewar Ramayana
demonstrate how digital technologies can
reunify fragmented collections through high-
resolution imaging and interoperable viewing
systems. These efforts collectively improve
accessibility and preservation, yet they remain
limited in scope and integration.

Overall, while digitisation has expanded
access and safeguarded fragile materials,
challenges such as incomplete coverage,
OCR limitations, and a lack of unified
platforms persist.

5.1 National Mission for Manuscripts

(NMM) is making attempts

The National Mission for Manuscripts (NMM),
established in 2003 under the Ministry of
Culture, focuses on digitising India’s
estimated 5 million manuscripts, of which 5—
10% are related to the Ramayana. It has
digitised 3.16 lakh manuscripts (3.31 crore
pages) using high-resolution scanning, OCR,
and structured metadata.

Its Digital Manuscripts Library allows
advanced searches by kanda, script, or
scribe, yielding over 5,000 Ramayana results.
NMM follows non-invasive imaging methods
and runs a conservation wing handling about
1 lakh folios annually, using fumigation and
lamination to preserve materials.

Overall, about 20% of Sanskrit epic
manuscripts are covered, with Ramayana
coverage reaching 60-70%  through
collaborative efforts, including contributions
from Andhra University’s ScholarKart.

5.2 Mewar Ramayana: A Case Study

The Mewar Ramayana (16th century,
illustrated by Sahibdin) highlights the
challenges of fragmented manuscript

collections. After 1947, about 300 folios were
sent to the British Library, and 150+ remained
in Udaipur’s City Palace.

In 2014, these were digitally reunited using
high-resolution (4000 DPI) scans and a
zoomable IlIIF viewer. UV imaging helped
recover faded text, while detailed metadata
reconstructed the original sequence.

This project is now a model for virtually
restoring 50+ dispersed manuscript
collections.

7 github.
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5.3 Project Ramayanam and

Technological Innovation

GitHub-based  Project Ramayanam (2023-)
transcribes full 24,000 shlokas into structured
Sanskrit XML, with word-level meanings,
English/Hindi/Tamil translations, and
commentaries (e.g., Govindaraja). Progress:
70% complete, APl-ready for apps/web
(Android/iOS forthcoming). Unlike scans, it
enables semantic search (e.g., “dharma
queries across kandas”). Complements NMM
by focusing on machine-readable text,
addressing OCR limitations in cursive scripts.”

5.4 Comparison of Outcomes and
Metrics

The NMM/Mewar projects have substantially
increased academic access: before
digitisation, only 1% of researchers worldwide
had access to the Bhandarkar folios, but after
adopting the Digital Manuscripts Library, more
than 50,000 downloads have been achieved
each year. Yet, the big problems
persist: eighty per cent of manuscript
collections are yet to be deciphered, and the
accuracy of Optical Character Recognition of
Grantha script is still less than eighty-five per
cent. The gains are quantitative, as Namami
shows.

Metric Pre-2003 Post-NMM
(2026)
Digitized Pages| <1 lakh 3.31 crore
Public Access | Physical DML/API
only (global)
Ramayana [Fragmented 60-70%
Coverage searchable

Table 1: Outcomes & Metrics

This section discusses global variants,
making Valmiki work on the critical model. As
an example, a palm-leaf image in the public
domain (say, a Bhandarkar folio scan) might
be included in the Word document;
appendices might also list kanda-wise
holdings. A genuine, fact-driven approach to
growth will maintain the scholarly integrity of
the paper, as per GitHub.

Around the world, versions of the Ramayana
include Indian regional, written, oral, tribal,
performance, and Southeast Asian versions,
as well as global translations —all found only
in authenticated repositories such
as GKToday (300 versions), NMM/UNESCO,
tribal studies, and performance registries.



6. Globally Variations of Ramayana

6.1 Indian Variants

6.1.1 Written Versions of Indian
Territories

According to the
GKToday and Slideshare directories, dozens
of vernacular adaptations of it can be found in
over two dozen Indian languages. According
to GKToday+1, Valmiki started with a Sanskrit
original (24,000 shlokas) that inspired a host
of retellings in the bhakti era.

Language/Re Key Versions Detail
gion s8
Hindi (North) | Ramacharitmanasa (T [Awadh
ulsidas, 1574) i, 12
books;
most
popula
r, Gita
Press
edition
authen
tic.
Kashmiri Ramavatara Charita | Local
(19th CE) motifs.
Telugu (AP) Sri Molla’s
Ranganatha Ramayan| by a
amu (Buddha Reddy); |poetes
Molla Ramayanamu (M| s:
olla, 16th CE) simple
verse.
Kannada [KumudenduRamayan| Jain
(Karnataka) a (13th CE Jain); [|variant
Kumara- S
Valmiki Torave (16th |empha
CE); Ramachandra | sise
Charita Purana ahims
(Nagachandra, 13th a.
CE)
Tamil Ramavataram/Kamba (10,700
n Ramayana (12th CE)|songs,
Chola-
era.
Malayalam | Adhyatma Ramayana [Poetic.
m Kilippattu
Odiya Odia Mahabharata | 16th
(but Ramayana CE
subsets)
Assamese/Be Adbhuta Bengal
ngali Ramayana; Krittivasi R| i 14th
amayana CE
8 gktoday.
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Marathi/Punja|Bhavartha Ramayana;| Folk-
bi/Nepali regional retellings |infuse
d.

Table 2: Indian Variants of Ramayana

6.1.2 Vernacular and Folk Traditions in

India
e An oral version of the Ramayana, the
tribal Ramkatha, localises the epic in
geographical terms, in the local rituals
and ethics as outlined in the works of
Academia and Deccan Herald. According
to Academia+1, hundreds of verbal
versions of Adivasi groups continue to be
passed on through song and story,
regularly filled with Buddhist or Jain

imagery.
e Gonds (Madhya
Pradesh/Chhattisgarh): Gondi

Ramayana is an oral repertoire, which
presents Rama as a tribal hero in relation
to local conflicts. [deccanherald].

e Wari-leeba narration, Pena-
sakpa balladry, Khongjom parva  drum
playing, and Jatra folk-theatre are some
examples of an eighteenth-century
adaptation of the Mitei court.

e Other Tribals: Arunachal manuscripts
(discovered in 2025, digitised by
Gyan Bharatam);  Tibetan  Buddhist
inflexions in oral form in the northeast.
Efforts are being made to preserve the
oral archives atIGNCA, but threats
of urbanisation remain.

6.1.3 Stage Productions and Drama

The Ramayana is still a cultural heritage in
intangible form through the UNESCO-
registered Ramlila, performed in northern
India on Dussehra. These are enactments
that range between ten and thirty-one nights,
which  involve  song, dialogue and the
involvement of the community.
There are Ayodhya, Ramnagar (Varanasi),
Vrindavan, Almora, Sarnath, and Madhubani,
where caste and religious communities are
brought together by variances, according to
Indian culture.

6.1.4 Other noted forms include
Yakshagana (Karnataka): All-night
drama with a focus on local

variations.

Others mentioned in the Deccan Herald are
Bharatanatyam, Kathakali, Odissi, and
Manipuri, each depicting the episodes with its
own peculiar stylings. The Indian Culture

dance-
narrative



Portal has video and metadata repositories
that are being digitised.

6.2 Other Variants Southeast Asian
and Other Written/Performed Variants

Country Variant Details®
Cambodia | Reamker Khmer, dance-
drama; Bophanad
igitized 1960s
recordings
(UNESCO MoW)19
Thailand Ramakien 18th CE royal,
Ayutthaya murals;
Siam
Society catalogue
511
Indonesia Kakawin 25 cantos;
Ramayana |Buton/Kuningan M
(9th CE Old SSin
Javanese) DREAMSEA
(20,129 pages).
Laos Phra Lak Buddhist monk
Phra Lam MSS digitised
(Luang Prabang'?
Burma/Mya|Yama Zatdaw Performed
nmar manuscript
collections.
Philippines |Maharadia La Moro epic.
wana
Malaysia |Hikayat Serir Malay.
am

Table 3: Global Variants of Ramayana

Distribution  through  pre-modern  Hindu
kingdoms led to an increase in variants of
Southeast Asian variants. DREAMSEA has
scanned more than 119,000 pages from
Indonesia, Laos, and Thailand (as of 2017).13

6.3 Translations Worldwide

Gita Press in Gorakhpur also provides
accurate English translations that are faithful
to Valmiki’s text; regional versions exist as
Ramcharitmanas. Other translations include
Persian (Ramtakht), Urdu, and Pali,
mentioned in Slideshare (15+ languages).
NMM/DREAMSEA has digitised these to
allow multi-lingual access.'

7. Status Preservation and Digital
Conversion

9 Gktoday.
10 english.cambodiadaily.

" thesiamsociety.
12 southeastasianlibrarygroup.wordpress.
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Indian variants and Indian scripts are covered
in NMM, and tribal oral literature is collected in
audio files at IGNCA. Southeast Asian
projects: DREAMSEA preserves endangered
MSS across 57 collections in 18 cities.
UNESCO digital registries are performance
records. The main gaps include insufficient
digitisation of oral and ftribal traditions, as
evidenced by the lack of an archival collection
of Gondi materials.'®

Variant | Region | Key Digital
Feature| Preservation
S Status
Valmiki | India |Original| NMM: Partial
Sanskrit| (Namami.gov.in)
Reamker|Cambodi| Dance | Bophana/UNES
a Epic CO (Bophana
Centre)
Ramakie|Thailand| Royal |Cultural societies
n murals [The Siam
society]
Kakawin|Indonesi|Javanes Academic
a e poetry scans'®

Table 4: Digital preservation Status . 2
7.1 Digital Preservation Initiatives

The National Mission for Manuscripts (NMM):
India Flagship Programme.

The NMM is a
ministerial organisation founded in 2003 by
the Ministry of Culture of India,
which organises the largest planned

manuscript digitisation project in the world. Its
general aim is to hold more than five
million documents, and the Ramayana image
forms about five to ten per cent of the total

collection. The milestones recorded in
the programme by the vyear 2026 are
as follows-

7.2 Technical Specifications

e Hardware: 112 flatbed scanners (600
-1200 DPI resolution) with 50 digital
cameras used to scan bound volumes.

e Software: OCR software with the
ability to handle 14 Indian scripts -
Devanagari with 95%
success; Grantha with  82% - which
guarantees a solid data retrieval.

o Metadata: The application of the
METS standards/XML, along with the
Dublin Core components (title, scribe,

13 Southeast asian library group.wordpress.
14 slideshare+1youtube.
5 academia

6 bharatideology.



colophon,  condition), to
the cataloguing interoperability.
e Storage: A 500 terabyte Trusted
Digital Repository (TDR) that runs in strict
OAIS compliance.

ensure

7.3 Ramayana-Specific Outputs

e 3.31 crore individual pages scanned
out of 3.16 lakh manuscripts - this is a
remarkable amount, and it highlights the
grandeur of the task.

o Digital Manuscripts Library (DML):
It contains over 5,000 records of the
Ramayana, of which 1,200 are bound in
the Bala Kada part.

e Regional script coverage Telugu
(Molla Ramayanamu), Tamil (Kamban),
Kannada (Jain variations).'”

e Partner Network: The NMM has
1,500+ institutions engaged, and some of
them are Bhandarkar (10.2 lakh pages)

and Rajasthan  Oriental (66,531
manuscripts). IGNCA, as well as Andhra
University through

its ScholarKart, contains 15,000 epics.

NMM MSS |Ramaya Script
Partner |Digitize| na Focus'®
d Pages
Bhandark| 7,553 |10,25,64 |Sanskrit/Grant
ar 6 ha
Rajastha | 66,531| 6M+ Devanagari
n Oriental
Vrindava| 22,375 |15,61,86 |Vyasanandisc
n 4 ript
Research
IGNCA |15,000+ Epics Multi-script
subset

Table 5: Ramayana-Specific Outputs

7.4 Project Ramayanam

Semantic Digital Edition Launched in 2023
and based on GitHub, this project elucidates
the Valmiki Ramayana into a fully machine-
readable format, unlike the image-focused
methodology of the NMM. The project, started
in 2023 and hosted on GitHub, encodes the
Valmiki Ramayana in machine-readable form
rather than the image-based approach of the
NMM.

7.5 Technical Innovation
e Corpus display of the complete
corpus of 24,000 shlokas of Sanskrit in
UTF-8 coded Sanskrit XML with

7 timesofindia.indiatimes.
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automated sandhi resolution to achieve
linguistic accuracy.

e Word-level morphological parsing,
such as stem-finding, case-marking
and vibhakti marking, gives a fine-

grained linguistic structure.

o Multi-layer parallelism helps to make
comparative analysis with Sanskrit-
English / Hindi/ Tamil translations, which
enrich cross-cultural studies.

e Classical commentaries were
included, e.g. Govindaraja and
the Tattvadeepika, which adds scholarly

depth.

e REST API endpoints (e.9.,
/kanda/1/sarga/5/shloka/10) can access
individual textual units directly

programmatically.

Progress (2026): 70% of the transcription
task is complete; Android and iOS
applications are in beta. The semantic
features enable sophisticated queries (e.g.,
dharma references in Uttara Kanda) that are
impossible with scanned images.

7.6 Mewar Ramayana Online Reunion
A good example of an international academic
partnership is the eighteenth-century Mewar
Ramayana, comprising more than 450 folios
and credited to Sahibdin.

7.7 2014 UK-India Project

The British Library Conducted High-
Resolution scans of 300 folios at 4000 DPI
using multispectral imaging to reveal latent
detail.

The corpus was expanded through the
imaging of 150+ folios from the City Palace
collection by CSMVS Mumbai.

The materials are synthesised by an |IIIF-
compliant viewer, enabling the virtual
assembly of the manuscript sequence.

UV examination revealed
hidden underdrawings in  the  miniatures,
providing new insights into artistic practices.
Impact: Scholars worldwide can now access a
continuous story whose pigments are more
than 500 years old, with colour calibration
performed.

7.8 Southeast Asian Projects:
DREAMSEA Project

Launched in 2017, Digital Restoration and
Conservation of Ancient Manuscripts in

8 namami.gov.



Southeast Asia (DREAMSEA) has
now digitised over 119000 pages across 57
separate collections. In 2017, Digital
Restoration and Conservation of Ancient
Manuscripts in Southeast Asia (DREAMSEA)
also digitised over 119,000 pages distributed
across 57 collections.

Country|Collectio| Items Details
n
Indonesi| Buton |20,129 Kakawin
a MSS [ pages Ramayana
variants
Laos Luang |15,000| Phra Lak Phra
Prabang + Lam
pages
Thailand| National | 8,500 |Ramakien subset
Library [ items s

Table 6: Ramayana Coverage

Technical Requirements: 600-DPI TIFF
master files, OCR processes of
Kawi/Javanese scripts, and IlIF-compatible
readers.

7.9 Oral Tradition Digital

Conversion Performance

Ramlila (UNESCO ICH): Indian Culture Portal
has videos of Ayodhya
and Ramnagar Varanasi, which document the
31-night cycle. The 10 TB audiovisual archive
documents caste-inclusive performances.®

Bophana Centre (Cambodia):
1960s Reamker Ta Krut shadow-play
recordings (a virtually completely lost

heritage) have been digitised. These texts are
included on the UNESCO Memory of the
World list.20

8. New Technologies and
Standards

AI/OCR Developments: Grantha OCR  will
achieve 82 per cent accuracy in the NMM
scenario using deep learning models in 2026,
up from 65 per cent in 2015. The Sanskrit
parser in Project Ramayanam solves 95 per
cent of the sandhi variants.

Blockchain Provenance: Pilot projects (not
seen to date with Ramayana content) suggest
tracing folio provenance to address colonial-
era ownership claims, such as the
Mewar one. Blockchain Provenance: Pilot
projects (not yet realised with Ramayana
material) suggest a system to track folio
provenance as a solution to the ownership

19 Indian culture
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disputes of the colonial era, such as the
Mewar one.

8.1 Interoperability Protocols

llIF  (International Image Interoperability
Framework): used in Mewar  and
DREAMSEA.

