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Abstract

The extraction of domain-specific entity information, particularly via Fine-grained Named
Entity Recognition (FgNER), is crucial for advancing Natural Language Processing (NLP) appli-
cations such as knowledge base construction and relation extraction. However, the creation of
high-quality FgNER datasets is severely hampered by the prohibitive cost of manual annotation
and the inherent noise in dataset generated through weak supervision paradigms such as distant
supervision. This is even more challenging for languages with a diverse landscape and a scarcity of
resources. This thesis addresses these critical quality and resource scarcity challenges by developing
novel, scalable frameworks for generating vast, high-quality FgNER, datasets across numerous lan-
guages and diverse entity type taxonomies. In addressing the challenges, this work makes four key
contributions. In the first contribution, a Taxonomy Adaptable Fine-grained Entity Recognition
through Distant Supervision framework, TAFSIL, is proposed. TAFSIL leverages the high inter-
link between WikiData and Wikipedia through multi-stage heuristics, fuzzy matching, and quality
sentence selection. The proposed framework is then used to create robust FgNER datasets in six
Indian languages: Hindi, Marathi, Sanskrit, Tamil, Telugu, and Urdu. With approximately three
million samples, the TAFSIL dataset achieves an 83% relative improvement in average F1 score over
zero-shot baselines. Although TAFSIL is a highly scalable framework across multiple languages and
taxonomies, its dependence on the availability of Wikipedia is a bottleneck. Since Wikipedia is not
available for many low-resource and vulnerable languages, this thesis tries to exploit alternative
resources and methodologies. The second contribution is an application of the annotation projec-
tion method to create FgNER resources for three vulnerable languages of India’s North Eastern
Region: Bodo, Manipuri, and Mizo. Existing FgNER resources in English and parallel corpora
from English to target vulnerable languages are utilized via the annotation projection method to
create these high-quality datasets. Moreover, in this work, cross-lingual zero-shot FgNNER analyses
are discussed substantially. These analyses suggest the importance of script similarity in FgNER,
which paves the way to leverage this property to reduce noise and improve dataset quality. The
third contribution is CLASSER, a framework for Cross-lingual Annotation Projection enhance-
ment through Script Similarity for Fine-grained Named Entity Recognition. CLASSER employs a
two-stage process: an initial projection from source language annotations to target language anno-
tations, followed by a crucial refinement step that leverages datasets from script-similar languages.
CLASSER is applied to five low-resource Indian languages: Assamese, Bodo, Marathi, Nepali, and
Sanskrit. The dataset created through the CLASSER framework is of very high quality, demon-
strating substantial performance gains, with F1 score improvements of up to 26% in Marathi and
46% in Sanskrit over the current state-of-the-art. Although the CLASSER framework is very ef-
fective across script-similar languages, its scalability is limited for languages written using different
scripts. Therefore, the fourth contribution consolidates the resource creation efforts by introducing
the highly scalable framework, Entity-Anchored Machine Translation (EaMaTa) framework. The
EaMaTa framework is then used to create SampurNER, a large-scale, high-quality FgNER, dataset
covering all 22 scheduled Indian languages, and its extension FiNE-MiBBiC, an FgNER dataset
targeting four extremely low-resource languages. Rigorous analyses confirm the superior quality of
these resources, demonstrating an up to 9% increase in Fl-score over the current state-of-the-art.
Extensive insights are highlighted regarding the influence of language family and script similarity
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on cross-lingual FgNER model performance across one of the most diverse linguistic groups. The
collective work presented in this thesis significantly mitigates the resource gap for FgNER in Indian
and low-resource languages, providing high-quality, large-scale datasets and establishing effective,
scalable frameworks for future resource creation efforts.

Keywords: Named entity recognition, Fine-grained Named entity recognition, Cross-lingual trans-
fer, Multilingualism, Endangered languages, Resources for less-resourced languages, Automatic
creation and evaluation of language resources, Datasets for low resource languages
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Glossary of Terms

Terms

Anchor Symbols

Annotation Projection

Auxiliary Annotation Sequence

Auxiliary Language

Boundary Mismatch Errors

CLASSER

Co-prediction

Confidence Threshold

Contextual Embeddings
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Details

Special symbols used in the entity-anchored sentence format
to mark the start and end boundaries of an entity mention,
with the end symbol being distinct based on the entity type.

A technique for multilingual data creation that uses parallel
corpora and word alignment to transfer annotations from a
high-resource source language to a low-resource target lan-
guage.

The sequence of predictions generated for the target sentence
by the multilingual encoder model, which was fine-tuned on
the script-similar auxiliary language dataset.

A language used in the refinement stage that has an exist-
ing Fine-grained Named Entity Recognition dataset and uses
a script similar to the target language, but generally lacks
parallel data with the target language.

Errors that occur when the entire entity mention cannot be
detected correctly or when the predicted entity span does
not perfectly match the correct boundary.

Cross-lingual Annotation Projection enhancement through
Script Similarity for Fine-grained Named Entity Recogni-
tion.

An observation in error analysis where entity types are often
predicted together (confused) by the model, especially when
the underlying concepts are closely related.

A predefined probability value used in the refinement func-
tion. The initial annotation is only replaced by the auxiliary
annotation if the auxiliary model predicts the new label with
a probability greater than or equal to the Confidence Thresh-
old.

Vector representations of words or tokens that capture their
meaning based on the surrounding words in the sentence.
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Terms
Cross-lingual Annotation Projec-

tion

Cross-lingual Fine-grained Named
Entity Recognition

Cross-lingual Transfer

Crosslingual Semantic Text Similar-
ity (XSTS)

Distant Supervision

Edit Distance

Entity

Entity Detection

Entity Recognition

Entity Typing

Entity-anchored Machine Transla-
tion (EaMaTa)

Entity-anchored Sentence Format

Entity-anchors Mismatch Detection
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Details

A method where annotations from a source language are
transferred to a target language using a source-to-target lan-
guage parallel corpora and word alignment tools.

The task of performing Fine-grained Named Entity Recogni-
tion in one language by leveraging resources (models or data)
trained or fine-tuned primarily on a different language.

The process of applying a model trained or fine-tuned on one
language to a different language.

A human evaluation methodology used to rate translated
sentences (typically on a scale of 1 to 5) to ensure that the
semantic meaning of the source sentence is preserved in the
target language.

A method for dataset creation that links textual mentions to
knowledge-base (KB) entries and inherits the corresponding
type information.

The number of single-character edits (insertions, deletions,
substitutions) required to change one word into the other.

An identifiable object that exists within a defined universe.

The task of focusing on locating spans that correspond to
predefined categories or types.

The task that involves performing Entity Detection and En-
tity Typing jointly.

The task of assigning specific types or categories to entity
mentions that have already been detected.

A proposed framework for high-quality multilingual Fine-
grained Named Entity Recognition dataset creation, con-
verting the source Named Entity Recognition dataset into
an “anchored” format before translation.

A sentence format where each entity mention is enclosed by
unique anchors.

The cleaning process in the EaMaTa framework where sen-

tences missing a corresponding start or end anchor for an
entity mention are removed.
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Terms
False Negative

False Positive

FewNERD

Final Refined Annotation

Fine-grained Named Entity Recog-
nition (FgNER)

Fuzzy Match

Gold Dataset

Gold Test Set

Initial Annotation

Inter-Annotator Agreement (IAA)

Knowledge Base (KB)

Long Tail Distribution
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Details
An entity mention is present in the ground truth, but could
not be detected by the system.

An entity mention is not present in the ground truth, but
falsely detected by the system.

A large-scale, human-annotated English Fine-grained
Named Entity Recognition dataset used as the source for
the EaMaTa framework, covering 8 coarse-grained and 66
fine-grained entity types.

The resulting high-quality annotation sequence after apply-
ing the refinement function to the initial annotation se-
quence.

Entity recognition that uses a more sophisticated and de-
tailed classification taxonomy.

An empirical heuristic applied to detect mentions even when
they have multiple valid spellings or variations (like aggluti-
nations) within a calculated maximum edit distance.

A dataset that is manually annotated by human annotators
and considered the ground truth for evaluation.

A small subset of the test data that is manually annotated by
human experts for rigorous evaluation, serving as the ground
truth.

The annotation sequence obtained after the direct annota-
tion projection of labels from the source language to the
target language.