METS (Metadata Encoding and Transmission
Standard): Applied in NMM in DML to
encapsulate metadata rigorously.

OAI-PMH harvesting enables cross-repository
search across disparate holdings.

Initiative |Scal| Tech |Acces|Ramay
e [Maturit| s ana
y Model| Focus
NMM India |3.31| OCR | Open [Highest
Cr |82-95%| DML |(5-10%)
page
S
Project Ramay| 24K [Semant|APl/ap| Valmiki
anam shlokfic XML| ps only
as
Mewar Project| 450 | 4000 |Public |Specific
folios|DPI IlIF|viewer| codex
DREAMSEA |119K|hOCR/I|Acade| SE
page| IIF mic | Asian
S variants
Bophana |100+| Audio | Public [ Reamk
hrs [restoratjarchive| er only
ion

Table 7: Initiatives Comparative Analysis

8.2 Difficulties and Standardisation
Procedures
e Technical Hurdles: Cursive scripts
(Grantha, Kawi) cannot be OCR-read at
below 85 per cent; folded palm-leaf
leaves cause scan distortion.
e Legal: Legal challenges cause
stalling of about twenty per cent of NMM
uploads; there is still controversy over
Creative Commons licensing.
e Solutions: LOCKSS  distributed
preservation mechanisms are the
complement to the five-level quality
control systems used by NMM (raw - gold
standard).

8.3 Unified Standards (NMM/IGNCA)
e At least 600 DPI resolution; the
lossless JPEG2000 and TIFF formats
are preferred.

20 hitps://english.cambodiadaily.com



e METS technical and rights metadata
capture of 1.8 +.
¢ Image delivery made possible by IIIF
Presentation API 3.0.
e Durable citation is provided using
persistent identifiers (handles,
ARKS).
The entire digitisation landscape described in
this paper represents the path to practical
preservation, and the scalable models have
the potential to be replicated across global
manuscript traditions.?

9. Challenges and Solutions

9.1 Physical Degradation and
Environmental Endangerment

Main Obstacle: Palm-leaf manuscripts
(comprising eighty per cent of the Ramayana
corpus) deteriorate quickly in areas of high
humidity (more than seventy per cent),
resulting in brittle material within half a
century. Under suboptimal storage conditions,
termite infestation can reduce an estimated
20% per year. According to NMM, 60 per cent
of the five million Indian manuscripts are in
critical danger, and copies of Valmiki in
Kerala are particularly at risk.

9.1.1 Regional Variations

e Southeast Asia:

Cambodian Reamker leaves are
attacked by fungi at ninety per cent
relative humidity; Indonesian Kakawin on
sago palm is warped under
such circumstances.??2 Paper codices
(Mewar Ramayana): Flaking Ink flaking is
an issue with thirty per cent of the folios
of the 16th century.?3

9.1.2 Solutions

Assay: NMM Conservation
Protocols: fumigation: Twenty-eight degrees
Celsius using aluminium phosphide;
lamination: forty per cent with 4 per cent rice
starch; climate: twenty-eight degrees Celsius
with  half its relative humidity. One
lakh folios are treated under the programme
each year.

Preventive Storage: The use of acid-free
boxes and silica-gel desiccants will extend the
life of materials by up to 200 years.

Digital Surrogates: 600-DPI masters. The fate
of the original is always ensured, even when it
is later lost in material form.

2" namami.
22 southeastasianlibrarygroup.wordpress.
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Degradation Factor |Impact| Mitigation
Rate

Humidity/Temperature| 70% HVAC at
MSS |1,500 centres

affected
Insects (termites) 20% Methyl
annual | bromide
loss fumigation
Handling 15% Gloves,
damage| supports

Table 8: Degradation Factor & Impact

9.2 Technological Constraints of
Digitisation

OCR and Script Challenges: Devanagari OCR
has about 95% accuracy; Grantha at 82%;
and Javanese Kawi at less than 70%. The
curvature  associated with palm-leaf
manuscripts distorts about a quarter of scans,
and the weakening inks may be undetected
using traditional CCD sensors.

Data Volume: The National Mission for
Manuscripts (NMM) contains 3.31
crore pages, requiring an estimated 500 TB of
storage. The DreamSEA project, with
119,000 pages, requires significant university
server infrastructure.

9.2.1 Solutions
e Multispectral Imaging: Multispectral
imaging, using ultraviolet/infrared at 4000
dpi, was used in the Mewar project, with
an 85 per cent success rate.
e Al Advances: The results of modern
deep-learning architectures will
improve Grantha OCR performance from
65 in 2015 to 82 in 2026.
e Scalable Workflows: The phased
nature of Project Ramayanam, including
first imaging, OCR conversion, and
eventually semantic XML generation, is
scalable.

9.3 Intellectual Property and Conflicts
of Access

Ownership Disputes: The ownership of Mewar
folios between the UK and India is a legacy of
colonial-era dispersal, which delays about 20
per cent of NMM uploads. Trusts granted to
temple properties claim an unlimited right over
donated manuscripts.

Cultural Sensitivities: Ethnolinguistic
communities that
possess Ramkatha materials  might  limit

23 timesofindia.indiatimes.



digitisation, and Ramlila practice practitioners
are concerned about the commercialisation of
their performances.

9.3.1 Solutions
e Metadata rights framework: NMM
uses Creative Commons CC-BY-SA on
all the public-domain manuscripts and
CC-BY-NC on the problematic
holdings.
e Community Protocols: Memoranda of

Understanding with  tribal councils,
including the Arunachal
Pradesh, determine mediated access
pathways.

¢ Blockchain Provenance: Folio chain-
of-custody tracking is initially
being piloted, but has yet to be formally
implemented.

9.4 Accessibility Gaps and Digital
Divide

Barriers to infrastructure: Rural areas in India
and Southeast Asia have access rates to
digital infrastructure of less than 20%, while
urban areas have access to 80% of the Digital
Manuscript Library (DML).

Language Bars: 90% of metadata will remain

in  English/Sanskrit,  requiring  regional
interfaces for different regions.
9.4.1 Solutions
e Mobile -First Access: Android
applications based on

the Ramayanam API, with Hindi/Tamil
Uls, are expected to have more than
50,000 downloads.
o Offline Models: USB delivery to 500 or
more rural centres has helped to make
about 1000000 downloads of the
manuscript.
e Multilingual Metadata: DML Phase 3.
The 12 metadata languages have been
added.
9.5 Interoperability and Fragmentation
Siloed Repositories: The NMM schema is
incompatible with DreamSEA, and the
British Library IlIF viewer does not
currently federate with Indian portals.
Metadata Inconsistency: Different
versions of Dublin Core and METS are
used, as well as non-standard subject
headings (e.g., Bala Kanda vs. Book 1),
which hamper cross-reference.

9.5.1 Solutions

llIF Universal Viewer is an open-source
platform allowing a unified interface to access
more than 100 repositories.
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e OAI-PMH Harvesting: The NMM DML
can cross-search over 50000 items.

e Schema Alignment: A set of
mandatory METS partners promulgates
1.8+ standards.

Challenge |Severit| Solution | Example
Category |y (1-10)|Readines
s
Physical 9 High Palm-leaf
Decay (NMM | lamination
protocols)
OCR 7 Medium [Grantha 82
Accuracy (Al %
progress)
IP Disputes 8 |Low (legall CC-BY-SA
pending) | framework
Digital Divide| 6 High [ Rural USB
(mobile kits
apps)
Interoperabilitf 7 Medium [Cross-repo
y (1F) search

Table 9: Challenges Categories

9.6. Financing and Sustainability
Problems

Chronic Underfunding: The NMM’s annual
budget of about 50 crores is significantly
below the estimated 500
crores; DreamSEA is highly grant-based.
Staffing Issues: The current staffing is 1
paleographer per 10,000 manuscripts, and
there is a training backlog of 14 scripts.

9.6.1 Solutions
e Public-Private Partnerships: Including
Google/NIC to do OCR and Microsoft
Azure donating 50 TB of storage.

e Crowdsourcing: The GitHub
repository of Project Ramayanam has
more than 500 volunteers who do the
shloka proofreading.

10. Proposed Digital Framework

This study proposes the development of an
integrated digital platform (hereafter referred
to as a “super site”) dedicated to the
Ramayana and its major textual variants.
Unlike existing digitisation initiatives that
primarily focus on preservation and archival
access, the proposed system aims to combine
accessibility, comparative analysis, and
linguistic resources within a single unified
interface.



The platform will include major Ramayana
texts such as the Valmiki Ramayana and
Ramcharitmanas, along with other significant
regional and international variants. A key
feature of this system will be the integration of
a structured lexical resource (dictionary)
derived from these texts, enabling word-level
exploration and semantic understanding
across versions.

Regarding content accessibility, copyright-
free texts will be hosted directly on the
platform. At the same time, restricted
materials will be linked from external
repositories, ensuring both legal compliance
and comprehensive coverage. This hybrid
access model allows the inclusion of a wide
range of sources without compromising
intellectual property norms.

A central innovation of the proposed work is a
comparative analysis system that enables
users to examine how narrative elements,
themes, and characters vary across versions
of the Ramayana. This feature will support
thematic mapping (e.g., dharma, ethics,
regional adaptations) and enable cross-
variant study in a structured manner.

Furthermore, the platform aims to prioritise
multilingual accessibility, particularly for
Indian regional languages. By incorporating
multiple language interfaces and translations,
the system seeks to bridge linguistic barriers
and expand access to diverse user groups,
including scholars, students, and general
readers.

Overall, this proposed framework moves
beyond static digitisation by transforming the
Ramayana corpus into an interactive,
comparative, and linguistically enriched digital
knowledge system. It addresses key gaps

identified in existing research, including
resource fragmentation, the lack of
comparative tools, and limited regional

language accessibility.

Key Features of the Proposed System
The proposed digital platform is designed as
an integrated, multifunctional system that
addresses the major limitations of existing
Ramayana digitisation initiatives. Its core
features are outlined as follows:

Integrated Ramayana Text Repository:
The platform will serve as a centralised

repository incorporating major Ramayana
texts, including the Valmiki Ramayana,
Ramcharitmanas, and other significant
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regional and international variants. This
integration will reduce fragmentation by
bringing dispersed textual resources into a
single accessible environment.

Dictionary-Based Lexical Exploration:

A key component of the system will be a
structured dictionary derived from the
included texts. This feature will enable users
to explore word meanings, contextual usage,
and semantic variations across different
versions, thereby supporting linguistic and
philological research.

=
—
—
—
[ e er

Figure 1: Proposed Digital Framework for
Integrated Ramayana Platform

Variant Comparison Tool:

The platform will include a comparative
analysis mechanism that allows users to
examine differences in narrative structure,
themes, and character representation across
multiple Ramayana traditions. This tool will
facilitate systematic cross-variant study and
enhance understanding of  regional
adaptations.

Hybrid Copyright Access Model:

To ensure both comprehensiveness and legal
compliance, the system will adopt a hybrid
access approach. Copyright-free materials
will be hosted directly on the platform. At the
same time, restricted texts will be made
accessible via curated external links, thereby
maintaining continuity of access without
violating  intellectual  property = norms.

—
—
—
—
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Figure 2: Layered Architecture of the
Proposed Ramayana Digital Platform

Multilingual Interface with Focus on Indian
Languages:

The platform will prioritise multilingual
accessibility, particularly emphasising Indian
regional languages. By providing interfaces
and content in multiple languages, the system
aims to make the Ramayana corpus
accessible to a broader audience, including
non-English-speaking users, thereby
promoting inclusive digital scholarship.

11. Conclusion

The preservation and digitisation of the
Ramayana and its more than 300 variants are
not merely technical exercises but broader
civilizational responsibilities. From palm-leaf
manuscripts in India to Southeast Asian
performance traditions, the epic reflects both
cultural richness and material vulnerability.
Institutional initiatives such as the National
Mission for Manuscripts, the Mewar
Ramayana  digital reunification, and
DREAMSEA have significantly advanced
preservation through large-scale digitisation
and improved accessibility. At the same time,
semantic projects like Project Ramayanam
mark a transition toward machine-readable
and analytically usable textual corpora.
Despite  these  advancements, major
challenges persist, including physical
degradation, limitations in OCR for scripts
such as Grantha and Kawi, intellectual
property issues, and interoperability across
repositories. These factors continue to
fragment the digital landscape and limit the full
potential of comparative research.

In response, this study proposes the
development of an integrated digital platform
for the Ramayana that combines major texts
such as the Valmiki Ramayana and
Ramcharitmanas with other regional and
global variants. By incorporating a dictionary-
based lexical system, a cross-variant
comparison tool, and a hybrid copyright
access model, the platform seeks to address
fragmentation and enhance accessibility. Its

emphasis on  multilingual interfaces,
particularly in Indian regional languages,
further supports inclusive and wider
engagement.

Overall, sustainable preservation requires
integrated digital infrastructure, Al-driven
tools, ethical governance, and inclusive

access strategies. Digitisation does not
replace manuscripts but extends their life,
transforming the Ramayana into a dynamic
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and accessible knowledge system. Through
such efforts, the tradition can continue to
function as a living archive of cultural memory
and dialogue.
The results indicate that there are 5 strategic
imperatives of sustainable preservation:
e Integrated Digital Infrastructure: a
federated Asia Pacific Ramayana
Digital Hub connecting Indian and

Southeast Asian and  global
repositories with interoperable
protocols.

e Aristocratic Al and Multispectral
Imaging- scaling the script recognition
abilities and retrieving the lost texts,
thus reducing the reliance on manual
palaeography.

e Community-Based Access Models-
the value of tribal, temple and
performance traditions is respected
but regulated digital dissemination.

e Provenance and Ethical Governance
- The use of blockchain-based
tracking and transparent rights to

solve  colonial dispersals and
challenged ownership.
e Inclusive Accessibility- mobile-first

platforms, multi-language metadata
and offline distribution strategies to
overcome rural and regional
disparity.
Finally, digitisation is not a replacement for the
manuscript; it prolongs its existence.
Throughout history, the Ramayana has been
active: transmitted orally, reconstructed
regionally, acted out in rituals, and artistically
recreated. Digital preservation advances this
evolutionary chain by converting fragile
artefacts into a global resource that is
accessible, interoperable, and analyzable.
This guarantees that Ramayana is not a
heritage of the past but a living archive of
dialogue. In this regard, systematic digitisation
not only preserves content but
also maintains memory, identity, and
intercultural continuity. Digital resilience of the
Ramayana tradition will be assured through
collaboration in stewardship, technological
innovation, and ethical responsibility, ensuring
that the tradition remains relevant and
accessible to future generations in an ever-
increasingly interconnected
world. Academia.edu. Tribal Ramkatha traditi
ons in India.
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Abstract
The digitization of classical Sanskrit literature is impeded by a scarcity of annotated resources, particularly for Named
Entity Recognition (NER). While recent methodologies utilize generic Large Language Models (LLMs) for data
augmentation, these approaches remain prone to error and often lack the reasoning depth required for classical
grammar. In this work, we introduce Naamabh, a high quality silver standard Sanskrit NER dataset comprising 102,942
sentences. We propose a methodology that combines entity extraction from DBpedia with the generative capabilities
of a 24B parameter hybrid reasoning model to create grammatically natural and synthetically diverse training data.
We utilize this dataset to benchmark two transformer architectures: the massive multilingual XLM RoBERTa and the
parameter efficient IndicBERTv2. Our experiments reveal a key insight: while both models scale well with synthetic
data, IndicBERTv2 qualitatively outperforms XLM RoBERTa in entity identification and classification. On a fixed split
of 92,647 train and 10,295 validation examples, IndicBERTv2 achieves the best validation F1 of 0.9615, outperforming
XLM R’s 0.9506 while remaining substantially lighter for deployment. We demonstrate that the generic tokenizer
of XLM R fractures Sanskrit terms, whereas the domain adapted tokenizer of IndicBERTv2 preserves semantic integrity.