A measure of the consistency or reliability between human
annotators on the assigned labels.

A structured repository of information (like WikiData) that
contains facts and relationships in the form of property-key
values.

A statistical distribution pattern (also observed in entity
mention frequencies) where a few items have very high fre-
quencies, and many items (for example, rare entity types)
have very low frequencies.
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Terms
Macro-Average

Mapping

Master Dictionary

Micro-Average

Multilingual Encoder

Multilingualism

Named Entity Recognition (NER)

Natural Language Inference (NLI)

Natural
(NLP)

Processing

Language

Noise-Aware Models

Parallel Corpora

Plain Sentence Format
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Details

An averaging method that calculates the metric (Precision,
Recall, F1-score) independently for each entity type and then
takes the unweighted mean across all types.

The output of the word alignment service, defining which
token(s) in the source sentence correspond to which token(s)
in the target sentence.

A resource created in the preprocessing step of TAFSIL
framework, containing mappings of mentions and their entity
types, built by leveraging the aliases and structured knowl-
edge from Wikidata and Wikipedia.

An averaging method that computes the overall metrics by
aggregating the total True Positives, False Positives, and
False Negatives across all entity types before applying the
formulas.

A pre-trained neural network capable of processing and gen-
erating contextual embeddings for multiple languages.

The property to process or generalize across multiple lan-
guages, often demonstrated by improved zero-shot perfor-
mance on unseen languages.

A core natural language processing task that involves iden-
tifying and classifying text spans into specific, predefined
semantic categories (e.g., Person, Organization).

A core natural language processing task to logically interpret
natural language.

Also known as Computational Linguistics. The field of study
concerned with the interactions between computers and hu-
man (natural) languages.

Models for fine-grained entity typing that explicitly cope
with label noise from distant supervision, by applying tech-
niques like attention-based denoising or label refinement.

A collection of texts or sentences, where each sentence in the
source language is aligned with its corresponding sentence in

the target language with similar meaning.

The standard sentence representation without any Named
Entity Recognition annotations or special symbols.
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Terms
Parts-of-Speech (POS) tagging

Quality Sentence Selection

Rule-based Systems

Script Similarity

Script Similarity Enhancement

Sentence Mismatch Detection

Sequence Labeling Task

Semi-supervised Methods

Silver Dataset

Spurious Entities

Supervised Methods

TAFSIL

Taxonomy

TH-4047 206201002

Details

The process of marking up a word in a text as corresponding
to a particular part of speech, based on both its definition,
as well as its context.

A step in TAFSIL (Stage 4) that uses a Parts-of-Speech
(POS) tagger to verify if a detected entity mention has a
valid noun tag and removes erroneous sentences.

Early Named Entity Recognition systems that relied on
handcrafted patterns and domain knowledge to identify spe-
cific categories of entities.

The visual resemblance between the writing systems (scripts)
of two different languages.

The refinement step in the CLASSER framework (Stage 2)
that improves projected annotations by leveraging an aux-
iliary language dataset that shares the same writing system
(script) as the target language.

The cleaning process in the EaMaTa framework where the
anchors are ignored in the translated entity-anchored sen-
tence and the result is compared to the plain translated sen-
tence.

A common formulation of a natural language processing task,
where a label is assigned to each word or token in a sequence.

Approaches that begin with a small set of seed examples and
iteratively expand coverage by learning contextual patterns.

A large-scale dataset created through automated or semi-
automated processes, generally considered less reliable than

a Gold dataset.

False Positive entity mentions, which are detected by the
system for undefined entity types.

Machine learning approaches that are heavily dependent on
annotated corpora.

Taxonomy Adaptable Fine-grained FEntity Recognition
through Distant Supervision for Indian Languages.

Predefined entity types and hierarchy.
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Terms
Total Entity Counts Mismatch De-
tection

Translation-based Approaches

Trie

True Positive

Type Mismatch Errors

Unsupervised Methods

Vulnerable Languages

White Space Error

Word Alignment Service

Word-based Tokenization

Zero-shot Performance

TH-4047 206201002

Details

The cleaning process in the EaMaTa framework where sen-
tences are discarded if the total number of entities (marked
by anchors) in the translated sentence does not match the
count in the original source sentence.

Methods for multilingual data creation, where entire sen-
tences and their annotations are translated into target lan-
guages.

A tree-like data structure used for efficient term lookup.

An entity mention is present in the ground truth, and it is
correctly detected by the system.

Errors that occur when an entity mention is categorized to
the wrong entity type.

Approaches that exploit co-occurrence statistics and distri-
butional regularities across corpora to identify entity men-
tions without labeled data.

Languages, like Bodo, Manipuri, and Mizo, that are at risk
of disappearing, often due to a limited number of speakers
or lack of resources.

A component in the maximum edit distance formula used
to accommodate variations like agglutination (conjoined
words).

A tool or model that generates a mapping between source
and target language tokens.

The process of segmenting a sentence into individual word
units.

Evaluating a model on a target language without any train-
ing data for that language
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List of Abbreviations

Abbreviations

AAAI
ACE

all3

all5

All26

as

BIO

BIOES

BM
bn
bho

bpy

brx

CLASSER
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Details
AAAT Conference on Artificial Intelligence
Automatic Content Extraction shared evaluation

Balanced train set comprising samples from Bodo, Manipuri, and Mizo
languages

Balanced train set comprising samples from Assamese, Bodo, Marathi,
Nepali, and Sanskrit languages

Balanced train set comprising samples from Assamese, Bengali, Bho-
jpuri, Bishnupriya, Bodo, Chhattisgarhi, Dogri, Gujarati, Hindi, Kan-
nada, Kashmiri, Konkani, Maithili, Malayalam, Manipuri, Marathi, Mizo,

Nepali, Odia, Punjabi, Sanskrit, Santali, Sindhi, Tamil, Telugu, and Urdu
languages

Assamese language (ISO 693-1 Language code)

A widely used labeling format where B indicates the Beginning of a span,
I the Inside of a span, and O denotes tokens Outside these categories.

A widely used labeling format where B indicates the Beginning of a span,
I the Inside of a span, E the End of a span, S a Single-word span, and O
denotes tokens Outside these categories.

Boundary Mismatch (Entity Error Type)

Bengali language (ISO 693-1 Language code)

Bhojpuri language (ISO 693-2 Language code)

Bishnupriya Manipuri/ Bishnupriya language (ISO 693-3 Language code)

Bodo language (ISO 693-3 Language code)

Cross-Lingual Annotation Projection enhancement through Script
Similarity for Fine-grained Entity Recognition
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Abbreviations
CoNLL 2002/2003

CRF
D_IB
D.mB
D_MR
D_XLM

DECENT

doi
EaMaTa
en

ent

Ent
FgNER
FIGER

FiNE-MiBBiC

FINERVINER

FIRE-2014

gom
gu
HAnDS
HAREM

hi
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Details
Shared tasks focused on Named Entity Recognition and Chunking

Conditional Random Fields

DECENT model with IndicBERTv2-MLM-Sam-TLM encoder
DECENT model with BERT-base-multilingual-cased encoder
DECENT model with MuRIL encoder

DECENT model with XLM-RoBERTa-large encoder

Decoupled Encoding and Cross-Attention for Efficient Named Entity
Typing

Dogri language (ISO 693-2 Language code)
Entity-anchored Machine Translation
English language (ISO 693-1 Language code)
FewNERD dataset (English)

Number of Entities

Fine-grained Named Entity Recognition
Fine-grained Entity Recognition

Fine-grained Named Entity Recognition for Mizo, Bhojpuri, Bishnupriya
Manipuri and Chhattisgarhi

Fine-grained Named Entity Recognition dataset for Vulnerable languages
of India’s North Eastern Region

Forum for Information Retrieval Evaluation (included NER for Tamil and
Malayalam)

Konkani language (ISO 693-2 Language code)
Gujarati language (ISO 693-1 Language code)
Heuristics Aligned with Distant Supervision
Shared task for NER, in Portuguese

Hindi language (ISO 693-1 Language code)
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Abbreviations Details

HMM Hidden Markov Models

hne Chhattisgarhi language (ISO 693-3 Language code)

HUB-4 Shared task following MUC-6

TAA Inter-Annotator Agreement

IB IndicBERTV2 (‘IndicBERTv2-MLM-Sam-TLM")