Keywords: Sanskrit NER, Synthetic Data, Language Models, Low Resource NLP, Dataset Creation

The Naamah dataset is publicly available  and expensive. Existing datasets are often small,
at https://huggingface.co/datasets/  domain specific, or suffer from severe class imbal-
akhil2808/Naamah. ance. Current approaches to overcoming this in-

clude Cross Lingual Transfer projecting labels from

high resource languages like English. However,

1. Introduction projection methods introduce significant alignment

noise due to structural mismatches. Similarly, utiliz-

Sanskrit is central to South Asian intellectual his-  ing generic LLMs for generation often yields errors

tory, yet modern NLP resources for Sanskritremain  because they lack domain specific grounding for
sparse relative to contemporary high resource lan-  Indic scripts.

guages. Extracting structured information from this

corpus constitutes a significant challenge in Digi-

tal Humanities. Named Entity Recognition (NER)

serves as the foundational step for downstream

tasks such as Knowledge Graph construction, re-

In this paper, we leverage a hybrid reasoning
model optimized for Indic languages to bridge this
data gap. Our contributions are three fold:

lation extraction, digital philology, and historical 1. DBpedia Mining Strategy: We detail a
prosopography. However, developing NER sys- methodology for extracting diverse entity
tems for Sanskrit is complicated by two primary seeds from DBpedia using structured queries,
factors: intrinsic linguistic complexity and a scarcity ensuring broad coverage of Persons, Loca-
of annotated resources. tions, and Organizations.

Sanskrit is a Morphologically Rich Language
(MRL) characterized by extensive agglutination and 2. The Naamah Corpus: We introduce a sil-

inflection. Unlike English, where word order largely
determines syntax, Sanskrit relies on a complex
system of case markers (Vibhakti). A single Named
Entity (NE), such as Rama, can manifest in over 24
surface forms depending on its syntactic role. Fur-
thermore, entities are often merged phonetically
with adjacent words via Sandhi, obscuring their

ver standard dataset of 102,942 Sanskrit sen-
tences generated via this model and refined
through heuristic preprocessing. This method
bypasses rigid grammar templates, allowing
varied syntactic structures to emerge naturally.

boundaries. Standard string matching techniques 3. Benchmarking Insights: We provide a com-
or rigid rule based systems often fail to capture this parative analysis of XLM RoBERTa (Base)
variance in unseen contexts. vs. IndicBERTv2 on a fixed split (92,647 and
The resource bottleneck is significant. Manual 10,295). We demonstrate that for classical lan-
annotation requires high level domain expertise, guages, domain aligned tokenization is more
making the creation of gold standard corpora slow critical than raw model scale.
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2. Related Work
2.1. Challenges in Cross Lingual
Projection

A common approach to low resource NER involves
projecting annotations from a source language to
the target language via parallel corpora. For in-
stance, the Naamapadam dataset (Mhaske et al.,
2023) utilizes the Samanantar corpus to generate
NER data for 11 Indic languages. Linguistic mis-
matches such as the divergence in word order and
the lack of direct equivalents for Sanskrit case mark-
ers lead to alignment errors. Parallel alignment
errors can propagate directly into label quality, es-
pecially with inflected forms. Our work circumvents
this by generating data directly in the target lan-
guage structure.

2.2. Sanskrit Computational Linguistics
and NER

Rule-based paradigms have dominated traditional
Sanskrit processing. Tools like the Sanskrit Her-
itage Reader (Goyal and Huet, 2016) excel at mor-
phological analysis and segmentation. However,
these tools lack the probabilistic flexibility required
to disambiguate Named Entities in complex con-
texts where ambiguity is resolved through broader
sentence semantics. While deep learning has been
applied to segmentation (Hellwig and Nehrdich,
2020), contextual NER remains under-explored.
Early efforts in Sanskrit NER largely relied on rule-
based heuristics and dictionary lookups, which nat-
urally struggle with out-of-vocabulary terms and
extensive Sandhi (Murthy et al., 2008). Subse-
quent attempts have explored statistical models
like Conditional Random Fields (CRFs) on limited,
domain-specific corpora (Bhargava and Sharma,
2016). This research gap is further widened by the
lack of inclusion in foundational datasets; for in-
stance, the Namapadam dataset, which serves as
the primary large-scale repository for NER in Indic
languages, does not currently include Sanskrit.

2.3. Sanskrit Digital Resources

The development of robust NLP models for classi-
cal languages heavily depends on the availability of
digitized texts and lexical frameworks. Several no-
table efforts have laid the groundwork for Sanskrit
digital humanities. The Digital Corpus of Sanskrit
(DCS) (Hellwig, 2010) provides an extensively an-
notated corpus for morphological and lexical analy-
sis, while the Géttingen Register of Electronic Texts
in Indian Languages (GRETIL) serves as a com-
prehensive repository of machine-readable founda-
tional texts. Additionally, lexical resources like the
IndoWordNet (Bhattacharyya, 2010) offer valuable
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semantic linkages. While these digital resources
are invaluable for philological research, grammar
formulation, and basic NLP tasks, they generally
lack the dense, large-scale semantic annotations
required for training modern deep-learning-based
NER systems. This scarcity directly underscores
the necessity for the synthetic data generation
pipeline proposed in this work.

2.4. Synthetic Data Generation

Data augmentation is a standard technique in low
resource NLP (Ding et al., 2020). The current trend
relies heavily on generic LLMs (Wang et al., 2023),
which can generate incorrect grammatical struc-
tures in low resource languages. Our work utilizes
an LLM optimized specifically for Indic scripts, of-
fering a domain grounded generative alternative.

3. Automated Entity Extraction from
DBpedia

A critical challenge in synthetic data generation is
ensuring the diversity of the lexicon. If the model
observes only a handful of traditional names dur-
ing training, it will simply memorize those tokens
rather than learning the morphological context of a
Named Entity. To address this, we propose leverag-
ing DBpedia, a large scale multilingual knowledge
base.

3.1.

DBpedia organizes knowledge as a graph of triples
using the Resource Description Framework (RDF).
This structure allows researchers to programmati-
cally filter entities based on their ontology classes.

Knowledge Base Structure

3.2. Extraction Methodology

By utilizing SPARQL, we extracted a broad spec-
trum of entities targeting three primary categories:
Person, Location, and Organization.

To ensure morphological variety, the extraction in-
cluded a diverse mix of both classical Indian entities
and global entities (e.g., modern international loca-
tions, foreign political figures) transliterated into De-
vanagari script. Embedding transliterated names
like Giacomo Libera or Manfred Hake alongside tra-
ditional Sanskrit entities prevents downstream NER
models from relying on lexical familiarity, forcing
them to learn the underlying syntactic patterns and
case markers (Vibhakti) that designate an entity in
a Sanskrit sentence.

4. The Naamah Corpus

Using the vetted entity lists, we developed our
dataset. We shifted from a deterministic logic ap-



proach to an LLM driven generative pipeline to max-
imize syntactic fluidity.

4.1.

Instead of relying on rigid, pre-programmed mor-
phological engines that often struggle with the fluid
nature of Sanskrit syntax, we utilised Sarvam M, a
24-billion-parameter hybrid reasoning model, heav-
ily optimised for Indic languages.

Language Model Pipeline

Generation Process: The model was prompted
to incorporate specific entity seeds from our DBpe-
dia extraction into semantically coherent Sanskrit
sentences. This generative approach allows for
the natural emergence of appropriate case endings
and phrasing that mimics authentic text better than
brittle template only generation, yielding a wider
variety of syntactic structures and inflectional real-
izations.

Preprocessing and Heuristics: To ensure the
dataset could serve as a reliable silver standard,
the raw output underwent a Python based prepro-
cessing layer. Generated candidates are filtered
using rule based checks for token label consistency,
malformed output, and ambiguous boundaries. Af-
ter filtering, we retain 102,942 high quality silver
standard examples.

4.2. Dataset Characteristics and
Statistics

The final dataset consists of 102,942 sentences
structured in JSONL format, providing a substan-
tial corpus for training and evaluation. It uti-
lizes the standard BIO (Beginning-Inside-Outside)
tagging scheme to represent entity boundaries.
These tags are mapped to numeric identifiers via
a label2id dictionary to facilitate model process-

ing"o": 0,"B-PER": 1,"I-PER": 2,"B-
ORG": 3, "I-ORG": 4, "B-LOC": 5, and
"I-LOC": 6.

We performed a statistical analysis of the gener-
ated corpus (Table 1). The dataset relies on a highly
diverse vocabulary, featuring 123,923 unique to-
kens across a total volume of 732,267 tokens. The
average sentence length is 7.11 tokens.

5. Experimental Setup

We benchmarked two state of the art transformer
models on our dataset to evaluate their capacity to
learn from synthetic Sanskrit data.

5.1. Models

1. XLM RoBERTa (Base): Serves as a strong
multilingual baseline. It uses a large vocabu-
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Statistic Value

Total Sentences 102,942
Train Split 92,647
Validation Split 10,295
Unique Tokens 123,923
Total Tokens 732,267
Average Sentence Length 7.11

Table 1: Core statistics of the Naamah corpus and
split configuration used in experiments.

Entity Class Count (B tags)
Person (PER) 90,452
Location (LOC) 22,290
Organization (ORG) 14,655
Total Entities 127,397

Table 2: Entity distribution in Naamah.

lary (250k) and is often the default choice for
low resource languages. However, its generic
training data includes very little classical San-
skrit.

IndicBERTv2 (MLM Only): Provides an In-
dic focused compact alternative. It utilizes pa-
rameter sharing to reduce size to ~ 130MB,
making it suitable for edge deployment. Its
vocabulary is optimized for Indic scripts.

5.2. Tokenization Strategy and De-Sandhi

Sanskrit is highly agglutinative, and authentic
texts often feature virtually infinitely long string se-
quences due to complex Sandhi (phonetic fusions
across word boundaries). While traditional Sanskrit
NLP pipelines heavily rely on explicit de-sandhi pre-
processing to separate these compound structures
before tagging, our methodology evaluates the ca-
pacity of modern transformer tokenizers to handle
raw, un-split text natively. Rather than applying a
dedicated de-sandhi tool, we rely on the subword
tokenization algorithms inherent to XLM-R and In-
dicBERTv2 to implicitly segment these agglutinated
forms.

To handle the resulting fragmented sub-words
during NER training, we employed a “Label First”
alignment strategy. The BIO tag is assigned only to
the first sub-token of an entity, and subsequent sub-
tokens are masked with the ignore index (—100), a
standard strategy for token classification with sub-
word tokenizers. This forces the model to predict
the entity type based on the root stem while implic-
itly learning the suffix structure and Sandhi fusions.



5.3. Training Configuration

Both models are fine tuned with Hugging Face
Trainer. XLM R is trained for 3 epochs; In-
dicBERTv2 for 4 epochs. Batch size is 16. Learn-
ing rates are 2 x 107° (XLM R) and 3 x 107 (In-
dicBERTv2).

6. Results and Analysis

6.1.

Both models achieved strong convergence on the
synthetic test set (see Table 3). On a fixed val-
idation split of 10,295 examples, IndicBERTv2
achieves the best validation F1 of 0.961451, out-
performing XLM R’s 0.950581.

Quantitative Results

Metric XLM R IndicBERTv2
Precision 0.949766 0.959563
Recall 0.951396 0.963345
F1 Score 0.950581 0.961451
Accuracy 0.985695 0.988897
Validation Loss 0.057814 0.054086

Table 3: Validation performance on Naamah
(10,295 examples). IndicBERTv2 achieves the
strongest overall NER quality.

6.2. Training Dynamics

XLM R converges in 3 epochs with gradual F1 gains
(0.9366 — 0.9506). IndicBERTv2 converges in 4
epochs with stronger final validation F1 (0.9536 —
0.9615), indicating improved fit to Sanskrit entity
morphology under the same data regime.

6.3. Qualitative Analysis: Tokenizer
Model Fit

While aggregate scores demonstrate the viability of
both models, qualitative error inspection shows a
recurring issue for XLM R on inflected forms where
suffix fragments receive unstable labels. We tested
the models on sentences containing entities and
structures not explicitly prevalent in the training
data.

6.3.1. Failure Mode Analysis: Tokenizer

Fragmentation

We observed a recurring failure mode in XLM R
with complex agglutinated terms. For the input
“Kuruksetre” (in Kurukshetra):

* IndicBERTv2 Output: Kuruksetre (Correctly
classified as Location)
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+ XLM R Output: Kuruksetra (Location) + e (In-
correctly classified as Organization)

Analysis: XLM R’s multilingual tokenizer, which
is not optimized for Indic scripts, fractures the word
into a root (Kuruksetra) and a suffix (e). The self
attention mechanism treats the suffix e as a sep-
arate token. Without specific pre training on San-
skrit morphology, XLM R falsely predicts that this
dangling suffix is an Organization. In contrast, In-
dicBERTv2 handles these sub word transitions co-
herently, recognizing that the suffix modifies the
root and maintaining the Location tag across the
entire span. IndicBERTv2 is more consistent on
complete entity spans, supporting the hypothesis
that Indic oriented tokenization better preserves
morphological cues crucial for Sanskrit NER.

7. Discussion

A significant advantage of the proposed approach
is that it effectively bypasses the requirement of
manual annotation for Named Entities. Naamah
demonstrates a practical path to scale labeled data
for classical languages where expert annotation is
scarce. While silver standard data does not replace
gold corpora, it provides a strong foundation for
pretraining and supervised transfer.

The results suggest that tokenizer language
alignment is a primary factor for Sanskrit NER, of-
ten more influential than parameter count alone.
For practitioners, this implies that compact domain
adapted models can outperform larger multilingual
encoders when script and morphology differ sub-
stantially from pretraining distributions.

8. Limitations and Future Work

Naamah is synthetic and inherits biases from
source entities, prompting templates, and filtering
heuristics. As a preliminary study, this work opens
several avenues for critical improvement to transi-
tion from a silver standard to a production grade
system:

8.1.

Future work will include targeted stress testing for
complex Sandhi. While the generative LLM ap-
proach captures basic morphological fusions natu-
rally, authentic Sanskrit literature is dominated by
highly complex Sandhi (phonetic fusions across
multiple words).

Complex Sandhi Resolution

8.2. Gold Standard Evaluation

Future work will focus on evaluating manually an-
notated texts through hybrid training with an expert-
validated gold subset. We plan to benchmark the



pre-trained IndicBERTv2 model against excerpts
from classical and contemporary sanskrit texts.
This addresses the critical lack of Sanskrit sup-
port in modern NER datasets like NamaPaadam
and the conceptual absence of "Organization” enti-
ties in classical corpora by adapting the annotation
schema for historical contexts.

9. Conclusion

In this work, we introduced Naamah, a large-scale,
silver-standard Sanskrit Named Entity Recognition
dataset comprising 102,942 synthetically gener-
ated sentences. To overcome the critical scarcity of
annotated classical Sanskrit texts, we developed a
novel data generation pipeline that combined struc-
tured entity mining from DBpedia with the gener-
ative capabilities of a 24-billion-parameter hybrid
reasoning LLM optimized for Indic languages. This
methodology allowed us to bypass rigid, rule-based
grammatical templates, resulting in a morphologi-
cally diverse and syntactically natural corpus.

We subsequently utilized this dataset to bench-
mark two distinct transformer architectures on a
fixed split of 92,647 training and 10,295 validation
examples. Our evaluations demonstrated that the
parameter-efficient IndicBERTv2 achieved the high-
est validation F1 score (0.9615), outperforming the
much larger, multilingual XLM-RoBERTa (0.95086).
Crucially, our qualitative analysis revealed that
generic multilingual tokenizers frequently fracture
complex, agglutinated Sanskrit terms, leading to
misclassification. In contrast, domain-adapted tok-
enization successfully preserves entity boundaries
and semantic integrity. Ultimately, Naamah pro-
vides a robust foundational resource for advancing
Sanskrit computational linguistics, demonstrating
that language-aligned tokenization and targeted
synthetic generation can effectively bridge the data
gap for low-resource classical languages.
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Abstract

Large Language Models (LLMs) have shown remarkable proficiency in standard English benchmarks, yet their
ability to navigate the sociopragmatic cues of non-Western English varieties remains underexplored. This paper
introduces IndEuph-170, a novel benchmark dataset focused on Indian English (IndE) euphemisms —
expressions whose roots lie in local social hierarchies, politeness norms, and cultural taboos (e.g., "setting,"

"loose character,

suitable boy"). IndEuph-170 comprises 170 curated IndE sentences, against which the

performance of two distinct architectures was evaluated: a fine-tuned BART model and GPT-4. The findings
reveal a significant "cultural gap". While GPT-4 achieves 82.5% accuracy, it struggles with authoritative and
punitive nuances. BART achieves 55.3% accuracy but exhibits a high rate of false positives by over-classifying
general Indianisms as euphemisms. The paper argues that current multilingual benchmarks such as MME (Fu et
al.,, 2025) and GLUE (Wang et al., 2018) fail to capture these dialectal pragmatics, and that a culturally-aware

evaluation framework for Global Englishes is necessary.

Keywords: Indian English, Euphemism Detection, LLM Evaluation, Cultural Pragmatics, NLP Benchmarking

1. INTRODUCTION

Euphemisms act as linguistic shields — a buffer
that allows speakers to navigate sensitive topics
like death, sex, and social status without being
overtly direct. In the Indian sociolinguistic
context, these expressions diverge from Western
standards by incorporating local social
hierarchies and politeness norms (Sailaja, 2012).

Indian English is recognised as a distinct,
institutionalised variety of English (Sailaja, 2012)
with its own unique sociopragmatic norms;
however, NLP models often exhibit a dialectal
bias, wherein they fail to distinguish between
standard regional variations (e.g., 'passed out'
for graduation) and intentional meaning-masking
euphemisms (e.g., 'loose character'). Far from
being mere slang, these phrases flout Gricean
maxims of Manner or Quantity to negotiate or
preserve social harmony. For example, "loose
character" encodes societal morality, while
"convent-educated" signals high social standing
and English fluency. The role of pragmatics —
the meaning between the lines — is central to
such expressions, making them a difficult test for
Al, which may interpret 'adjusting' literally rather
than as a socially-enforced compromise.

Large Language Models  (LLMs) are
predominantly trained and tested on Western
datasets such as MME (Fu et al., 2025) or GLUE
(Wang et al., 2018). Consequently, models like
GPT-4, while excellent at standard English, often

fail to internalise regional pragmatics.
"Indianisms" are frequently labelled as errors by
Al when they are, in fact, purposeful

euphemisms.

Current research by Hu et al. (2024) introduced
the JointEDI framework, which improved
bilingual euphemism identification but remains
restricted to Standard American English and
Mandarin, thereby overlooking the 1.4 billion
speakers of Global Englishes. This study aims to
bridge this gap by evaluating how models like
BART and GPT-4 handle the specific ways in
which Indian English encodes and softens
meaning.

This paper introduces a benchmark of 170 Indian
English sentences categorised by euphemistic
type (e.g., Understatement, Humor,
Indirectness). Comparing the detection accuracy
of a fine-tuned BART model with GPT-4's
zero-shot performance reveals that, while LLMs
are improving, they still struggle with the
authoritative and punitive tones unique to Indian
social contexts. This benchmark specifically
targets the pragmatic competence of models
rather than mere semantic similarity.

2. METHODOLOGY

2.1 Dataset Collection

This study presents IndEuph-170, a curated
benchmark dataset of 170 Indian English (IndE)
sentences. Designed through scraping Reddit,

Twitter, Quora, and Indian-English media articles,
IndEuph-170 targets pragmatic expressions
common in the Indian subcontinent that are
absent from existing benchmarks such as MME
(Fu et al., 2025) and GLUE (Wang et al., 2018).
The dataset comprises 101 euphemistic
instances and 69 literal "Indianisms" (e.g.,
"passed out," "missed call'). To supplement
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natural samples and ensure diversity, 40
sentences were synthetically generated and
subsequently validated by native speaker
annotators against the same annotation
framework applied to the full dataset. Loanword
examples were included where widely accepted
(e.g., jugaad, masala). The balance of cultural
slang and true euphemisms tests whether

Pilot Phase (GPT-4 Evaluation): A subset of 40
sentences was tested using GPT-4 via manual
prompt-based interaction. This phase evaluated
two tasks: Detection (binary classification) and
Paraphrasing (rewriting euphemisms in literal
language).

Scaling Phase (BART Evaluation): The full 170-
sentence dataset was processed using the
facebook/bart-large-mnli model via Hugging Face

in a Google Colab environment. This phase
focused exclusively on binary detection to
measure model robustness at scale.

It is acknowledged that this two-phase design
does not permit a direct, head-to-head
comparison between GPT-4 and BART under a
unified protocol. The asymmetry was a deliberate

methodological choice. It was driven by two
constraints: (1) the cost and rate-limiting of GPT
4’'s APl made full 170-sentence evaluation

models can distinguish between the two
categories.
Category Sentence Pragmatic
s Focus
Euphemisms 101 Meaning
Masking /
Taboo
Literal / 69 Dialectal
Indianisms Variation
Total 170

impractical within this study’s scope, and (2) the

two phases serve distinct research purposes. The

Table 1: Dataset Composition

2.2 Categorisation Framework

The euphemisms were classified into five distinct
types, following the taxonomy of Allan and
Burridge (1991):

(1) Indirectness: Expressions avoiding direct
reference (e.g., "loose character").

(2) Understatement: Expressions minimising the
intensity of a situation (e.g., "small scene").

(3) Humor / Slang: Witty or informal local terms
to soften a taboo (e.g., "doing timepass,"
"chutney").

(4) Politeness: Terms maintaining social
harmony or respect (e.g., "suitable boy," "good
name").

(5) Social Status: Expressions masking class or
educational hierarchies (e.g., "convent
educated").

2.3 Experimental Design: Pilot and
Scaling Phase

For the pilot phase, a double-blind annotation
was conducted on a subset of 40 sentences to
ensure the reliability of euphemism labels. A
native speaker of Indian English performed the
primary annotation; a second native speaker
validated the classification. Both annotators
possess extensive experience in educational
linguistics and student language assessment.
The evaluation was conducted in two distinct
phases:

pilot phase assesses qualitative pragmatic
competence (detection and paraphrasing). And
the scaling phase stress-tests binary detection
robustness at volume. Table 2 metrics are
indicative of each model’s characteristic failure
modes, and not a direct performance race. Future
work will evaluate both architectures under a
unified experimental protocol on an expanded
dataset in order to enable fair comparison.

2.4 Annotation and Validation

To ensure label reliabilityy, a double-blind
annotation was conducted. A primary native
speaker of IndE and a secondary native speaker,
both with expertise in educational linguistics,
annotated the pilot subset. A Cohen's kappa of
0.79 was achieved, indicating "substantial
agreement."

Annotators identified: (a) whether a euphemism
was present, (b) the target taboo or sensitive
word, and (c) a literal paraphrase of the sentence.
Each entry was thus labelled with a binary label,
the target word, and a standard English
translation of the intended meaning.
Discrepancies were resolved through consensus
based discussion to ensure that the final "Gold
Standard" labels reflect a shared cultural
understanding of IndE.

3. RESULTS AND DISCUSSION

3.1 Pilot Phase Results (GPT-4)

In the pilot phase, GPT-4 demonstrated high
proficiency, achieving 82.5% accuracy (7
mismatches) in the detection task. In the
paraphrasing task, it achieved 90% accuracy, with
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only 4 semantic mismatches where the model
failed to capture the specific Indian social gravity
of an expression.

3.4 Qualitative Gaps in GPT-4: Pragmatic
Blind-Spots

Model Acc. Prec. Rec. F1 Despite its higher accuracy, QPT—4lfaiIed on
culturally specific expressions involving Indian
BART 55.3% 58.6% 84.1% 69.0% authority and social dynamics. It missed the
Large punitive tone in “The police launched a campaign
to crack down...” and the corruption-related
GPT-4 825% [ 80.5% [ 846% | 82.5% nuance in “He has a setting with the manager.”

These results highlight a Western-centric bias
and an absence of deep sociopragmatic mapping

of the Indian context, even in the most advanced
Table 2: Performance Metrics LLMs.

3.2 Scaling Phase Results (BART) The A closer breakdown of GPT-4’s seven detection
scaling phase revealed a significant performance €fTors reveals a con3|st§nt patt-ern: the model
drop. As detailed in Table 2, BART Large yielded Struggles specifically with Social Status and

an accuracy of only 55.3%. While the model authority-coded expressions. Three of the seven
showed high Recall (84.1%), its Precision was ~ €'TOrs involved Social Status euphemisms (e.9.,
low (58.6%) due to excessive false positives. convent-educated,” “decent family”), where GPT

) e 4 identified the literal meaning correctly but failed
3.3 Error Analysis: The "Indianism" Bias {;, recognise the hierarchical subtext. Two errors
The most striking result from the BART evaluationjnyolved Indirectness expressions with punitive or
is the high rate of False Positives (FPs). Out of 69institutional authority registers (e.g., “the officer
literal control sentences, BART incorrectly flaggedggsked him to cooperate”). GPT-4 parsed these as

60 as euphemisms, revealing a "dialectal bias™ |iteral requests rather than coercive softening.
the model treats any non-standard English One error involved a Humour/Slang category item
construction as a euphemism, despite such (“jugaad fix”) where the loanword was treated as
constructions being standard usage in the Indian yntransiatable rather than euphemistic. The final
subcontinent. error involved a code-mixed token where the
Phrases such as "Give me a missed call," "IEnglish frame around a Hindi noun misled the

passed out of college," and "What is your good classifier. These patterns suggest that GPT-4’s
name?" were classified as meaning-maskingfailures are not random but cluster around power
expressions. BART's training on Standardasymmetric social registers that are culturally
American/British English evidently causes it tospecific to the Indian context. Few-shot prompting
treat regional pragmatic variation as inherentlyWith culturally annotated exemplars may improve
"suspicious" or indirect. performance on these categories in future
Three compounding factors appear to drive this€valuations.  Techniques such as explicitly
bias. First, BART-large-mnli was pre-trained €ncoding the euphemism taxonomy as part of the
predominantly on Western English corporasystem prompt could also prove helpful.
(BookCorpus, CC-News, ~ OpenWebText),3 5 Type-Specific Performance
meaning its entailment priors have no
representation of IndE as a grammatically
coherent variety. Second, class imbalance in the
IndEuph-170 dataset — with euphemistic
instances (101) outnumbering literal controls (69)
— may have reinforced a positive-classification
tendency. Third, BART’s zero-shot NLI framing
(hypothesis: “This sentence is a euphemism”) is
an imprecise instrument for the pragmatic
detection task: It requires sensitivity to cont.ext 4. CONCLUSION
and speaker intent rather than surface lexical
cues. Future work offers a promising avenue toThis paper demonstrates that Indian English
address this bias through targeted fine-tuning oneuphemisms pose a significant challenge for
Indic English corpora, or by substituting Indiccurrent NLP models. Through the curation of
specific architectures such as IndicBERTIndEuph-170, a 170-sentence benchmark, it has
(Kakwani et al., 2020) or MuRIL (Khanuja et al.,been shown that state-of-the-art models
2021). consistently  either  over-classify  dialectal
variations as euphemisms (BART) or miss

A category-wise breakdown of the 101
euphemisms reveals that Humour and Slang
(e.g., "chutney," "timepass") achieved the highest
detection rates across both models.
Understatement (e.g., "small scene," "adjusting")
proved most difficult to paraphrase correctly,
frequently resulting in literal translations that strip
the expression of its social gravity.
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culturally specific taboos related to authority and
social negotiation (GPT-4).

The interpretative failure is twofold: (1) smaller
models over-classify dialectal variations as
euphemisms, and (2) larger models miss the
social power dynamics embedded in Indian
expressions. It is not sufficient for an Al to be
"multilingual”; it must also be trained to be
"multicultural."

Future work will expand IndEuph-170 to over

1,000 samples, incorporating Bengali-English and

Tamil-English  code-mixed euphemisms to

determine whether the bias persists in mixed
language settings. To ensure annotation reliability
and cultural authenticity at scale, expansion will
employ a structured protocol: each regional
variety will be annotated by a minimum of two
native speakers with demonstrated competency
in the target variety, with Cohen’s kappa = 0.75
required for inclusion. Taxonomic consistency will
be maintained by anchoring annotations to the
five-category Allan and Burridge (1991)
framework used in the current dataset, with an
additional code-mixing category to capture intra
sentential switching. Additionally, training Indic
specific models such as IndicBERT (Kakwani et
al., 2020) or MuRIL (Khanuja et al., 2021) on the
expanded dataset, and evaluating both models
under a unified protocol, represents the primary
next step toward fair cross-architecture
comparison.

Once this gap is bridged, it becomes possible to
move toward NLP systems that better address
the complex indirectness that defines human
communication in the Global South.
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Abstract

Neural Machine Translation (NMT) for low-resource Indian language pairs such as Hindi—-Tamil and Tamil-Malayalam
remains challenging due to morphological richness, syntactic divergence, and limited availability of high-quality parallel
corpora. While Transformer-based architectures achieve strong performance in high-resource settings, they often struggle to
model syntactic structure and discourse-level dependencies in low-resource scenarios, resulting in errors in agreement, word
order, and pronoun translation. In this work, we propose a linguistically informed multi-encoder fusion framework that
explicitly incorporates syntactic and discourse signals into NMT. Experiments conducted on Hindi—Tamil and Tamil-
Malayalam parallel corpora demonstrate consistent improvements over strong Transformer baselines in BLEU and ChrF
scores, along with gains in pronoun translation accuracy and agreement consistency. The results highlight the effectiveness of
explicit linguistic integration for improving NMT in low-resource Indian language settings.

Keywords: Multi-Encoder Fusion, Linguistic Features, Neural Machine Translation, Low Resource Languages, Hindi,

Tamil, Malayalam

1.

Neural Machine Translation (NMT) has
significantly improved translation quality with
the introduction of encoder—decoder
architectures, especially with the Transformer
model introduced in Attention Is All You Need
(Vaswani, 2017). Despite these advances, NMT
systems especially for Indian languages still
struggle with:

Introduction

e Syntactic ambiguities
Long-distance dependencies
Pronoun resolution and discourse

consistency

Two major linguistic signals that can address
these issues are:

Part-of-Speech (POS) information
captures syntactic structure
Anaphora resolution — resolves pronouns
and coreference relations

Encoder fusion integrates these linguistic
features directly into the NMT encoder to
enhance contextual representation and improve
translation quality.

Modern NMT systems typically use, Encoder
and Decoder. An Encoder converts source
sentence into contextual embedding. A Decoder
generates target sentence based on encoded
representation. The Transformer model in general

uses:
e Multi-head self-attention
e Positional encoding
o Feed-forward layers
However, pure data-driven learning does not
effectively capture explicit syntactic and

discourse-level information.
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POS information will help in disambiguation of
homographs, improved word reordering and better
syntactic  alignment.  Anaphora  resolution
identifies the antecedent for anaphor which it
refers to. And in translation, especially for
languages such as Hindi, Tamil and Malayalam,
incorrect pronoun resolution leads to grammatical
errors. Anaphora resolution helps in clarity and
cohesion in discourse by resolving references to
previously mentioned entities, which can effect
gender and number agreement.

This paper is further organised as follows:
Section 2 describes the related works in this area
of research. Section 3 describes the data and its
preparation. Section 4 describes the methodology.
Section 5 describes experiments and results.
Section 6 concludes the paper.

2. Related Works

Encoder fusion has emerged as an important
architectural  strategy in deep learning,
particularly in  sequence-to-sequence and
multimodal models, where information from
multiple encoder representations is combined to
improve downstream performance. Gao et al
(Gao, 2020) categorized fusion strategies into
early, intermediate, and late fusion, depending on
the stage at which representations are combined.
Encoder fusion typically falls under intermediate
fusion, where latent feature representations from
one or more encoders are integrated to form a
richer joint representation. Liu et al (2021) has
presented work on improving translation output
using encoder fusion technique for sequence-to-
sequence model. They proposed a simple fusion
method by fusing only the encoder embedding
layers for the softmax layer. Their experiment
revealed that this methodology learns more
expressive  bilingual word embedding by
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building between relevant source and target
embeddings.