10 A widely used labeling format where I indicates Inside of a span and O

denotes tokens Outside these categories.
TIREX Information Retrieval and Extraction shared task

TJCNLP-2008 International Joint Conference on Natural Language Processing shared
task (focused on Indian languages Named Entity Recognition)

IJCNLP-AACL International Joint Conference on Natural Language Processing and the
Conference of the Asia-Pacific Chapter of the Association for Computa-
tional Linguistics

KB Knowledge-Base

kn Kannada language (ISO 693-1 Language code)

ks Kashmiri language (ISO 693-1 Language code)
L.mD LITE model with mDeBERTa-v3-base-mnli-xnli encoder
LXLM LITE model with XLM-RoBERTa-large-xnli encoder
LITE Language Inference based Typing of Entities

LLMs Large Language Models

Lng Language

LREC Language Resources and Evaluation Conference

lus Mizo/ Lushai language (ISO 693-2 Language code)
mai Maithili language (ISO 693-2 Language code)
mBERT Multilingual BERT (‘bert-base-multilingual-cased’)
MCN2 MultiCoNER2 Taxonomy or MultiCoNER2 dataset
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Abbreviations

MEMM
MISC
ml

mni

mr

MT
MUC-6
MuRIL
MultiCoNER
ne
NER
NLI
NLP
NN
NNP
or

pa
PER
PID
PLM
POS
QID

sa

sat
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Details
Maximum Entropy Markov Models

Stands for Miscellaneous (used in sequence labeling examples).
Malayalam language (ISO 693-1 Language code)

Manipuri/ Meitei language (ISO 693-2 Language code)
Marathi language (ISO 693-1 Language code)

Machine Translation

Message Understanding Conference-6 (1996)

Multilingual Representation for Indian Languages (‘muril-large-cased®)
Multilingual Complex Named Entity Recognition

Nepali language (ISO 693-1 Language code)

Named Entity Recognition

Natural Language Inference

Natural Language Processing

Noun (Part-of-speech tag)

Proper Noun (Part-of-speech tag)

Odia language (ISO 693-1 Language code)

Punjabi language (ISO 693-1 Language code)

Stands for Person, an entity type

Wikidata Identifier for a property (e.g., P31 for ‘instance of”)
Pre-trained Language Models

Part-of-Speech or Parts-of-Speech

Wikidata Identifier for an item (e.g., Q62 for San Francisco)
Sanskrit language (ISO 693-1 Language code)

Santali language (ISO 693-2 Language code)
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Abbreviations

sd
SemEval
Sent

SIGIR

SOTA
SE
SVM

ta

TAFSIL

TALLIP

te

TFSL-M

tgt

Tkn

™

UFET

ur

XL
XLM-RoBERTa

XSTS
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Details
Sindhi language (ISO 693-1 Language code)

Semantic Evaluation shared task
Number of Sentences

ACM SIGIR Conference on Research and Development in Information
Retrieval

State-of-the-Art

Spurious Entity (Entity Error Type)
Support Vector Machines

Tamil language (ISO 693-1 Language code)

Taxonomy Adaptable fine-grained entity recognition through distant su-
pervision for Indian languages

The ACM Transactions on Asian and Low-Resource Language Informa-
tion Processing

Telugu language (ISO 693-1 Language code)

TAFSIL dataset in MultiCoNER2 taxonomy

Target language

Number of Tokens

Type Mismatch (Entity Error Type)

Ultra-Fine Entity Typing

Urdu language (ISO 693-1 Language code)

XLM-RoBERTa

Cross-lingual Language Model - RoBERTa (‘XLM-RoBERTa-large’)

Crosslingual Semantic Text Similarity
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List of Symbols

Symbol
aux

A(Ssm Stgt)
aj

/Bje

Dauw

EBsrc

EBtgt
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Details

Auxiliary language

Annotation alignment service producing a mapping map or map

Start anchor symbol for the j-th token

End anchor symbol for the j-th token of entity type e

Linked corpus (Wikipedia) (Input to TAFSIL framework)

Fine-grained Named Entity Recognition dataset of size IV in language [

Fine-grained Named Entity Recognition dataset of size N in auxiliary (aux)
language

Fine-grained Named Entity Recognition dataset of size IV in language [
Fine-grained Named Entity Recognition dataset of size IV in language [

Final refined target Fine-grained Named Entity Recognition dataset, D:;f =

{ (4) —(i)) N

Stgts Ytgt) 5i=1

Maximum edit distance for token j, used as the empirical formula for the
maximum edit distance for fuzzy matching in stage 3 of TAFSIL framework.
d(j) = 1 + white_space(j) + length(j)/6

Edit distance between token j and term t

Entity type

Set of entity types

Contextual embeddings for the source sentence sg¢

Contextual embeddings for the target sentence s
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Symbol Details

Fl Fl-score: Precision x Recall
L = Seore =2 x Precision + Recall
f (gjgz, ygz) Refinement function, determines the final annotation for token j
h Hyperlink in a sentence
H Set of hyperlinks
j Individual token of a sentence s
J Set of tokens of a sentence s
k; Key in Wikidata (W)
K Cohen’s kappa coefficient (Inter-Annotator Agreement)
m Mention detected in sentence s
Mg Set of mentions in sentence s
mapping Alignment mapping from source-sentence tokens to target-sentence tokens
mapping~*(5) The inverse mapping, giving the source token index for a target token j
MD Master dictionary of mentions and entity types
ME Pretrained multilingual encoder (for projection)
ME, . Multilingual encoder fine-tuned on D, (for Stage 2 refinement)
N Number of sentences per dataset
NN Noun POS tag
NNP Proper Noun POS tag
PC Parallel corpora of size N having source-to-target language aligned-sentence

pairs, PC = {(SgQ67 Sglg)t) i=1

P Precision:

o True Positive
Precision =

True Positive + False Positive
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Symbol
Di

PK
POS(j)

probyys (7)

auxr

R

S4

-S54

SIce
S

SSTC

anchor
src

plain
Ssrc

clean
Stgt

anchor
tgt

plain
Stgt

_plain
Stgt

tgt
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Details
Property in Wikidata (W)

Set of property-key values

Part-of-speech tag of token j

The annotation probability distribution for the j-th token in s;y; after re-

finement using M E .
Maximum probability of ygz for j-th token

Recall: g~
Recall — rue Positive

True Positive + False Negative

Dataset created after Stage 4 of TAFSIL framework
Dataset created without Stage 4 of TAFSIL framework
Sentence

Source language

i-th sentence in language [

Source dataset sentences in BIO format

Source sentence in entity-anchored format

Source sentence in plain format

Clean Fine-grained Named Entity Recognition dataset in target language tgt

Translated entity-anchored sentence

Translated plain sentence

Translated entity-anchored sentence converted to plain sentence after ignor-

ing the anchors

Trie for mention lookup
Term in Trie T

Target language

Confidence Threshold (set to 0.85)
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Symbol Details

TLT Translation service

A% Mapping of property values to entity types

W Knowledge base (Wikidata)

yl(i) Fine-grained Named Entity Recognition annotations for tokens of the i-th

sentence in language [

()

Yigt Annotation of the token j in the target sentence

Utgt Auxiliary annotation sequence for s;g; (from M E,,,)

Utgt Initial annotation sequence for s4; (from Stage 1)

Ytgt Final refined annotation sequence

S (m € sanchor) Total count of entity mentions in the source anchored sentence

d(m e S?g"fhor) Total count of entity mentions in the target anchored sentence

1T A% Percentage increase (relative improvement in F1 score)

T % Percentage increase (relative improvement in F1 score)

1 A% Percentage decrease (relative reduction in F1 score)

@ Used in ablation study tables to denote refinement/enhancement using an

auxiliary language
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“Data is potentially the most undervalued and deglamorized
aspect of today’s Al ecosystem.”

Aroyo, Lease, Paritosh, & Schaekermann (2022) [1]

Introduction

The pursuit of knowledge is a fundamental and enduring human endeavor. Over millennia,
written information has served as a primary mechanism for storing and disseminating knowledge,
leading to the development of diverse scripts and natural languages globally. Key historical mile-
stones, notably the invention of the printing press in the fifteenth century and the subsequent tech-
nical revolution of the twentieth century (driven by personal computers and computer networks),
have significantly accelerated the growth of knowledge sharing in the form of natural language text.
However, the wealth of unstructured information contained within these texts poses a persistent
challenge: efficiently accessing structured knowledge for computational algorithms. This difficulty
has necessitated substantial research within Natural Language Processing (NLP), also known as
Computational Linguistics.