Das et al (2022) has used encoder fusion in
their Personalized response selection system,
where persona, emotion, and entailment
information are fusion. They used the fusion
strategies and concept-flow encoding to train a
BERT-based model which outperforms the
previous methods by 2.3% on original personas.
Recent survey work by Jiao et al (2024)
emphasized that intermediate fusion at the
encoder level allows models to preserve
modality- or feature-specific information while
still enabling effective interaction between
representations.

Huang et al (2025) has used encoder fusion
architectures to improve information retrieval
tasks, where they have fused the text and image
features.

Encoder fusion is utilized in many multi-model
learning experiments, where separate encoders
process different modalities such as text, images,
or speech and fused together. Li and Tang (Li et
al, 2024) provided a recent survey on multimodal
alignment and fusion, highlighting attention-based
and representation-level fusion methods that
combine outputs from multiple encoders.
Building on these insights, this work adopts an
encoder fusion framework to integrate linguistic
features into neural machine translation. Unlike
prior approaches that rely solely on final-layer
representations or treat linguistic annotations as
simple input embeddings, we explicitly fuse
encoder representations to jointly model lexical
and syntactic information. This approach is
particularly relevant for morphologically rich
and syntactically divergent language pairs, such
as Hindi — Tamil and Tamil-Malayam, where
explicit modeling of syntactic structure can help
alleviate data  sparsity and re-ordering
challenges.

3. Data

There is a need of large number of parallel
sentences to build a robust Neural Machine
Translation (NMT) system. Thus data is very
crucial in the development of NMT systems.
Publicly available data are English centric. One
of huge parallel corpus which is available is
NLLB (Costa-Jussa, et. al., 2022). This is a
large-scale multilingual bitext (parallel text)
corpus created by Meta Al as part of their effort
to support translation across many languages
including low-resource ones. The dataset covers
148 English-centric language pairs (i.e., English
< X) and 1,465 non-English-centric pairs (i.e.,
X <> Y) using metadata mined bitext. (Costa-
Jussa, et. al., 2022)
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Samanantar is one of the largest publicly-
available parallel corpora for Indic languages. It
contains ~49.7 million sentence-pairs between
English and 11 Indic languages (Assamese,
Bengali, Gujarati, Hindi, Kannada, Malayalam,
Marathi, Odia, Punjabi, Tamil, Telugu). (Ramesh
et. al., 2022)

Bharat Parallel Corpus Collection (BPCC) is
another comprehensive and publicly available
parallel corpus that includes both existing and
new data for all 22 scheduled Indic languages. It
is comprised of two parts: BPCC-Mined and
BPCC-Human, totaling approximately 230
million bitext pairs. BPCC-Mined contains about
228 million pairs. (Jay et.al, 2023)

Most of the parallel sentences available in these
corpora are between language X and English.
Opus is an Open Parallel Corpora, which
aggregates the publicly available parallel corpus
and helps to build the parallel corpus for the
available parallel corpora.

From the above corpora, we prepared parallel
sentences for Hindi-Tamil and Tamil-Malayalam.
We have collected 2987320 parallel sentences for
Tamil to Hindi pairs. These parallel sentences are
collected from Tamil-English and Hindi-English
parallel sentences available in the above
mentioned parallel data. Hindi to Tamil parallel
sentences are collected by considering the Tamil
and Hindi sentences which have common English
sentence. Similarly we collected 1492138 Tamil-
Malayalam parallel sentences. These parallel
sentences were filtered using Comet and LaBSE
scores. LaBSE (Language-agnostic =~ BERT
Sentence Embedding) is a multilingual BERT to
produce language-agnostic sentence embeddings
for 109 languages. This model combines masked
language model (MLM) and translation language
model (TLM) pretraining with a translation
ranking task using bi-directional dual encoders.
(https://github.com/bojone/labse). COMET
(Crosslingual Optimized Metric for Evaluation of
Translation) uses a pre-trained multilingual
transformer encoder such as XLM-RoBERTa. It
uses deep multilingual semantic representations.
Each input sentence is encoded into contextual
embeddings.

The encoder captures Cross-lingual semantic
alignment, (https://unbabel.github.io/COMETY)

We selected the parallel sentences with scores
greater than 0.85. We got 9,26,962 Tamil-Hindi
parallel sentences and 3,73,165 Tamil-Malayalam
parallel sentences.




274 [or #tsena|gbanlamie #sadurd o hussl280 |NGwr ##d Hyr fi leeb |
B- |[B- [IN.NN [B- [BN_NN [-NNN [B-N_NN BN NN [B-  |[B-N_NN [EN_NNJ-N_NN-N_NN[B- B-
QT_QIN_NN DM_ QT_QT V_VM_VRD_
TC DMR C F PUN
C
Figure 1: Example 1 sentence after sub-word processing with each token aligned with the POS information
As mentioned earlier we intend to train the  After sub-word tokenization using BPE:
models with the linguistic information, namely, N . . )
Part-of-Speech (P(g)S) tags and Ana h(})/r 274 pr@@ “safley %765 5 elwiis@Q@
: P g p cugaflsir LT 2 HusH 280 s@@ Nv@Q@
information. So we processed the source Gor@@ L@@ o DG -
sentences with POS tagger and Anaphora

resolution engine.

For any neural machine learning, tokenization
process is very crucial step. In the following
paragraphs we explain about the tokenization that
is used in this work.

3.1 Tokenization

In Neural Machine translation, tokenization is
beyond separation of words based on white
space. Here sub-word tokenization is done using
Statistical measures or linguistic features. This
reduces the vocabulary size and increases the
frequency of the tokens and improves the
translation by handling rare words and unknown
words. The sub-word tokenization is very
beneficial to morphologically rich languages as
vocabulary size is large compared to other
languages due to productive inflectional and
derivational suffixations. Sennrich et. al. (2016)
presented the statistical word segmentation
techniques which is based on simple character n-
gram model and segmentation based on the byte
pair encoding (BPE) comparison algorithm. BPE
sub-word algorithm is one of the widely used
sub-word tokenization algorithm.

The other sub-word tokenization algorithms
include, WordPiece, SentencePiece, and language
specific  algorithms such as Mecab (a
morphological analysis based Japanese tokenizer),
Stanford Word Segmentation (a Chinese word
segmenter based on Conditional Random Fields).
Ram and Sobha (2023) has presented a

comparative  study on  effectiveness  of
morphological based and BPE sub-word
segmentation.

In this work, we have tokenized the data using
Indic-tokenizer'. The major disadvantage with the
BPE sub-word algorithm for Indian languages is
that, it segments word into tokens which do not
form valid letters of the language’s alphabet set.
Consider the following example 1.

Example 1:

Tamil Sentence:

274 pr_seflsv allevmigsaflest LIT6L
2 pugg 280 HACGsvrdlymd gy@d”

' https://github.com/sudarsun/indic-tokenizer

Here in the above example, the glyphs
(mathras) such as * 70, &, <1’ should occur with
the previous token to form a proper letter.

Example 2 shows the tokenized output for
same sentence as in example 1, when it is
tokenized using the Indic-tokenizer.

Example 2:
“274 BT #igerfley alleumS
#hgerfler LML 2 MUSH 280 HIGeum

HHGR #ATIT #4#1D QLS 7
Here the tokens have the valid letters.

Thus in the work presented here Indic-
tokenizer is wused in the NMT system
development.

In the sub-word tokenization in both the
methodologies the words are divided into sub-
words. Now we need to align the POS and
Anaphora information to the sub-words, which
are originally for the wordforms before
tokenization. We aligned the POS and Anaphora
information with the subword tokenized
sentences, by distributing the POS and Anaphora
information assigned to word to its sub-words
also. For this purpose the BIO format is used as in
BIO format.

Consider the following example:

aleu sl & 6rfleor (vilangkukaLin)

when processed with sub-word tokenization it is
split into ‘@l6VMI@G ##&6r160T’. The POS for
this word is ‘N_NN’. Here POS for the sub
words are assigned as follows:

61l6VMIG/B-N_NN ##861160T/I-N_ NN

Similarly the same is followed for the Anaphora
information also. The anaphora information is
assigned to the sub-words as follows:

616V ThI(G/B-Ante-3 ##861f160T/I-Ante-3

Figure 1 shows the sentence in example 1 after
sub-word processing in which each token is
aligned with the POS information.
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4. Methodology

Encoder fusion is a family of architectures where
multiple encoders are combined to produce a
single representation for downstream tasks. This
shows up a lot in multilingual NLP, multimodal
models, domain adaptation, and parameter-
efficient fine-tuning.

The fusion mechanism operates as an additive
multi-stream encoder where:

e Primary stream:
embedding’s capture
lexical information
Auxiliary streams: Separate embedding
spaces for POS tags and chunk labels
capture syntactic structure
Fusion point: Early fusion at the
embedding layer, before the self-
attention stack

Standard
semantic

token
and

This differs from late fusion (combining features
after encoding) or feature concatenation
approaches by maintaining the original
embedding dimensionality through projection.

In this work late fusion approach is used, having
gating mechanism. In encoder fusion, multiple
representations are combined:

Word embedding’s, POS embedding’s,
Coreference/anaphora embedding’s. These are
fused within the encoder layers. The gating
architecture mechanism works as follows:

H

o H{word} + B H{pos} + y H{coref}

Where weights o, B
dynamically.

and y are learned

POS Embedding Layer:
Each POS tag is mapped to a dense vector:
E {pos} = Embedding(POS tag)
then, combined with word embedding:
E {input} =E {word} + E {pos}

Coreference Embedding Layer:

Coreference signals are encoded as:

e Binary features is
antecedent)
Entity cluster embeddings

Distance-based embeddings

(is  pronoun,
[
[ ]

These are fused into encoder representations.

The architecture used in this work adopts a
multi-encoder design consisting of dedicated
encoders for lexical tokens, Part-of-Speech
(POS) sequences, and coreference annotations.
Each encoder captures complementary aspects of
linguistic structure—semantic content, syntactic
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function, and  discourse-level  referential
relations—before their representations are
integrated through attention-driven and learnable
gating fusion mechanisms. By explicitly
modeling token-level semantics, syntactic
structure, and discourse-level coreference, this
multi-encoder fusion framework produces richer
contextual embedding’s, facilitating discourse-
coherent and syntactically accurate translations
in low-resource Indian language pairs.

5.

We evaluated the translations of the NMT models
for both Hindi to Tamil and Tamil to Malayalam,
using BLEU score (Papineni et al., 2002). We
used Sacrebleu python library to calculate the
BLEU scores. The results are presented in Table
1. The BLEU scores show that the model with
POS and  Anaphora/Coreference  features
integrated has improved by 3% the translation in
both Hindi-Tamil and Tamil-Malayalam. We have
developed two models viz.,

Experiments and Results

a) Sys-1 — NMT trained with just the
Parallel data using the indic tokenization
(as explained in section 3.1)
b) Sys-2 — NMT trained with encoder fusion
using indic tokenization.
S | Details | Hindi to Tamil | Tamil to
N Malayalam
0 BLE | chrF BLE chrF
U U
1 | Sys-1 26.23 | 52.33 31.46 | 61.87
2 | Sys2 [ 2988 | 5797 |35.66 | 66.42
Table 1: BLEU Score for Hindi - Tamil and Tamil -
Malayalam

On analysis of the translation output from
different experiments in both Hindi to Tamil and
Tamil to Malayalam, our observations are as
follows,

Sys-1: Translated sentences were complete but
most of these translations were not the exact
translation. Translations convey a different sense
due to the choice of the verb generation.

There were also words omitted in the
translation. Technical words and rare words were
handled, but there were errors in it.

Sys-2: Clausal sentences were translated better
than the systems. Verb phrase generation was
exact, though there were errors.

Overall this output was observed to be more
coherent and closer to human translation.



We have explained the translation output with
examples in the further part of this section.

Ex 1.(HI to Tamil):
Hindi-Input:

HYRTH G H Hiel gebal 2.

(Mutations can be found in genetics.)
Tamil Translations:

Sys-1:L9MLD 6 &6T O[T LI sl
LIUssIaley @) (HE&H6VITLD.

(Mutations can occur in the genetics genetics.)
Sys-2:  LImLbey&eiT

FemL_&6VITLD.
(Mutations can be found in genetics.)

LT LIsmiadlev

In this example we observe that both Sys-1 and
Sys-2 outputs are proper sentences but Sys-2
translation has better sense translation.

Ex2: Clausal Sentence

Hindi-Input:

Afer 39 dR A R8I § S AT AR bl
&l S 9,

(History begins from the time when people knew
the art of writing.)

Tamil Translations:

Sys-1: LD& 56T TR GILD H6V5 S5 60 ([BIHS!
QSMLMIGLEUMTS 6UF6VTMI
QEMLBEIGH M.

(History begins from when people
writing.)

started

Sys-2: LD&&H6IT 6T(LDSILD &6M6V6M U
ID&&6T MBS GLIMSI! eUFeVTMI
QSMLBEIGH M.

(History begins from the time when people knew
the art of writing.)

In Ex 2, the Hindi sentence has a relative
participle clause. The clause construction was
correctly translated by the Sys-2 system. It has
generated the relative participle verb, 'MH5'
(aRintha).

Ex 3:

Hindi-Input:

TISE T@ETE_ITH, S A HGT, TA,

ATSH AT3ST A, wr@h‘i?rmzﬁ—rr T T AT
F, ZTIAT, 9 AR, Fel

(Ground Maintenance Equipments like Lawn
Mower, Rollers, Lime Powder Machine, Marking
Machine, Mower, Sickle, Shrub Master, Cutter
etc.)

Tamil Translations:

Sys-1: 60T LT MOFILIL| & TS 60T HI &6,
Q6 TENLNGH6IT, 608 SH6T
QW BB IHIGET, LjsuGeuer]
QW BB IMHIGET, LisuGeuerflserT,
UINfl&sm, o Nl GaiyL
LDMHMILD LIV GLITETM &M
U mflLIL] &8 60T hIS6lT.

(Ground care equipment like Ground care
equipment, Allergies, Leek powder machines,

Lawn machines, Lawns, Africa, Africa, Carrot and
many others.)

Sys-2: LJeV Qeul_(hLb @uIB&H LD,
GIIMeVI&6IT, r600T600T MLOL| GILITLY.

QWHSH M 8561T 5] 6OTLD
{6 LILITEDT, G| g@mm@m
|6V GleuL_(HILD fmrrsrrasm
15 M) LD 600T 6 5617, @(Sl;rrrmrremu;r, &HLIJ
GUIMeITm H6MIF uljrerﬂuu
9 _LIG[J600TMHI&H6IT |G LD.

(Ground care equipment like such as Lawn care
equipment such as lawnmowers, lawnmowers,
trucks, lime powders, machines, machines,

machines, machines, mowers etc.)

In example 3, the Hindi sentence has series of
noun phrases. Sys-1 has generated output with
many words which are not in the input sentences
such as ‘Africa’, ‘Carrot’ etc. Sys-2, most of the
noun phrases is translated and also the structure of
the Tamil sentence is generated properly. This
shows that Sys-2 has better performance than Sys-
1. It requires little more data in the training.

We have also performed human evaluation
using three human evaluators. The evaluation
metrics used was Fluency (F) and
Comprehensibility (C). Human evaluators had
scored in a scale of 1-10 (1 indicates the lowest
and 10 the highest score). In the table 2 we
present the average human evaluation scores for
both Sys1 and Sys2.