Named Entity Recognition (NER) is a core NLP task that involves identifying and classifying
text spans into specific, predefined semantic categories [2]. For instance, in this sentence, Jude
Bellingham scored a goal for Real Madrid., an NER system would identify Jude Bellingham as a
Person and Real Madrid as an Organization. These detected and classified text spans are known
as Named Entities.

To extract more sophisticated and insightful knowledge, a fine-grained classification is essen-
tial. For example, in these two sentences, Jude Bellingham scored a goal in Santiago Bernabéu.
Santiago Bernabéu became president of Real Madrid in 1943., a fine-grained system would classify
Jude Bellingham as person/player, Real Madrid as an organization/sports_club, and contextually
differentiate Santiago Bernabéu in the first sentence as a location/stadium, which is named after
the person/president mentioned in the second sentence. One of the most used entity type hierar-
chies was proposed by Ling and Weld (2012) [2] in which 113 fine types were defined at two levels.
As shown in Figure 1.1, the first-level types are person, organization, location, product, building,
art, and event. The second level types are fine-grained types such as actor, architect, coach, etc.,
which are hierarchically defined under the person type. Several other contributions are made in
Fine-grained Named Entity Recognition (FgNER), especially for the English language, which are
discussed in detail in section 2.3.1 in Chapter 2. The extraction of such structured knowledge via
FgNER is crucial for powering numerous downstream NLP applications, including question answer-
ing, machine translation, information retrieval, relation extraction, automatic text summarization,
opinion mining, and knowledge base construction [3, 4, 5].
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1.1. MOTIVATION

person doctor

. organization terrorist_organization
actolr Shgheck airline government_agency
arch:tect mon_ar"ch company government
AR MRS AR educational _institution  political_party
athlete pol_lt_ICIan fraternity sorority educational department
author rehg.lous_leader sports_league militaty
C(_)BCh Scid'e,r sports_team news_agency
director terrorist

Figure 1.1: Examples of fine-grained entity types proposed by Ling and Weld (2012) [2]. The
coarse-grained types are in bold, and the other types within each box are the corresponding
fine-grained types belonging to that coarse-grained type.

1.1 Motivation

Despite its importance, NER remains an extremely challenging task. Early research in the 1990s
focused on utilizing language-specific syntactic [6] and lexical features (e.g., capitalizing English
words) [7], and rule-based systems [8]. The inherent lack of scalability and adaptability across
different languages and domains led researchers to adopt machine learning techniques [9]. While
supervised learning systems [10] achieved encouraging performance, they were hampered by the re-
quirement for extensive, costly, and time-consuming annotated training data [11], often necessitat-
ing the involvement of domain experts and linguists [4, 8]. To address these limitations, researchers
explored unsupervised [12, 13] and semi-supervised [14, 15| learning algorithms to automatically
recognize entities from large volumes of available unlabeled data, such as Wikipedia [2], Freebase
[16], and news articles [17]. More recently, distantly supervised [18, 19] and deep learning-based
[20, 21] systems have reduced the dependence on manual annotation; however, these approaches
still face limitations in the quality of weakly labeled datasets due to the presence of noise and
bias [22, 23]. Some other challenges in NER task include: data scarcity in low-resource languages
(e.g. vulnerable languages such as Bodo and Manipuri) and in some domains (e.g. confidential
defense-related data), ambiguity in entity mentions (e.g. Santiago Bernabéu may be a person or
location depending on the context), boundary detection errors (e.g. Real Madrid is an organization
but Madrid is a location), nested entities (e.g. Colon Cancer is a disease which contains the nested
entity mention Colon as a body_part), complex entities (e.g. Uncoupled is a verb form but also an
art/movie name) and so on [3, 24]. With the expansion of social media and messaging platforms,
some new challenges are emerging in terms of informal and misspelled texts, along with newly gen-
erated unseen entities [25]. Considering these limitations and challenges, this research is dedicated
to addressing key issues in Multi-Lingual Fine-Grained Named Entity Recognition.

1.2 Research Gaps

e Data scarcity in low-resource languages: Fine-grained NER datasets and models have
been limited to English and other high-resource languages [26]. The only available Fine-
grained NER dataset in Indian languages is MultiCoNER2 dataset [3] in Hindi and Bengali.

e Noise in annotated datasets: Automatic dataset construction methods based on heuristics
and distant supervision often introduce task-dependent noise patterns [22]. For example,
Gillick et al. (2014) [27] observed that false-positive labels constitute a major source of noise
in automatically generated FgNER training data.
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e Scalability across taxonomies: A key research gap in FgNER lies in developing scalable
methods that can generalize across diverse domains and evolving taxonomies, as existing
approaches typically assume prior knowledge of the target domain and label set for a given
test instance, whereas entity typing without such assumptions remains a largely unexplored
problem [28].

1.3 Contributions

To address the challenges of data scarcity, label noise, and taxonomy rigidity in Indian languages,
this thesis presents a series of progressively refined frameworks for Multi-Lingual Fine-Grained
Named Entity Recognition. The primary contribution of this thesis is the development of scalable
methodologies, including distant supervision, annotation projection and refinement, and entity-
anchored translation. Collectively, these contributions provide the NLP community with over 30
million tokens of annotated FgNNER dataset across 26 Indian languages in five different taxonomies,
offering significant improvements in F1l-score performance over existing state-of-the-art baselines.
The contributions are demonstrated in the Figure 1.2 and briefly described in the following sub-
sections.

Research Gaps
1. Data scarcity in low-resource languages
2. Noise in annotated datasets
3. Scalability across taxonomies

Limitations:
> 1. Languages limited to Wikipedia availability
2. Noisy datasets require computationally expensive models

Taxonomy Adaptable FgNER
through Distant Supervision

6 languages in 4 taxonomies 1
. Limitations:
RULLE tg:gi%:::mtaﬂon 1. Noise propagates through cross-lingual transfer
! 2. Scalability is limited to available parallel corpora
3 vulnerable languages 1
Cross-Lingual Annotation Limitation:
Projection Enhancement through —> Scalable only across script-
Script Similarity for FgNER similar languages
5 low-resource languages 1
1. First & Largest FgNER dataset for 26 Indian languages Entity-Anchored Machine
2. Three-stage cleaning process reduces noise significantly {- Translation for FgNER
3. Scalable across languages having available translation service

26 languages including 4 vulnerable

Figure 1.2: Identified Research Gaps, corresponding contributions & their inter-connections.

1.3.1 Taxonomy Adaptable Fine-grained Named Entity Recognition through
Distant Supervision

The first major contribution of this thesis is the Taxonomy Adaptable Fine-grained Named Entity
Recognition through Distant Supervision framework: TAFSIL [29]. The distant supervision method
employs external knowledge bases to automatically label corpora [22]. While distant supervision
is an effective way to mitigate manual annotation costs, existing methods are often restricted
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to a single taxonomy and tailored for English. TAFSIL framework addresses this by leveraging
the interlinkage between the knowledge base WikiData and the linked corpora Wikipedia through
multi-stage heuristics and fuzzy matching. This framework was utilized to create FgNER datasets
for six Indian languages: Hindi, Marathi, Sanskrit, Tamil, Telugu, and Urdu, across four distinct
taxonomies: FIGER [2], OntoNotes [27], HAnDS [22], and MultiCoNER2 [3]. The experiments
demonstrate a relative improvement of 83% in average F1-score over zero-shot performance, con-
firming the robustness of the framework.

1.3.2 Fine-grained Named Entity Recognition through Annotation Projection

While the TAFSIL framework effectively utilizes the existing knowledge base and linked corpora, its
scalability is inherently limited by the availability of Wikipedia in the target languages (Figure 1.2).
For extremely low-resource and vulnerable languages such as Bodo, Manipuri, and Mizo, Wikipedia
does not exist, limiting the application of the TAFSIL framework for the FgNER dataset creation.
To bridge this gap, annotation projection is employed from the available source FgNER dataset
to the target languages by utilizing source-to-target language parallel corpora. A multilingual
encoder-based projection tool is used to create a significant resource comprising over 282k annotated
entity mentions across each of these three vulnerable languages [30]. This methodology enables the
development of FgNER systems for linguistic communities that lack the structured linked corpora,
which are required by previous distant supervision techniques. Moreover, this work extensively
discusses cross-lingual zero-shot FgNER, analyses, highlighting the importance of script similarity
in FgNER and showing how it can be leveraged to reduce noise and improve dataset quality.