SNo |Details | Hindi to Tamil | Tamil to
Malayalam
F C F C
1 Sys-1 |[62.66 69.88 67.65 71.34
2 Sys-2 71.27 79.45 78.85 81.35

Table 2: Human Evaluation Scores for the Sys1 and
Sys2
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6. Conclusion

We have presented our work in building Neural
Machine Translation system in which we
incorporated the syntactic and semantic features
into the model development through encoder
fusion gated mechanism. We have compared our
Encoder Fusion NMT with NMT without
Encoder Fusion. Hindi is an Indo-Aryan
language. Malayalam and Tamil are Dravidian
languages. All the three languages are
morphologically rich language. And Tamil and
Malayalam are highly agglutinative. The
languages have different semantic and syntactic
features such as the pronominals usage, PNG
agreements etc. In our experiments we have
observed that the encoder fusion has significant
improvement. We  have  obtained 3%
improvement. In future we plan to conduct
ablation studies and also compare with LLM:s.
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Abstract
Language identification (LID) is crucial for natural language processing systems, yet Northeast Indian languages
remain severely underserved by existing multilingual LID models. We present NE-LID, a fast and accurate language
identification system specifically designed for eleven languages of Northeast India. Built using character n-gram
features with fastText, NE-LID achieves 99.09% accuracy on a balanced test set, significantly outperforming existing
multilingual systems including GlotLID (73.12%), OpenLID (42.03%), IndicLID (39.30%), and LangDetect (24.33%).
Our model processes predictions in 0.084 milliseconds on average, enabling real-time applications. We demonstrate
that character-level modeling outperforms transformer-based approaches for script-diverse, low-resource languages.

Keywords: language identification, low-resource languages, Northeast India, fastText, multilingual NLP

1. Introduction

Northeast India is home to rich linguistic diversity
with over 200 languages from multiple language
families including Tibeto-Burman, Austroasiatic,
and Indo-Aryan. Despite this diversity, these lan-
guages remain critically underserved by modern
natural language processing tools, including lan-
guage identification systems.

Language identification is the foundational task
of automatically determining which language a
given text is written in. While significant progress
has been made in multilingual LID systems cov-
ering hundreds of languages (5), we demonstrate
through empirical evaluation that existing systems
perform poorly on Northeast Indian languages, with
many systems completely failing to detect several
languages in the region.

In this work, we present NE-LID, a language iden-
tification system specifically designed for eleven
languages of Northeast India: Assamese, Bodo,
English, Garo, Hindi, Khasi, Kokborok, Meitei, Mizo,
Nagamese, and Nyishi. Our contributions are:

A curated dataset of 22,000 sentences across
11 Northeast Indian languages for training and
evaluation

* NE-LID, achieving 99.09% accuracy with
0.084ms inference time, significantly outper-
forming existing multilingual systems

» Comprehensive benchmark of four existing
LID systems on Northeast Indian languages,
revealing critical gaps in current multilingual
models

» Empirical evidence that character n-gram mod-
els outperform transformer-based approaches
for script-diverse, low-resource language iden-
tification

2. Related Work

2.1. Language ldentification Systems

Modern language identification has evolved from
early statistical methods to sophisticated neural ap-
proaches. GlotLID (5) covers over 2000 languages
using fastText, while OpenLID (1) supports 201 lan-
guages. IndicLID (6) focuses specifically on 22
Indic languages including both native-script and ro-
manized text. LangDetect (7), based on character
n-gram profiles, supports 55 languages. However,
coverage does not equal accuracy for low-resource
languages: a system may list a language as sup-
ported while failing to correctly identify it in practice,
particularly when training data for that language is
scarce or absent.

2.2. Low-Resource Language Processing

Earlier attempts at language identification for North-
east Indian languages were primarily acoustic and
prosodic in nature (2), leaving text-based LID
severely underexplored. Northeast Indian lan-
guages face unique challenges including limited
digital corpora, script diversity, and lack of stan-
dardized orthography. Recent efforts have begun
addressing these gaps: ILID (3) created a dataset
for 22 official Indian languages but excludes most
Northeast languages (Khasi, Garo, Kokborok, Ny-
ishi, Nagamese), and Tonja et al. (10) developed
the first parallel corpora for 13 Northeast Indian
languages. Terhiija et al. (9) surveyed spoken lan-
guage technologies for Northeast Indian languages
and highlighted the near-zero-resource status of
most Tibeto-Burman varieties, underscoring the
prerequisite role of accurate text-based language
identification. The NE-BERT project (8) trained mul-
tilingual encoder models for nine Northeast Indian
languages, providing the foundational corpus from
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which NE-LID draws its training data. However,
language identification specifically for Northeast
India has received limited attention despite being a
prerequisite for other NLP tasks.

3. Languages and Data

3.1.

We focus on eleven languages spanning four lan-
guage families (Table 1). Hindi and English are in-
cluded as anchor languages given their widespread
use across Northeast India in administrative, edu-
cational, and digital contexts.

Target Languages

Family
Austroasiatic
Tibeto-Burman

Languages

Khasi

Garo, Bodo, Kokborok,

Meitei, Mizo, Nagamese, Nyishi
Assamese, Hindi

English

Indo-Aryan
Germanic

Table 1: Target languages by language family

These languages exhibit significant orthographic
diversity, using Latin script (Khasi, Garo, Mizo,
Kokborok, Nyishi, Nagamese), Bengali-Assamese
script (Assamese, Meitei when written in Bengali
script), and Devanagari script (Bodo, Hindi). This
script diversity poses challenges for LID systems
that rely primarily on character-level features.

3.2. Dataset Construction

We constructed our dataset by sampling from the
NE-BERT corpus (8), which contains web-scraped
and curated text from various publicly available
sources including news articles, social media, and
digitized documents. We extracted 2,000 sen-
tences per language, totaling 22,000 sentences.
The dataset comprises approximately 90% publicly
sourced content, with the remaining 10% drawn
from curated and digitized materials.

We used a stratified split of 70% training (15,400
samples), 15% development (3,300 samples), and
15% test (3,300 samples). The larger development
and test sets (15% each, yielding 300 samples
per language) were chosen to ensure statistically
reliable evaluation, which is especially important
in low-resource settings where per-language sam-
ple sizes are small. Sentences range from short
phrases (2-10 tokens) to longer passages (50+ to-
kens), ensuring diversity in text length.

4. Methodology
4.1.

We employ fastText (4) for supervised text classi-
fication. FastText learns vector representations of

Model Architecture

character n-grams and word n-grams, making it
particularly suitable for morphologically rich and
low-resource languages. Character n-grams allow
the model to capture script-specific orthographic
patterns without requiring large amounts of train-
ing data, making it well-suited for the script-diverse
languages of Northeast India.

Our model configuration uses character n-grams
of length 2-5 to capture subword patterns, word uni-
grams only, learning rate of 0.5, 25 training epochs,
softmax loss function, and 8 training threads.

4.2. Training

Training was conducted on the 15,400-sample train-
ing set using the fastText supervised learning al-
gorithm. The model converged after 25 epochs.
FastText models are inherently compact and effi-
cient, operating entirely on CPU without GPU re-
quirements.

5. Experiments

5.1. Evaluation Setup

We evaluate on our held-out test set of 3,300 sen-
tences (300 per language). We report overall accu-
racy and per-language accuracy. We additionally
benchmark four existing multilingual LID systems:
GlotLID, OpenLID, IndicLID, and LangDetect.

5.2. Main Results

Table 2 shows overall accuracy comparison across
all five systems. NE-LID achieves 99.09% accu-
racy, outperforming the best competitor (GlotLID)
by 25.97 percentage points, representing a 2.7 x im-
provement. Development set accuracy is 99.00%,
confirming that the model generalises well and is
not overfitting to the test set.

Model Accuracy
NE-LID (Ours)  99.09%
GlotLID 73.12%
OpenLID 42.03%
IndicLID 39.30%
LangDetect 24.33%

Table 2: Overall accuracy comparison

5.3. Per-Language Analysis

Table 3 shows per-language accuracy for all five
systems. NE-LID achieves near-perfect accuracy
(>95%) on all eleven languages, while competitor
systems show significant gaps.

105



Language

NE-LID GlotLID OpenLID

IndicLID LangDetect

Assamese  100.00 100.00
Bodo 98.67 89.33
English 96.00 79.00
Garo 99.67 0.00

Hindi 96.33 86.00
Khasi 99.67 95.33
Kokborok 99.33 99.33
Meitei 99.67 97.00
Mizo 99.00 92.67
Nagamese 100.00 0.00

Nyishi 99.33 65.67

100.00 100.00 100.00
0.00 96.67 0.00
96.00 83.00 94.33
0.00 0.00 0.00
79.67 54.67 73.33
0.00 0.00 0.00
0.00 0.00 0.00
95.33 98.00 0.00
91.33 0.00 0.00
0.00 0.00 0.00
0.00 0.00 0.00

Table 3: Per-language accuracy (%) for all systems

5.4.

We measured inference speed on CPU. NE-LID
processes predictions extremely fast: short sen-
tences (<50 chars) in 0.028ms, medium sentences
(50-150 chars) in 0.065ms, and long sentences
(>150 chars) in 0.160ms, with an overall average
of 0.084ms (~12,000 predictions/second).

This speed enables real-time language identifica-
tion for interactive applications and high-throughput
batch processing. FastText operates entirely on
CPU, making it accessible for deployment without
specialized hardware.

Inference Speed

6. Analysis
6.1.

Our benchmark reveals critical gaps in existing mul-
tilingual LID systems:

Coverage Gaps in Existing Systems

* GlotLID fails completely on Garo and
Nagamese (0% accuracy), despite claiming to
support 2000+ languages

* OpenLID (Meta) only detects 5 of 11 Northeast
Indian languages, completely missing Khasi,
Garo, Bodo, Kokborok, Nagamese, and Nyishi

+ IndicLID, despite focusing on Indic languages,
covers only 4 of 11 languages. Notably, it
achieves only 54.67% accuracy on Hindi, likely
due to confusion with Maithili and Marathi
which share the Devanagari script

+ LangDetect performs worst overall (24.33%),
essentially unusable for Northeast Indian lan-
guages

6.2. Why Character N-Grams Work

We initially attempted transformer-based ap-
proaches (NE-BERT, XLM-R) but found they per-
formed poorly (9-37% accuracy) even when trained
on our dataset. Character n-grams succeed be-
cause:

 Script awareness: Character n-grams directly
capture script-specific patterns (Devanagari vs.
Latin vs. Bengali-Assamese)

» Orthographic distinctiveness: Many North-
east languages have unique character combi-
nations and diacritics

* Low-resource robustness: Character n-
grams require less training data than trans-
former models to learn discriminative patterns

« Efficiency: FastText models are orders of
magnitude faster than transformer inference

6.3. Error Analysis

The model produces 30 misclassifications (0.91%
error rate) across the full test set. Table 4 shows de-
velopment and test accuracy, confirming consistent
performance across both splits.

Split Accuracy
Development  99.00%
Test 99.09%

Table 4: Development vs. test accuracy

Table 5 shows accuracy broken down by sen-
tence length. Short sentences (<50 characters)
are the most challenging, consistent with the intu-
ition that very short inputs provide fewer character
n-gram features for discrimination.

Length Count Accuracy
Short (<50 chars) 1,107 98.37%
Medium (50-150 chars) 1,370 99.49%
Long (>150 chars) 823 99.39%

Table 5: Accuracy by sentence length on test set

Table 6 shows mean confidence scores per lan-
guage on correctly classified samples. Languages
with script-distinctive orthographies (Meitei, As-
samese, Kokborok, Nyishi) yield the highest con-
fidence, while Hindi and English show the lowest
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confidence, consistent with their script overlap with
other languages in the dataset.

Language Mean Confidence

Hindi 0.9839
English 0.9941
Mizo 0.9949
Bodo 0.9949
Khasi 0.9956
Naga 0.9968
Garo 0.9975
Kokborok 0.9980
Nyishi 0.9985
Assamese 0.9985
Meitei 0.9986

Table 6: Mean prediction confidence per language
(correct predictions only)

Manual inspection of the 30 misclassified sam-
ples reveals that several cases involve label noise
in the source corpus, for example fully Hindi sen-
tences labeled as Bodo, or fully English sentences
labeled as Mizo, suggesting the true model error
rate may be lower than 0.91%. The remaining
errors follow interpretable patterns: Bodo-Hindi
confusion due to shared Devanagari script; Khasi-
Garo confusion as both use Latin script with sim-
ilar phonological patterns; and Nyishi misclassifi-
cations on extremely short inputs with ambiguous
character patterns.

7. Limitations

NE-LID has several limitations: (1) The model is
designed for monolingual sentences and may strug-
gle with code-mixed text; (2) While overall accuracy
is high, performance may degrade on extremely
short inputs (<2 tokens); (3) The model relies heav-
ily on script patterns, which may fail when lan-
guages are transliterated to non-standard scripts;
(4) Many other Northeast Indian languages (e.qg.,
Ao, Tangkhul, Dimasa) are not covered.

8. Conclusion

We present NE-LID, a fast and accurate language
identification system for eleven Northeast Indian
languages. With 99.09% accuracy and 0.084ms
inference time, NE-LID significantly outperforms
existing multilingual systems and addresses critical
gaps in language technology for Northeast India.
Our comprehensive benchmark reveals that “mul-
tilingual” LID models often fail to adequately sup-
port low-resource languages, with many systems
completely missing 6-7 Northeast Indian languages.
We demonstrate that character n-gram models

are more effective than transformer-based ap-
proaches for script-diverse, low-resource language
identification. The model and dataset are pub-
licly available at https://huggingface.co/
MWirelabs/ne-1id.

9. Future Work

Future work includes extending coverage to addi-
tional Northeast Indian languages, handling code-
mixed text, improving robustness on very short in-
puts, and integrating NE-LID into downstream NLP
pipelines for the region.
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Abstract

The influence of technology on children's education is increasing rapidly in the digital age, but with it comes the
challenge of how to develop children's cultural and moral values in a balanced manner in the age of Al. In
traditional societies, moral and cultural teachings have often been imparted through religious and philosophical
texts, memorisation, interpretation, and oral traditions. This research presents an Al-based value-oriented
learning framework that aims to make cultural and ethical teachings more structured, simple, and technologically
accessible to children. The study includes a brief analysis of memory-based teaching systems prevalent in
various religious traditions and incorporates insights from existing approaches to propose an integrative model
based on selected verses from the Bhagavad Gitd. The proposed system includes data generation and
processing, simplified interpretation, semantic understanding, pronunciation analysis, and interactive learning
features based on selected cultural content. While the framework is conceptual in nature and has not yet
undergone pilot implementation, it is designed as a foundation for future empirical validation. The study suggests
that, through Al and modern technologies, traditional cultural knowledge can be delivered to children in a more
effective and engaging manner, thereby opening new possibilities for strengthening their moral and cultural
development

Keywords: Bhagvad Git3, Al integration, ASR, TTS, Value-Based pedagogy, Al-integrated learning

1. Introduction civilisations, and cultures. These pedagogical
) ) methods were not just a means of
In the present global society, children are communicating knowledge, but were also a
growing in an environment where technology, means to nurturing a relationship with society,
social media, digital media and rapid life and self and for establishing a balance.
information flow have become a natural part of ) . )
their daily experience. While it has led to According to (Banerjee, 1999), the uniqueness
benefits such as social cooperation, global of religion and theology lies in the fact that they
reach, development of self-expression and determine the duties for every individual in
access to communities, its long-term use by society and provide a moral and ethical
children and adolescents poses serious risks framework for proper conduct. (Dubey,2012)
to mental health (Zsila and Reyes, 2023). has highlighted their importance and presented
Today, while the education systems seem to religion as a righteous way of ethical and moral
focus primarily on cognitive competencies and |Ife.'HOWGVGI", due to modern Ilfestyles, nuclear
academic achievement, the development of family structures, and the progressive use of
Va|ues, se|f_(;0r'|tro|7 Compassion, and dlglta' ga_dgets, this Cultural_and lbehaVIouraI
discernment of right and wrong among children dialogue is gradually becoming disconnected
has been re|ative|y neg]ected_ from the children's world. Moreover, the
, , complexity of cultural texts, which can neither
Today, the question of student ethics and be understood quickly nor easily linked to the
accountability has become one of the biggest present situations, children have challenges in
challenges in the field of education developing an interest in these subjects.
(Ramadhani at el., 2024). In such a situation, ] i )
value education can p|ay an important role in In this ConteXt, the.researCh beglnS with the
building a generation that is not only fundamental question of_ whether modern
intellectually intelligent but also possesses technology, rather than being a barrier to the
moral awareness, social responsibility, and moral, cultural and emotional development of
high morality.(Ruhiyat at el., 2026). (Lamb and children, can be used as a bridge. That is, can
Brooks, 2026) believe that character education culture and moral values be effectively
should not be limited to indirect moral communicated to children through technology
formulation but should be adopted in as well. (Park at el., 2024) in their Scoping
well-planned strategies that develop both a Review have shown that research based on
Cognitive understanding of virtues and their dlgilt.al media is still insufficient to aderSS
practical application. spiritual and mental health among Generation
i ) . Z. Although the effectiveness and popularity of
Some efforts are being made in all countries digital methods for addressing mental health
regarding this subject. Historically, all religions problems are growing, more studies are
have also used their own cultural narratiVeS, needed on d|g|ta| p|atforms that address
life-philosophies, narratives, symbols and spirituality and mental health together. The
dialogue traditions for moral and personality successful design of value-based learning
development  through  different  texts, models for children in technology-rich
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environments demands a balance between
technological innovation and established
developmental and ethical principles. The goal
is not just the enrichment of knowledge, but
also the creation of a strong moral and
character base in the coming generation.
(Alfusanah at el., 2024).