1.3.3 Cross-Lingual Annotation Projection Enhancement through Script
Similarity for Fine-grained Named Entity Recognition

Although annotation projection provides a viable solution for dataset creation for low-resource
languages, the process is often hampered by alignment errors and noise during the transfer from
the source language to the target language. To improve the quality of these projected labels, a
framework for the enhancement of annotation through script similarity is proposed [31]. In ad-
dition to the annotation projection used in the previous contribution, this framework introduces
a second stage of refinement that leverages script similarities among Indian languages. By refin-
ing projected annotations using datasets from script-similar languages, the proposed framework
achieves substantial performance gains, including a 26% and 46% improvement in Fl-score for
Marathi and Sanskrit over the first contribution TAFSIL. The framework is successfully applied to
generate a substantial dataset of over 1.8 million sentences for five low-resource Indian languages,
including Assamese, Marathi, Nepali, Sanskrit, and vulnerable language Bodo. This contribution
demonstrates that linguistic commonalities can be systematically exploited to correct the inherent
noise of cross-lingual projection.

1.3.4 Entity-Anchored Machine Translation for Fine-grained Named Entity
Recognition

Despite the refinement of projected annotations through script-similarity yields a very high-quality
dataset, its scalability remains restricted to the availability of FgNER datasets in languages written
using the same script. To achieve a comprehensive and high-quality resource, the Entity-Anchored
Machine Translation (EaMaTa) framework is proposed [32]. This framework leverages the largest
manually annotated English FgNER dataset, FewNERD [33], and translates it into 26 Indian
languages. The entity mentions are anchored with special symbols, and the three-stage cleaning
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process proposed in this framework preserves the crucial information after the translation process.

This

framework mitigates the limitations of the lack of FgNER datasets in languages written

using different scripts and the noise induced by the distant supervision framework. The resulting
dataset covers 26 languages spoken by over two billion people across the Indian subcontinent and
demonstrates a 9% increase in Fl-score compared to the current state-of-the-art. The proposed
framework and the generated dataset provide significant resources for multilingual fine-grained
named entity recognition.

1.4

Organization of the Thesis

The thesis is organized as follows:

Chapter 2 is dedicated to the background and literature survey.

Chapter 3 describes the proposed “Taxonomy Adaptable Fine-grained Named Entity Recogni-
tion through Distant Supervision framework”, and its utilization to create 24 FgNER datasets,
for six low-resource Indian languages in four different taxonomies.

Chapter 4 illustrates the “Fine-grained Named Entity Recognition through Annotation Pro-
jection” for creating datasets for three vulnerable languages.

Chapter 5 demonstrates the proposed framework “Cross-Lingual Annotation Projection En-
hancement through Script Similarity for Fine-grained Named Entity Recognition” and the
corresponding generated dataset in five low-resource Indian languages.

Chapter 6 elaborates on the highly efficient framework “Entity-Anchored Machine Transla-
tion for Fine-grained Named Entity Recognition” and its application in creating high-quality
FgNER datasets in 26 Indian languages, including four vulnerable languages.

Chapter 7 concludes the thesis and discusses future work.
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Background and Literature Survey

This chapter presents the foundational concepts underlying Named Entity Recognition (NER)
and Fine-grained Named Entity Recognition (FgNER), along with a comprehensive survey of rel-
evant literature. It begins by formalizing the NER task, its key components, labeling schemes,
and historical evolution, followed by an overview of multilingual NER with a particular focus on
Indian languages. The chapter then discusses the progression from coarse-grained to fine-grained
entity typing, existing datasets, methodologies for dataset construction, and noise-aware learning
strategies. Finally, it outlines standard evaluation metrics and provides linguistic and demographic
context for the Indian languages considered in this research, thereby establishing the background
necessary for the subsequent chapters.

2.1 Named Entity Recognition (NER)

Named Entity Recognition (NER) is a core NLP task that involves identifying and classifying text
spans into specific, predefined semantic categories [2]. The text spans are known as Named Entities.
Using the illustration in the text box, several important concepts related to NER are explained
below:

Michael Phelps from New York is diagnosed with Marfan Syndrome.

Entity refers to an object that exists within a defined universe. For example, Marfan Syndrome
is a Disease category within the biomedical domain.

Named Entity is a span of text that represents the name of a predefined type, such as per-
son, organization, or location. For instance, Michael Phelps denotes the name of a Person, and
Marfan Syndrome is the name of a Disease.

Entity Detection focuses on locating spans that correspond to predefined categories or types.
For example, New York is treated as a Location in this setting, while New as a standalone noun is
not classified. Moreover, detecting only York would be erroneous as it is the name of a different
valid Location. Thus, detecting New York is appropriate, but detecting New or York alone would
be incorrect.
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Entity Typing assigns specific types or categories to the detected entity mentions. Depending on
the requirements or definitions, New York may be typed as Location.

Entity Recognition involves performing Entity Detection and Entity Typing together.

NER is commonly formulated as a sequence labeling task, similar to Part-of-Speech (POS)
tagging and Chunking [34]. Nonetheless, some approaches reformulate NER as a question-answering
task, where the unstructured text and the predefined entity categories serve as questions, and the
system-predicted entity tags act as answers [25].

In practice, the most widely used labeling formats include 10, BIO, BIOES, etc [35]. Here,
B indicates the Beginning of a span, I the Inside of a span, E the End of a span, S a Single-word
span, and O denotes tokens outside these categories. The following example illustrates how these
schemes apply:

Example: Michael Clarke Duncan starred in Armageddon
10 labeling I-PER [-PER [-PER O O I-MISC (0]
BIO labeling B-PER I-PER I-PER O 0 B-MISC (0]
BIOES labeling B-PER [-PER E-PER O O S-MISC (0]

Here, PER stands for Person and MISC stands for Miscellaneous entity types. Thus, Michael,
Clarke, and Duncan receive Inside-Person, Inside-Person, Inside-Person tags under 10 labeling,
Begin- Person, Inside- Person, Inside- Person under BIO labeling, and Begin-Person, Inside- Person,
End- Person under BIOES labeling, respectively. Armageddon is a movie title, labeled as Inside-
Miscellaneous in 10 labeling, Begin- Miscellaneous in BIO labeling, and Single- Miscellaneous under
BIOES labeling, respectively. All other tokens are labeled as O. In this thesis, BIO labeling is used.

2.1.1 Named Entity Recognition: Overview of Existing Works

Research on Named Entity Recognition (NER) began in 1991 with early rule-based systems that
relied on handcrafted patterns and domain knowledge to identify specific categories of entities, such
as company names [6]. The field expanded rapidly after the Message Understanding Conference-6
(MUC-6) in 1996, where the term “Named Entity” was popularized and task definitions were stan-
dardized [7]. Subsequent shared tasks and evaluations: HUB-4 [36], IREX [37], CoNLL 2002/2003
[38], ACE [39], HAREM [40] etc., catalyzed progress by providing common benchmarks and broad-
ening coverage in terms of domains, entity types, and languages. These initiatives helped move NER
from a narrow, English-centric task on newswire text toward a more general technology applicable
to email, biomedical text, social media, and e-commerce [8].

Early NER systems were mostly rule-based and feature-intensive supervised methods [8]. Rule-
based approaches exploited lexical, syntactic, and orthographic regularities as well as handcrafted
domain-specific rules, often achieving strong performance in restricted domains but at the cost
of extensive manual effort and limited portability across domains and languages [4, 41]. With
the advent of machine learning, supervised models such as Hidden Markov Models (HMM) [42],
Conditional Random Fields (CRF) [43], Support Vector Machines (SVM) [44], and Maximum En-
tropy Markov Models (MEMM) [45] emerged as the promising paradigm. These systems leveraged
rich feature sets, including lexicon-based, corpus-level, and word-level features, but remained heav-
ily dependent on manually annotated corpora, making large-scale and multilingual development
expensive.

To mitigate annotation costs, semi-supervised [14, 15] and unsupervised [12, 13] approaches
were explored. Semi-supervised methods started from a small set of seed examples and iteratively
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expanded coverage by learning contextual patterns and annotating new instances, thereby reducing
manual labeling requirements. Unsupervised methods drew on association measures and cluster-
ing techniques, exploiting co-occurrence statistics and distributional regularities across corpora to
identify entity mentions without labeled data. These approaches demonstrated the feasibility of
NER in settings where annotated resources are scarce [5].

Collobert et. al, [46] introduced an early deep learning-based NER architecture using word
embeddings, convolutional context encoding, and a CRF tagging layer. Later approaches incor-
porated character-level encoding and Long Short Term Memory (LSTM)-based sequence modeling
that improved contextual understanding, handling of misspellings, and overall NER performance
[47].

2.2  Multilingual Named Entity Recognition

Although early research on entity extraction initially focused on English, the scope of this research
soon broadened to include many other languages, either through independent efforts or within
multilingual paradigms. From 1992 onward, a significant body of work began to concentrate on
Chinese [48]. Subsequently, research activity expanded to Portuguese [49] in 1997, followed by
Japanese [10], Italian [50], and Swedish [51] in 1998, and then to Greek, Hindi, Romanian, and
Turkish [15] in 1999. Further progress was observed with studies on French [9] in 2001, Spanish
and Dutch [38] in 2002. During the period of 2003—2004, several additional languages attracted
research attention, including German [52], Basque [11], Bulgarian [53], Catalan [54], Cebuano [55],
Danish [56], Korean [11], Polish [57], Russian [58], and so on. In recent years, researchers have
employed distant supervision techniques for NER, enabling the development of Polyglot NER [16]
for 40 languages in 2015 and further extending it to 282 languages through WikiANN [17] in 2017.
Although a few Indian languages were covered in these resources, the size of such datasets was
extremely small. Early efforts specifically for Indian languages included the IJCNLP-2008 shared
task, which provided coarse-grained NER datasets for Hindi, Bengali, Oriya, Telugu, and Urdu
[59]. This dataset became a key benchmark for early Hindi NER research [60, 61, 62, 63, 64].
FIRE-2014 [65] subsequently introduced datasets for Tamil and Malayalam, further enhancing the
resource landscape for Indian languages.

Several methodologies have been adopted to generate NER datasets in various Indian lan-
guages. Some of the significant and widely adopted methodologies are:

2.2.1 Distant Supervision for Multilingual NER

At a broader scale, multilingual silver-standard resources such as Polyglot NER [16] and WikiANN
[17] substantially increased language coverage. Polyglot NER covered 40 major languages, includ-
ing some Indian languages, by leveraging Wikipedia and heuristics [16]. WikiANN extended this
coverage to 282 languages, including 16 Indian languages, using article titles and heuristic rules
to derive span-level annotations [17]. While these resources enabled large-scale multilingual NER
experimentation, their automatic construction led to issues with noise, domain mismatch, and in-
consistent label quality. Moreover, the number of samples in these datasets in Indian languages
was extremely limited.

2.2.2 Annotation Projection for Multilingual NER

Annotation projection using parallel corpora and word alignment is a long-standing technique.
Pioneering work by Yarowsky and Ngai [66] demonstrated how annotations in a source language
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(typically English) can be projected to a target language using alignment links in parallel texts.
This idea has since been applied to a wide range of tasks, including dependency parsing [67], rela-
tion extraction [68], and NER [69, 70, 71, 72, 73, 74, 75, 76]. Projection-based initiatives have also
been instrumental. Naamapadam [75] is one of the largest NER datasets for 11 Indian languages by
projecting English NER annotations onto target languages using Samanantar [77] parallel corpora
and alignment techniques [78, 79]. However, cross-lingual transfer in NER faces additional linguis-
tic and typological challenges. Zero-shot transfer performance generally degrades for structurally
distant language pairs and for languages with scripts that diverge from those of high-resource source
languages [80, 81]. Multilingual pre-trained encoders such as mBERT [82], XLM-RoBERTa [83],
MuRIL [84], and IndicBERT variants [85] provide strong baselines, but they do not fully resolve
disparities, particularly for languages that are absent or severely underrepresented in pretraining
corpora. In practice, best-performing systems combine multilingual PLMs with language-specific
resources (e.g., parallel corpora, projected annotations, or domain-specific corpora) and architec-
tural choices that explicitly handle label noise and transfer issues.

2.2.3 Machine Translation for Multilingual NER

Machine Translation (MT) provides a complementary route to multilingual data creation. Instead
of word-by-word projection, entire English sentences and their annotations are translated into target
languages, with span boundaries and labels transferred accordingly. MultiCoNER-1 [24] and Multi-
CoNER2 [3] relied heavily on translation-based methods to construct datasets in German, Chinese,
Hindi, and Bengali. Translation-based approaches are relatively straightforward to implement given
strong MT systems, but they introduce risks related to translation error, translationese, and drift
in span boundaries, especially for morphologically rich or syntactically divergent languages.

2.2.4 Manual Annotation for Multilingual NER

To address quality and domain issues, several manually annotated datasets have been developed
for individual Indian languages. Examples include HINER for Hindi [34], AsNER for Assamese
[86], MahaNER, for Marathi [87], EverestNER for Nepali [88], and language-specific NER cor-
pora for Bengali [89], and Telugu [90]. Additional efforts target under-resourced languages such
as Bishnupriya Manipuri [91, 92], Bodo [93], Bhojpuri [94], and Maithili [95]. These manually
curated datasets provide higher-quality annotations and are crucial for fair evaluation and model
development in low-resource settings.

2.3 Fine-grained Named Entity Recognition

The most commonly used entity types in coarse-grained NER are Person, Location, and Organiza-
tion, also known as Enamex [7, 8]. In 2002, for the first time, a multi-level entity type hierarchy
was defined by Sekine and Nobata [96]. In this work, many levels of hierarchy were considered,
such as Fish is a type of Vertebrate, which is a type of Animal, which is under the hierarchy of Nat-
ural_Object, and finally under the top-level hierarchy Name. According to the recently introduced
MultiCoNER2 taxonomy [3], which is illustrated in Figure 2.1, the first-level entity types include
Person, Location, and Product, among others. The second-level fine-grained entity types include
Athlete, Artist, Scientist, etc. under the Person type hierarchy, Food, Clothing, Vehicle, etc. under
the Product type hierarchy, and so on.
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Example: Michael Phelps won 8 gold medals at the 2008 Summer Olympics
Coarse-grained NER: person miscellaneous
Fine-grained NER:  person/athlete award event/sports_event

Based on the context of a sentence, the fine-grained type assigned to an entity mention may
vary. For example, according to the FIGER taxonomy [2], the fine-grained type of New York is
location/city. However, in the example sentence “Michael Phelps from New York is diagnosed with
Marfan Syndrome.”, presented in section 2.1, Michael Phelps is annotated as person only, and not
as person/athlete, because the sentence does not discuss his profession but focuses solely on his
health condition. In contrast, in the example sentence “Michael Phelps won 8 gold medals at the
2008 Summer Olympics.”, the entity mention Michael Phelps is typed as person/athlete, as the
context of the sentence pertains to sports.

2.3.1 Fine-grained Named Entity Recognition: Overview of Existing Works

In parallel with the methodological developments in NER research, the conceptualization of hier-
archical entity types evolved from coarse-grained categories (Person, Location, Organization) to
fine-grained taxonomies. Sekine and Nobata [96] introduced one of the earliest multi-level tax-
onomies, defining 150 entity types organized in a hierarchical structure. Ling and Weld [2] further
advanced fine-grained NER (FgNER) by proposing a two-level hierarchy with 113 entity types.
Subsequent datasets expanded both the number and granularity of types: ACE with 52 types [39],
BBN with 93 types [97], OntoNotes with 88 types [27], and HYENA with 505 types [98]. Large-
scale resources such as WikiSense [99], FINET [100], TypeNet [101], and UFET [23] extended
coverage to thousands of types, enabling ultra fine-grained entity typing. Abhishek et. al. [22]
introduced 118 entity types and improved the annotation quality by applying language-specific
heuristics and sentence filtering methodologies. Manually annotated resources like FewNERD [33],
with 66 entity types, further enriched the space of fine-grained named entity recognition datasets.
In the SemEval2023 task, MultiCoNER2 [3] introduced a dataset with 33 entity types, extending
fine-grained named entity recognition to 12 languages (Figure 2.1).