This study is based on the assumption that the
combination of culture + Moral Values +
Technology can offer a strong educational
model for the holistic development of children.
If moral and cultural teachings are redesigned
to suit children's psychological level, interests,
and contemporary learning habits, they can
become meaningful and experiential for
children rather than being cumbersome or
didactic.

Contemporary child psychology indicates that
children learn more effectively through stories,
visual experiences, dialogues, music, and
creative expressions than through abstract
theories. For this reason, value-based
teachings, when presented in the form of
narrative, visual presentation, interactive
activities, and creative mediums, can have a
profound impact on children's behaviour,
thinking, and emotional responses.

Modern technology can play the role of a
facilitator in this process. VR technology, in
particular, has shown potential in improving
children's learning abilities through highly
interactive and engaging simulated
environments (Andryani at el., 2024). Modern
technology can play the role of a facilitator in
this process. VR technology, in particular, has
shown potential in improving children's
learning abilities through highly interactive and
engaging simulated environments (Andryani at
el., 2024).

The present research seeks to impart practical,
cultural, and social knowledge to children by
applying education, child psychology, culture
and technology. The research also predicts
that technology can play a positive and
creative role in the moral, mental and
emotional development of children if used
sensitively and purposefully. In the present
society, while there have been efforts to make
Al safe, it is equally very important to awaken
the power of the inner conscience as
remarked by the great Indian poet Tulsidas in
Ramacaritamanasa — the good man grasps
goodness, while the base man clings to
baseness. Nectar is praised for its immortality,
while poison is known for bringing death.

No matter how safe technology is made, there
is a possibility of its misuse, which is more
likely to cause distraction and problems for
children. The findings of the research suggest
that digital technology is neither completely
harmful nor inherently value-creating; rather,
its effect depends on how it is being used and
under what guidance (Nursiti at el., 2023).
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(Kristjdnsson, 2025) provides an overview of
the recent developments and research trends
of morality education, underscoring the
growing interest in digital technologies, global
contexts, and diverse aspects of ethical
education. It mentions that there are special
issues and interdisciplinary efforts emerging in
the current research on combining moral
education with Al and digital technology,
providing the necessary direction for the moral
development of children in the digital age.

2. Related Work

Various researchers have pointed out that
while integrating traditional knowledge and
ethical teachings with modern technology,
careful consideration of aspects of intellectual
property rights, ethical challenges, and cultural
preservation is necessary. At the same time,
virtues and value-based education have been
recognised as important for the mental and
moral development of adolescents, and an
understanding of developmental psychology
and human-centred educational technology
has also been suggested to be essential for
developing effective learning models (Wang &
Xu, 2024; Shane McLoughlin & Kristjan
Kristjansson, 2025; Gupta, 2025; Nurhabibah,
2025).

A study found that with the help of
Technology-Enhanced Learning (TEL), Islamic
religious education in early childhood can be
made more interesting and value-added. In the
research, digital content (such as animated
stories and interactive applications) increased
children's learning interest, social interaction,
and positive character traits (Sulastri & Ismail,
2025;Mesurado at el.,, 2025) developed a
web-based intervention called "Little Hero",
which aimed to promote moral values in
children. Their research found that this
program increased children's co-morbid
behaviours, empathy, and positive emotional
responses (Mesurado & Resett, 2025).

(Betawi, 2023) found that telling moral stories
to preschool children significantly improved
their integrity values, such as honesty,
empathy, respect, and courage, making it clear
that culturally grounded narrative content can
have a positive impact on children's moral and
emotional development (Betawi, 2023).
Christian education has also been redefined as
a transformative teaching method that enables
religious  communities to  meaningfully
assimilate the gospel in a digital, cultural, and
ecclesiastical environment (Clair, 2025).

The findings suggest that the integration of
educational technology positively contributes
to the development of religious and moral
values in early childhood, offering numerous
benefits for promoting these essential qualities
(Warmansyah at el., 2023).

Modern psychological studies have also shown
that school-based mindfulness and



self-compassion programs develop
self-regulation and compassion in children,
which are foundational qualities for ethical
conduct (Razza at el., 2025). Contemporary
scholarship emphasises that cultural heritage
and traditional knowledge are not merely relics
of the past but dynamic resources that
contribute to social cohesion, identity
formation, and ethical awareness. Integrating
cultural heritage into education strengthens
learners' connection with community values
and fosters responsible citizenship (Heritage
Science, 2021;Tréek, 2022). Although recent
research on Atrtificial General Intelligence
(AGI) highlights its transformative potential in
education, it primarily ~ focuses  on
personalisation and cognitive outcomes, with
limited attention to culturally grounded moral
and emotional development (Latif at el., 2023).

Globally, institutions such as the Jubilee
Centre for Character and Virtues, Character
Lab, and Centre for Curriculum Redesign
emphasise virtue development, resilience, and
ethical reflection, while UNESCO, OECD,
Stanford Centre for Ethics and the Partnership
on Al are contributing to the development of
responsible, human-centred, and inclusive
technology. In the Indian context, the Indira
Gandhi National Centre for the Arts (IGNCA)
has digitised cultural texts, monuments, and
spaces. EdTech platforms such as DIKSHA
and Jio Shiksha have increased the reach of
digital education. The Laboratory for
Computational Cultural Dynamics and various
spiritual organisations  are promoting
value-based learning with Al chatbots, mobile
applications, and immersive technologies.
Multi-pronged efforts are being made through
initiatives such as the Ministry of Culture, NEP
2020, NCERT, e-Pathshala, Scheme for
Safeguarding the Intangible Cultural Heritage,
Guru Shishya Parampara Scheme, Ek Bharat
Shreshtha Bharat and PM SHRI Schools for
cultural preservation and transfer of knowledge
to children. Further in the Indian context, a
number of initiatives are being taken to
inculcate culture, moral values and traditional
knowledge among children in different states.
For example, the Happiness Curriculum
provides education based on meditation,
self-reflection, and emotional balance. This
work is also being done by various universities
at the academic level, so that the texts can be
easily understood. In this, many efforts have
been made, such as the digitisation of Puranas
in Indian culture and online searches of
databases of technical terms of
Sankhya-Yoga. Online search and indexing
systems have also been developed for texts

like the Mahabharata, the Nirukta, the
Medintkosa, the Mankha-kosa, etc.
Bamberg's Cultural Informatics Research

Group is using digital technology to preserve
and make cultural data and knowledge
(history, art, tradition) interactive, with
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geogames or digital archives, Al and
computational models, etc., to explain cultural
knowledge, but no such model has been
developed with a focus on children.

Although there has been substantial work in
previous research on the digitisation of cultural
heritage, the use of technology in moral
education, and the computational analysis of
cultural contexts, there has been limited
attention to the development of Al-based
educational models for systematic
communication of cultural and moral values to
children. Most studies focus either on the
preservation and digitisation of cultural data or
on analysing the general effects of moral
education through technology. Similarly, Al
research has often been limited to the analysis

and prediction of cultural behaviour. The
development of age-appropriate, culturally
sensitive and  pedagogically  structured

Al-based value-based learning frameworks for
children is still a relatively unexplored area.

The objective of the presented research is to
use Al and technology not just to provide
information, but to build rational, ethical and
culturally aware citizens in children. The
technology, if used in coordination with cultural
values, moral education, and overall
personality development, can significantly
reduce the potential repercussions posed by
Al. The objective of this research is to make an
equally serious effort towards the initiative to
make Al safe for the creation of a
future-oriented society, as well as to awaken
the recognition of right and wrong, conscience
and cultural consciousness in children,
because ultimately the impact of technology
depends more on the consciousness of its
user than on its structure. The purpose of this
research is to try to equip children with a moral
conscience and critical thinking through
cultural understanding.

In this context, technology can be used as a
positive tool. The use of Al and digital media is
to impart cultural knowledge to children,
develop their thinking process, and present
values by connecting them to contemporary
contexts. Through technology, complex
concepts can be presented in simple, intuitive,
engaging, and visualised forms, making the
learning process more effective.

3. Cultural Traditions of
Knowledge Transmission and
Memorisation

All the religious traditions of the world are rich
in spiritual texts such as Hinduism, Buddhism,
Jainism, Sikhism, Islam and Christianity that
present not only faith-based legislation but also
a structured tradition of well-organised
life-philosophy, moral discipline and spiritual
self-realisation. In these texts, the concepts of
purpose, duty, self-restraint, social
responsibility and ultimate liberation of human



life are philosophically systematic. Classical
literature such as the Vedas, Upanisad,
Tripitaka, Agama, Gurubani, Quran and Bible
have been functioning as knowledge systems
in their respective cultural contexts. Their core
tone has been associated with the spirit of
self-development, moral  balance, and
collective well-being. Historically, religious
education was not only informative but also
transformative; that is, its purpose was to build
the character, consciousness and social
conduct of the individual.

4. Education and memorised
tradition

Memorised tradition was a central feature of
ancient religious education systems. The
memorisation of religious texts was not only a
means of preserving the text, but also a
cognitive, ethical, and spiritual practice.

For example

e In the Vedic tradition, the correct
pronunciation and memorisation of the

Vedas were the basis for the
preservation of knowledge.

e In the Buddhist Sangha, oral
memorisation of sutras was the

medium of community discipline.

e The memorised practice of Agamic
texts by Jain monks was associated
with self-restraint.

e In the Islamic  tradition, hifz
(memorisation of the Quran) was
considered a spiritual discipline.

e |In Christian monasteries, the
memorisation of hymns and scriptural
passages was related to the process
of meditation.

This tradition was not just for the preservation
of knowledge, but was based on the belief that
internalised knowledge becomes part of the
individual's consciousness. When texts are not
merely read, but are established in memory,
they create the possibility of discovering new
meanings according to the circumstances. In
the present global context, the in-depth
philosophical study of religious texts seems to
be limited to the religious leadership
class—such as priests, monastics, clerics, or
clergy—respectively. The general society is
attached to these texts on a symbolic, cultural
or ritualistic level, but can be observed a
decline in their interpretive and philosophical
engagement.

The growing temporal nature of formal
education, the utilitarian tendency of
knowledge, and the rapid information culture of
digital media have marginalised the tradition of
deep learning and memory. Numerous
sociological and psychological studies indicate
that the current generation appears to be
experiencing a crisis of moral reasoning,
self-regulation, and  existential clarity.
Long-term verbal memory training showed
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changes related to plasticity in the brain, which
are related to the development of areas
associated with memory and attention. These
results show that memory-based practice can
not only be a means of knowledge
preservation but also a form of cognitive
training (Kumar, Singh & Paddakanya, 2021).

In some studies, religious activities, such as
the recitation of sacred texts or the practice of
memorisation, were also found to be positively
correlated with cognitive development and
mental health( Abdullah, 2025; Ganguly at
el.,2021). In such a scenario, the memorised
tradition of religious texts can be rethought not
just as a religious practice, but as a
cognitive-ethical training method. Listening,
reading, or memorising the Quran can be a
useful remedy for improving physical and
mental health (Rozali, 2022). When a text is
not just read, but is established in memory, it
becomes part of the person's inner dialogue.
This internalised knowledge can activate moral
discernment according to the circumstances.

Religious narratives and classical themes can
be helpful in developing children's imagination,
language learning, and moral wisdom. In this
context, "memorisation" can be considered as
an educational tool for the promotion of
moral-cultural literacy rather than a means of
constructing a narrow religious
identity(senthilkumar and shubhlakshmi,2024).
Memorisation here is not merely memorisation,
but the process of understanding the meaning,
context, and message of the original text.

The methods of remembrance developed in
the Vedic oral tradition were not merely
mechanical rote memorisation, but the
development of memorisation, concentration,
hearing, and intellectual discipline. When
students listen to and repeat an original text
over and over again, the text is permanently
established in their minds. Later, in different
situations of life, the same memory becomes
the basis of contemplation and understanding
for them (Besra, 2025).

Through the chanting of the Torah, the reader
does not merely read the scripture but
establishes a deeply personal and community
connection with it. Remembrance, music, and
group interaction play a crucial role in this
process, making the sacred text part of the
individual's spiritual experience( Stephen,
2024). Modern digital platforms such as
Tarteel, Huffaz, Mu'alim (Qur'an) and Scripture
Stack  (Bible) are encouraging the
memorisation tradition of sacred texts using
artificial intelligence, voice-recognition, and
progress-tracking techniques. These tools
facilitate sequential rendering of verses/verses,
partial concealment for recall testing,
responding to pronunciation errors, and
repetition-based practice, effectively adapting
the traditional memorisation method to the
digital environment.



5. The Bhagavadgita as a
Value-Based Learning
Framework for Children

cultures can communicate their moral and
cultural knowledge to children more effectively
through modern technological means. The
Srimad Bhagavadgita, a distinct cultural
tradition, has been used as an illustrative
reference in this study to illustrate how
value-based education can be linked to the
contemporary lives of children.

yada yada hi dharmasya glanir bhavati bharata
abhyutthanam  adharmasya  tadatmanam
srijdmyaham -Bhagavadgita, 4.7

5.1 Al-Based Shloka Recitation (TTS
Integration)

In the first step of this process, the verse is
pronounced correctly and clearly with the help
of TTS technology.

5.2 Learner Repetition and Voice Interaction

The student will then attempt to repeat the
verse spoken by Al. This process enhances
active participation.

5.3 Pronunciation Analysis and Feedback

The Al-based voice-recognition system will
analyse the student's pronunciation. If a word
is mispronounced, such as dharmasya or
glanirbhavati, the system will suggest the
correct pronunciation, highlighting the mistake.
In this way, the student gets a quick and
personalised response.

5.4 Iterative Practice and Mastery

The student will continue to practice until he
speaks the verse with precision and
confidence. This process develops memory
power, concentration, and linguistic
correctness.

5.5 Word-by-Word Meaning Exploration

When the student is able to speak the verse
with the correct pronunciation, the next step is
to explain the meaning of each word of the
verse in simple language.

yada yada — Whenever
hi — definitely / indeed
dharmasya — dharma or morality

Perform actions while being established in
yoga, abandoning attachment, O Dhananjaya.
Being equal in success and failure, equanimity
is called yoga.

That is, by keeping the mind in a stable and
balanced state

yoga-sthah — established in a state of mental
balance

In this research, no attempt has been made to
evaluate any one religion, scripture or tradition
by keeping it at the centre. It seeks to identify a
universal educational approach whereby
different

glanih — fall or decline, weakness

That is, the loss or weakening of dharma
abhyutthanam — rise, increase
adharmasya — of unrighteousness or evil

That is, the growth or spread of
unrighteousness

tada atmanam srijami aham — then | manifest
myself

This  process clarifies both language
comprehension and philosophical meaning.

The Meaning of Loss of dharma

e The Fall of Truth: When People Begin
to Lie

e Lack of justice when injustice begins to
happen

e Lack of compassion: When people
become unkind to each other

e Immorality: When the wrong seems to
be considered right

Growth of Unrighteousness:

e When evil, violence, greed, and
selfishness begin to spread in society,
then dharma becomes weak

5.6 Contextual Storytelling and Cultural
Connection

Krishna tells Arjuna that whenever there is a
loss of dharma and an increase in
unrighteousness on earth, then | myself
incarnate in the ages to protect the virtuous,
destroy the wicked and restore dharma.

Has this ever happened in the past? The
incarnation of Maryadad Purusottama Rama,
the life of Krsna, and the Narasimha Avatara to
protect the devotee Prahlada are some
examples. The stories of these avataras can
be made interesting and engaging through
animation and storytelling. In this way, children
can not only understand moral values in a
better manner but also connect with them
practically.

yoga-sthah kuru karmani sangam tyaktva
dhanarijaya,siddhy-asiddhyoh samo bhitva
samatvarh yoga uchyate - Bhagavad-gita 2.48

kuru— perform
karmani- actions
sangam-— attachment
tyaktva — abandoning
Dhanafijaya — Arjuna

siddhi — success



asiddhi — failure

siddhy-asiddhyoh— in both success and failure
samah- equal

bhatva — becoming

samatvam — equanimity (state of balance)
yogah— yoga (state of inner balance)

ucyate —is called

This verse explains the basic principle of
Karma Yoga.

Simple Meaning (Meaning) - O Dhananjaya
(Arjuna), you should do your duty by being
established in Karma Yoga. While performing
actions, let go of attachment to the fruit. Have
the same feeling in both success and failure,
because this equality and balance of the mind
is called yoga.

Philosophical
Understanding)

Meaning (In-depth

This verse explains the basic principle of
Karma Yoga.

e Performing actions in a yogic manner -
working by keeping the mind in peace,
alertness and spiritual balance. That
is, the mind should not be affected by
anxiety, fear or greed while working.

e Giving up attachment to the fruit — Man
should do karma, but should not be
overly attached or worried about the
result.

e Equal Feeling in Success and Failure
— If there is success, there should be
no arrogance, and if there is failure,
there should be no disappointment.

e This is yoga — when the mind is
balanced in every situation,

So that equanimity is the real sum.
Its meaning in life — this verse teaches that

e Do your duty with full devotion

e Don't worry too much about the result

o Keep the mind steady in success and
failure

Only then does a person become calm,
intelligent, and spiritually strong.

6. Core Idea

e Memorise the verse so that the verses
gradually become a permanent part of
his memory and contemplation

e Explain the semantics in simple words
(words familiar to children) - so that
they not only repeat but also
understand its meaning.

e Explain the meaning of the verse -
Objective- To clarify the philosophical
and moral meaning of the verse, so
that children develop a perspective.
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e Animation, presentation by reels or
short stories - Objective - To present
the idealistic, theoretical, and
philosophical knowledge of the
scriptures in a practical form

e Establishing a Connection to the
Present Life - The Scriptures
Knowledge should be presented by
connecting it with the daily life,
problems, interests, lifestyle, etc. of

the children, so that they do not
consider it as mere theoretical
knowledge, but also as a guide to
adopt in life.

° Giving small practical tasks - The
practice of equanimity, the practice of
doing good deeds without any result,
the practice of helping others
selflessly, etc. Purpose - Our nature is
formed by our small actions. To build a
good nature from childhood, give small
tasks to children.

7. Technique of Data Creation and
Processing

This method will generate systematic training
data using sequential steps, which will be used
to train Al based tools and present cultural and
moral teachings in digital form.

Selected verses, narratives, and teachings
from various religious texts will be compiled to
prepare research data rich in cultural and
moral knowledge. An integrated dataset will be
created by collecting different types of
information for each verse.

7.1 Resource ldentification: First of all,
authentic religious texts and sources will be
identified. For this, various religious texts,
digital repositories, academic databases,
official websites of universities, research
journals and authentic books will be used.
Texts related to moral values and life guidance
will be selected from these sources.

Ex. Srmad Bhagavadgita ,Ramayana,
Mahabharata, Manusmrti, Brahma Vaivarta
Purana etc.

7.2 Scriptural Text, Story and Cultural
Context Collection - Verses from selected
texts will be collected, and each verse will be
accompanied by relevant cultural references,
historical examples, and explanatory material.
This dataset will include the original Sanskrit
verse, |IAST transliteration, word-by-word
meaning, brief interpretation, moral or cultural
message, related narrative or cultural
examples, and elements for each verse.

This information will be compiled on the basis
of authentic books, research articles, classical
commentaries and university sources.



Semantic Meaning and Moral Scenario
Development - Semantic analysis of the
meaning of each verse will be done to

Understand its meaning. In this, the semantic
concepts related to the verse will be identified.

In addition, various social and behavioural
situations related to the shlokas will also be
prepared so that these teachings can be linked
to practical life contexts. Techniques such as
natural language processing and concept
mapping can be used for semantic analysis.

The two $lokas given above are examples of
this.

7.3 Authentic Translation and Content
Validation - The translation and interpretation
of the verses will be verified based on
authentic sources to ensure the authenticity of

the dataset. Research journals, authentic
books, official publications of universities,
digital libraries and academic database

sources will be used in this process. Based on
these sources, a comparative study of the
material will be done to find a correct and
authentic interpretation in the dataset.

7.4 Audio and Speech Dataset Creation
for Al Training - An audio dataset related to
the pronunciation of verses will be generated
to train the Al-based tool. This dataset will
include the pronunciation of pure Sanskrit,
slow speed and normal speed. Additionally,
speech samples will also be compiled, taking
into account different pronunciation patterns
and possible errors.

The ASR system will also be trained using
diverse voice datasets, including speech data
from children across different age groups, as
well as from both male and female voices. This
approach will enable the system to accurately
recognize and process children’s speech.

7.5 Practical Exercises and Interactive
Data Generation —

Various exercises and activities will be devised
based on the classical teachings, which will
aim to present the moral messages of the
verses in practical terms. These activities may
include the following types of content —

Situation-based questions-What should you do
if someone tells a lie?

Examples related to moral judgment-
Examples will be provided to help children
understand right and wrong.

Interactive Exercises- You will not get angry for
the whole day’ or “You will help others’ can be
included. Additionally, animation and
multimedia content can also be produced for
visual presentation. Various digital tools and
animation software can be used for this.
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8. Al-Supported Cultural Learning
Framework

An Al-supported cultural learning framework
will be developed based on the dataset
prepared earlier. In this framework, the Al
system will be trained by integrating different
types of data (verse, meaning, narrative, moral
concept, circumstance, and audio). Content
verification, annotation and training process
will be followed by experts at each stage to
ensure the reliability of the system. The key
steps of the framework will be as follows.

8.1 Knowledge database creation - The
compiled dataset will be organised into a
consolidated knowledge database, with each
verse accompanied by the original verse, IAST
transliteration, semantics, brief interpretation,
ethical/cultural message, related narrative,
Situational examples and audio pronunciations
will be attached. This structure will facilitate
easy acquisition and analysis of data for the Al
system.

8.2 Meaning Generator Development —
The Al model will be built based on the
meaning and interpretations of the verses. The
dataset will be annotated with semantic tags
and verified by language experts. The model
will be trained on the annotated dataset, and
the accuracy of the meanings generated will
be improved through an expert.

8.3 Story Generator Development — An
Al-based Story Generator will be developed
using narratives and cultural references. Each
narrative will be linked to the concept tags of
the verse and the moral concept. Through
expert validation and iterative training, the
model will ensure the quality and relevance of
the narratives.

8.4 Scenario Interpreter Development -
Al models will be trained by establishing
connections between ethical concepts and
behavioural situations. Verses and social\
behavioural situations will be added through
concept mapping. After verification by the
specialist, the model will be able to recognise
the appropriate verses and moral messages
according to the circumstances.

8.5 Audio Processing and Feedback
Module Development - The audio module
will be developed to practice and improve the
pronunciation of verses. The steps will include
audio recording, annotation, sound analysis by
Praat, and the use of TTS and ASR
technology. Results obtained from ASR will be
provided with immediate feedback on errors by
comparing them to the reference audio.



ASR, TTS tools, digitisation of diverse cultural
data, indexing, and digital video creation of
stories like the Panchatantra, e-learning1 have
already been developed by school of Sanskrit
and Indic studies, Jawaharlal Nehru University,
Similar individual efforts have already been
made, such as BharatGen's'’ Sarvam Al,
Vachan, Suktam, Bhashini's? ASR and TTS
models in various languages, and the Bible
learning platform?® If all these technologies are
integrated together, a comprehensive and
fruitful ~ Al-based environment can be
developed for children’s cultural and moral
learning.

TG~ T - e Fatore, - Hemareaa - g, SeIeT e - RREa: Taggel- 220080
Computational Linguistics R&D, Special Centre for Sanskit Studies, Jawaharlal Nehru University,

New Delhi-110067 (© SCSS, JN.U. )
LI G |

SANSKRIT ELEARNING AND MULTRIEDA

Tt e 3 fore v ad
Technology Devel for Indian L '%'

E-learning animated stories*

9. Features of the Proposed Al
System

The proposed Al-based cultural learning
system aims to present traditional cultural and
moral knowledge in a more systematic,
accessible and participatory manner through
modern technological means. The system will
include a variety of structural and functional
features through which classical teachings can
be presented not just as textual content but as
a holistic learning experience. The salient
features of the system are as follows:

9.1 Integration of Traditional
Knowledge and Artificial Intelligence -
This system seeks to integrate the knowledge
contained in ancient religious and cultural texts
with modern Al techniques. Through this
integration, traditional knowledge can be
systematised, preserved and presented more
effectively through technological means.

9.2 Multi-dimensional knowledge
structure — A key feature of the system is the
multi-dimensional knowledge structure of
verses. Each verse will be accompanied by a
variety of supporting information, original
verse, |AST transliteration, semantic and
concise explanation, moral message, related
narrative or cultural context, situational

' https://bharatgen.com/text-models/
2 https://bhashini.gov.in

3 https://www.scripturestack.com/

4

https://sanskrit.jnu.ac.in/download/elearning_a
nimated stories.zip
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examples, and audio pronunciation of the
verse in an integrated form. The system will
thus provide the user with an opportunity for
deep and structured learning while providing
different levels of information related to the
verse on a single platform.

9.3 Al-based Meaning and
Interpretation Feature - The proposed
system will have the ability to present the
meaning and concise interpretation of verses
through Al-based analysis. This system will be
able to present the key moral and
philosophical messages of the verses in a
clear and organised form based on datasets
and semantic annotations.

9.4 Narrative-Based Presentation - The
system will present stories and cultural
references related to the shlokas to make the
classical teachings more intuitive and
interesting. This approach can help to
understand abstract philosophical ideas in
narrative terms and make the learning process
more meaningful.

9.5 Pronunciation Analysis and
Feedback System - The system may
include a special module for the practice and
correction of the pronunciation of verses.

TTS technique will be used to recite the correct
pronunciation of the verses.

ASR technology will be used to recognise the
user's pronunciation Tools like PRAAT can be
used for sound analysis, with the help of which
sound properties such as frequency, rhythm
and pauses can be studied. Based on this, the
system will be able to provide appropriate
feedback to the wuser about possible
pronunciation errors.

9.6 Interactive and multimedia-based
learning experiences -

The system can include a variety of interactive
and multimedia content, such as

Situational questions
Examples of ethical judgment
Audio-visual presentation
Animation-based interpretation

The use of these media can make the learning
process more engaging, participatory and
effective.

10. Expected Outcomes

The proposed Al-based cultural learning
system is expected to yield the following
important results.

10.1 Child-Centric Pedagogy -

This research will present a new
children-centric pedagogy, which will attempt
to explain traditional classical knowledge

through modern technology. Through this
approach, the moral and cultural teachings



contained in the scriptures will be presented in
a simpler, structured and engaging manner.

10.2 Direction of safe use of digital
mediums -

This Al-based system can encourage the
positive and educational use of technology.
Thus, an effort can be made towards using
digital devices as a medium of knowledge and
value-based learning instead of just a means
of entertainment.

10.3 Development of Moral Values and
Rationality in Children -

Through verses, stories, and moral messages,
children can help in the development of
discriminative understanding and willpower to
distinguish between right and wrong. Thus, this
system can contribute to the development of
moral values from an early age.

10.4 Development of interest in

classical texts -

Often, the language and style of spiritual and
scriptural texts seem complicated for the new
generation. This Al-based system can present
these texts in a simpler and more engaging
form through the meaning, narrative, and
context-based presentation of verses, which
can develop an interest in children and young
people.

10.5 Context-Based Understanding of
Scriptural Texts -

Through Al-based analysis, an attempt will be
made to connect the ideas contained in the
verses to different life situations. This will
enable the user to understand how classical
teachings can be relevant in contemporary
social and personal contexts.

10.6 Development of Moral Thinking
and Reasoning Ability -

Through Al-based analysis, an attempt will be
made to connect the ideas contained in the
verses to different life situations. This will
enable the user to understand how classical
teachings can be relevant in contemporary
social and personal contexts.

10.6 Technological representation of
traditional oral traditions -

The study of scriptures in the Indian
knowledge tradition has been done through
oral tradition for a long time. The proposed
system can provide a new medium to preserve
and understand these oral traditions through
digital technologies.

10.7 Possibility of Reducing Cultural
and Spiritual Distance -

Keeping in mind the growing gap between the
new generation and traditional cultural-spiritual
knowledge in contemporary society, the
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system strives to present classical knowledge
through digital and Al-supported means. Thus,
it can be helpful in establishing a dialogue
between the current generation and cultural
traditions.

11. Future Scope

11 Age-Adaptive
System -

Interpretation

In the future, this research can be expanded in
the direction of how to explain the teachings of
cultural and spiritual texts to children of
different age groups at different levels.
Through Al, the complexity, examples, and
interpretation of content can be customised
according to age.

11.2 Multilingual Presentation
Game-Based Learning -

and

This model can be further developed in
different languages, enabling children from
different cultural backgrounds to understand
these teachings in their mother tongue. Also,
cultural learning can be made more interesting
and experiential through game-based learning
and interactive activities.

11.3 Culturally Safe Al Systems for
Children -

In the future, Al models may be developed that
provide safe digital environments for children
and present content that addresses cultural
and ethical boundaries. This will enable
children to get proper cultural direction along
with the use of technology.

11.4 Use of Advanced Al and Natural
Language Processing -

Further advanced Al and NLP technologies
can be used to develop a deeper interpretation
of verses and statements, automatic narrative
generation, and better semantic
understanding, so that the teaching process
can be made more effective.

11.5 Mobile and Web-Based Learning
Platforms -

Based on this framework, mobile and
web-based learning platforms can be
developed, through which users will be able to
access cultural and moral teachings from any
location.

11.6 Advanced Pronunciation Analysis
System -

In the future, voice analysis techniques can be
further developed to more accurately analyse
the subtle aspects of pronunciation, such as
rhythm, intonation, and sound structure,
making it easier to learn the correct
pronunciation of a verse or traditional text.

11.7 Use of this model in the study of
various texts -



This approach is not limited to moral education
but can also be useful for the study and
presentation of various cultural and spiritual
texts in the future, so that traditional
knowledge can be presented in a more
accessible and systematic form through
modern technology.

11.8 Continuous Development
Feedback-Based Cultural Data -

Cultural data and learning materials can be
continuously updated based on feedback from
users and changing socio-cultural challenges,
making the system more relevant and effective
over time. This model can be further
developed in different languages, enabling
children from different cultural backgrounds to
understand these teachings in their mother
tongue. Also, cultural learning can be made
more interesting and experiential through
game-based learning and interactive activities.

of
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