2.4 Multilingual Fine-grained Named Entity Recognition

Multilingual fine-grained NER is comparatively less explored, but recently it has gained attention
through the SemEval2023 shared task [102]. MultiCoNER2 [3] introduced multilingual FgNER
benchmarks with 33 fine-grained entity types across 12 languages. It is the first FgNER dataset
in any Indian language, which was created by translating the English fine-grained NER dataset to
Hindi and Bengali. The leading teams in the shared task, such as USTC-NELSLIP [103], PAI [104],
DAMO-NLP [105], and IXA/Cogcomp [106], further advanced the dataset generation techniques
and resources for these languages. Apart from these, many low-resource and vulnerable languages
still lack fine-grained, high-quality annotations, leading to the interest in distant supervision, anno-
tation projection methodologies, and translation-based approaches as key strategies to bridge the
resource gap.

2.5 Challenges in Fine-grained Named Entity Recognition

The challenges for Fine-grained Named Entity Recognition (FgNER) have diversified along two
major dimensions: strategies for dataset construction and noise-aware learning methods.
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Figure 2.1: Fine-grained Entity Types in MultiCoNER2 Taxonomy [3]. The inner circle depicts
the coarse-grained type & outer circle demonstrates the corresponding fine-grained types

2.5.1 FgNER Dataset Creation

A central distinction in dataset construction is between manually annotated corpora and distantly
supervised resources. Manually annotated datasets, such as FewNERD [33], offer relatively clean
labels but require substantial annotation effort. Distant supervision, as utilized in FIGER [2],
OntoNotes [27], HYENA [98], UFET [23], and HAnDS [22] scales more readily by linking textual
mentions in linked corpora (e.g, Wikipedia) to knowledge-base (e.g., Freebase or WikiData) entries
and inheriting corresponding type information. However, knowledge-base (KB) based labeling often
produces noisy, multi-type supervision: a mention may be associated with multiple KB types, only
a subset of which are contextually appropriate. This mismatch between distant labels and context-
salient types introduces label noise that must be explicitly addressed during training.

TH-4047_206201002 12



2. BACKGROUND AND LITERATURE SURVEY

2.5.2 Noise Aware Models for FgNER

To cope with the noise induced by distant supervision methods, a rich line of work has developed
noise-aware models for fine-grained and ultra-fine entity typing [107, 108]. These approaches include
attention-based denoising [109, 110], multi-instance learning [111, 112], label refinement[113, 114],
and curriculum learning [115, 116, 117]. Some models use hierarchical type structures to constrain
predictions and regularize learning; others generate or reweight training instances based on esti-
mated label reliability [118, 119]. Overall, noise-aware modeling has become a key component in
leveraging large-scale distantly supervised corpora for FgNER.

Another axis of variation lies in the formulation of the prediction problem. Early FgNER
models treated typing as multi-label classification over a fixed type taxonomy, often incorporat-
ing hierarchical regularization to respect the taxonomy structure. More recently, state-of-the-art
approaches have reframed entity typing as a Natural Language Inference (NLI) problem. In this
formulation, each candidate entity type is expressed as a textual hypothesis, and the model pre-
dicts whether the entity type is entailed by the entity mention’s context. Ultra-fine typing models
such as “Language Inference based Typing of Entities (LITE)” [120] and “Decoupled Encoding
and Cross-Attention for Efficient Named Entity Typing (DECENT)” [121] exemplify this strat-
egy, combining strong encoders with NLI-style objectives and systematic generation of negative
samples to sharpen decision boundaries. These methods have achieved leading performance on
English benchmarks, including “Ultra Fine-grained Entity Typing (UFET)” [23], “Fine-grained
Entity Recognition (FIGER)” [2], and OntoNotes [27].

2.6 Evaluation Metrics for FgNER

The correctness of both the entity boundary and entity type is considered for evaluation. If the
system prediction matches the actual ground truth, then it is considered a True Positive. In the ex-
ample shown in the section 2.3, 2008 Summer Olympics belonging to entity type event/sports_event
is a True Positive. If the system prediction does not exist in the ground truth, then it is a False
Positive. For example, recognition of 8 as an entity mention is a False Positive, as the entity type
number is not predefined in the FIGER taxonomy [2]. If the entities present in the ground truth
cannot be predicted by the system, then such mentions are considered False Negatives. For exam-
ple, if gold medals could not be categorized as award entity type by the system, then it is a False
Negative. Precision, Recall and F1l-score are calculated as follows:

True Positive

Precision =
True Positive + False Positive

Recall — True Positive

True Positive + False Negative

Precision X Recall

F1-S =2
core Precision + Recall

Micro-Average: Micro-averaging computes the overall Precision, Recall, and F1l-score by ag-
gregating the total True Positives, False Positives, and False Negatives across all entity types
before applying the formulas. For example, the entity mentions Michael Phelps, gold medals, and
2008 Summer Olympics will be considered together to calculate the Micro-Average Fl-score for
the entire system. This approach gives equal weight to every individual instance, making it more
influenced by the performance on frequent entity types.
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Table 2.1: Details of multilingual encoder models used: no. of parameters, no. of languages
pretrained on, and coverage of Indian languages.

Model Para- | No. of | Coverage of Indian languages
meters| Languages
BERT-base-multilingual-cased | 110M 104 Bengali, Gujarati, Hindi, Kannada,
[82] Malayalam, Marathi, Nepali, Punjabi,
Tamil, Telugu
IndicBERTv2-MLM-Sam-TLM | 278M 26 Assamese, Bengali, Bodo, Dogri,
[85] Gujarati, Hindi, Kannada, Kash-

miri, Konkani, Maithili, Malayalam,
Marathi, Manipuri, Nepali, Odia,
Punjabi, Sanskrit, Santali, Sindhi,
Tamil, Telugu, Urdu
MuRIL-large-cased [84] 340M 17 Assamese, Bengali, Gujarati, Hindi,
Kannada, Malayalam, Marathi,
Nepali, Odia, Punjabi, Sanskrit,
Sindhi, Tamil, Telugu, Urdu
XLM-RoBERTa-large [83] 355M 100 Assamese, Bengali, Gujarati, Hindi,
Kannada, Malayalam, Marathi,
Nepali, Odia, Punjabi, Tamil, Telugu,
Urdu

Macro-Average: Macro-averaging calculates Precision, Recall, and F1-score independently for
each entity type and then takes the unweighted mean across all types. For example, F1l-score for
each entity type person/athlete, award, and event/sports_event will be calculated separately, and
their unweighted mean will be the Macro-Average F1l-score of the entire system. As a result, every
entity type contributes equally to the final score, regardless of how many instances it contains,
providing a more balanced view of performance across both common and rare categories.

Evaluations for types of errors: Several forms of errors may be made by the system while
recognizing the entities.

e Boundary Mismatch errors occur when the entire entity mention cannot be detected cor-
rectly (e.g. 2008 Summer is detected instead of 2008 Summer Olympics).

e Type Mismatch errors occur when an entity mention is categorized to a wrong entity
type (e.g. 2008 Summer Olympics is categorized as organization/sports_league instead of
event/sports_event).

e Spurious entities are False Positive entity mentions, which are detected by the system for
undefined entity types (e.g. 8 is recognized, although number entity type is undefined).

2.6.1 State-of-the-Art Multilingual NER Evaluation Methodology

In the sequence labeling paradigm, the most prominent and widely adopted methodology for evalu-
ation is to fine-tune multilingual or language-specific Pre-trained Language Models (PLMs), such as
mBERT [82], XLM-RoBERTa [83], MuRIL [84], IndicBERTv2 [85], and MizBERT[122]. PLM fine-
tuning on annotated NER datasets provides a strong baseline and often achieves state-of-the-art
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performance in supervised settings [24, 34, 75, 86, 87, 88, 95, 123, 124]. The details of multilin-
gual encoder models used in this work, i.e. mBERT [82]', MuRIL [84]%, IndicBERTv2 [85]°, and
XLM-RoBERTa-large [83]* are shown in Table 2.1.

2.7 Information on the Languages Considered in this Work

Worldwide, more than two billion people speak various Indian languages. Yet, the resources for
such languages are very scarce, especially for fine-grained named entity recognition. This scarcity
motivated this research work to propose various methods to develop FgNER resources in multiple
Indian languages. The 26 Indian languages considered in this research work are briefly discussed
in this section and summarized in Table 2.2. Figure 2.2 shows the official languages in Indian
states and neighboring countries. Similarly, Figure 2.3 shows additional official languages, Figure
2.4 shows language families, and Figure 2.5 shows the scripts used for various languages in Indian
states and neighboring countries.

1. Assamese (ISO 639-1 code: as): With more than 15 million native speakers [125], As-
samese is an official language of the Indian state of Assam (Figure 2.2), and a scheduled
language in India [126]. This Indo-European language, having more than 8.3 million second-
language speakers, is also spoken in various other Indian states, such as Arunachal Pradesh,
Meghalaya, Nagaland etc. Assamese is written using the Bengali- Assamese script.

2. Bengali (ISO 639-1 code: bn): The sixth most spoken first language, Bengali (also known
as Bangla), is an official language of Bangladesh, and the Indian states of West Bengal,
Tripura (Figure 2.2), and the Barak Valley region of Assam. This Indo-European language is
included in the The Eighth Schedule to the Constitution of India [126], and is written using
the Bengali-Assamese script. Having more than 285 million speakers, Bengali is also widely
spoken in the Indian states of Odisha, Bihar, Andaman and Nicobar Islands, etc.

3. Bhojpuri (ISO 639-2 code: bho): Bhojpuri is considered within the group of Hindi
language [125] which is spoken in some regions of Indian states of Bihar, Uttar Pradesh,
and Jharkhand, along with Nepal, Fiji, Mauritius, Suriname, South Africa, etc. This Indo-
European language has more than 51 million speakers and is written using the Devanagari
script.

4. Bishnupriya Manipuri (ISO 639-3 code: bpy): Bishnupriya Manipuri, also known as
Bishnupriya, is a creole of Bengali and Manipuri/Meitei languages that is written using the
Bengali-Assamese script. Bishnupriya is spoken in some regions of Bangladesh and the Indian
states of Assam, Tripura, and Manipur. This vulnerable language [127] is spoken by more
than 120 thousand speakers.

5. Bodo (ISO 639-3 code: brx): Bodo, also known as Boro, is an additional official lan-
guage of Assam (Figure 2.3), primarily spoken in the Bodoland Territorial Region, and in
some regions in Bangladesh and Nepal. This Sino-Tibetan language, included as a sched-
uled language in India [126], is written using the Devanagari script. Bodo is recognized as a
vulnerable language [127] due to its approximately 1.5 million native speakers in India [125].

"https://huggingface.co/google-bert /bert-base-multilingual-cased
Zhttps:/ /huggingface.co/google/muril-large-cased
3https://huggingface.co/aidbharat /IndicBERTv2-MLM-Sam-TLM
“https://huggingface.co/Facebook Al /xlm-roberta-large
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Official languages in Indian states & neighboring countries

Urdu
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Punjabi

Hindi
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Manipuri
Mizo
Gujarati
Oriya
Marathi
Telugu
Konkani
Kannada
Malayalam
Tamil

IRROENNNNNNNI

Figure 2.2: Official languages in Indian states & neighboring countries.

6. Chhattisgarhi (ISO 639-3 code: hne): This Indo-European language, written using the
Devanagari script, is considered a co-official language in the Indian state Chhattisgarh (Figure
2.3). More than 17 million people from the Indian states of Chhattisgarh, Odisha, Madhya
Pradesh, and Maharashtra speak this language [125].

7. Dogri (ISO 639-2 code: doi): This scheduled Indian language [126] is spoken by around
2.6 million people in some regions of Pakistan and the Indian states of Punjab, Himachal
Pradesh, and the union territory Jammu and Kashmir, [125]. This Indo-European language
is written using different scripts in different regions, including the Devanagari, Dogra, and
Nastaliq scripts.

8. Gujarati (ISO 639-1 code: gu): Gujarati, an Indo-European language (Figure 2.4) written
using the Gujarati script (Figure 2.5), is an official language of the Indian states of Gujarat
and the union territories of Dadra and Nagar Haveli, and Daman and Diu. This scheduled
Indian language [126] is spoken by around 56 million people across various countries.
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Additional official languages in Indian states & neighboring countries

2

Dogri
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Telugu
Urdu
Sindhi
Maithili

finanpuononnci

Figure 2.3: Additional official languages in Indian states & neighboring countries.

9. Hindi (ISO 639-1 code: hi): The fourth most-spoken first language, Hindi, is an official
language of the Government of India, Fiji, and ten states and six union territories of India
[126]. This Indo-European language, written using the Devanagari script, is widely accepted
across various nations with more than 610 million speakers.

10. Kannada (ISO 639-1 code: kn): The Dravidian language, Kannada, is an official language
of the Indian state Karnataka. This scheduled Indian language [126] is written using Kannada
script (Figure 2.5) and spoken by more than 60 million people [125].

11. Kashmiri (ISO 639-1 code: ks): This scheduled Indian language [126] is one of the official
languages in Jammu and Kashmir in India. This Indo-European language is written using the
Perso-Arabic script and the Devanagari script in different areas, with more than 7.1 million
speakers, including in Pakistan.

12. Konkani (ISO 639-2 code: gom): The official language of the Indian state of Goa,
Konkani, is an Indo-European language written using the Devanagari script. With more
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Language families of different languages in Indian states & neighboring countries

f
!
i

[ Dravidian language family

[ 1 Austroasiatic language family .
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Il Sino-Tibetan language family '

Figure 2.4: Language families of different languages in Indian states & neighboring countries.

than 2.3 million speakers, this scheduled Indian language [126] is also spoken in Karnataka,
Maharashtra, Kerala, Gujarat, etc.

13. Maithili (ISO 639-2 code: mai): Being an additional official language in Nepal and in the
Indian state of Jharkhand, Maithili is spoken by more than 22 million people (Figure 2.3).
This Indo-European language is a scheduled Indian language [126], and mostly written using
the Devanagari script.

14. Malayalam (ISO 639-1 code: ml): The Dravidian language, Malayalam, is an official
language of the Indian state Kerala and the union territories Lakshadweep and Puducherry.
This scheduled Indian language [126] is written using the Malayalam script, and spoken by
more than 38 million people.

15. Manipuri (ISO 639-2 code: mni): Manipuri, also known as Meitei, is an official language
of the Indian state of Manipur. Along with Bodo, Manipuri is the only other vulnerable
language [127], included as a scheduled language of India [126]. This Sino-Tibetan language
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Scripts used for different languages in Indian states & neighboring countries

Odia script
Latin script
Tamil script
Telugu script
Guijarati script
Gurmukhi script
Kannada script
Devanagari script
Malayalam script
Perso-Arabic script
Bengali-Assamese script
Meetei Mayek script
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Figure 2.5: Scripts used for different languages in Indian states & neighboring countries.

is written using the Meetei Mayek script and spoken by around 1.8 million people, including
in Myanmar and Bangladesh.

16. Marathi (ISO 639-1 code: mr): The official language of the Indian states Maharashtra
and Goa, the scheduled Indian language Marathi is the 15th most spoken language in the
world [126]. This Indo-European language (Figure 2.4) is written using the Devanagari script
(Figure 2.5), and spoken by more than 100 million people in more than ten states and union
territories in India.

17. Mizo (ISO 639-2 code: lus): The Sino-Tibetan language Mizo (Figure 2.4), also known
as Lushali, is written using the Latin script (Figure 2.5) and considered the official language
of the Indian state Mizoram. This vulnerable language [127] with only one million speakers
[125] is yet to be included as a scheduled language of India [126].

18. Nepali (ISO 639-1 code: ne): The official language of Nepal and the Indian state Sikkim,
Nepali, is an Indo-European language written using the Devanagari script. This scheduled
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19.

20.

21.

22.

23.

24.

25.

26.

Indian language [126] is spoken by more than 32 million people across various countries,
including Bhutan, Myanmar, Brunei, Australia etc.

Oriya (ISO 639-1 code: or): Oriya, also known as Odia, is a scheduled Indian language
[126] spoken by more than 38 million people [125]. This Indo-European language (Figure 2.4)
is written using the Odia script (Figure 2.5). Oriya (or Odia) is the official language of the
Indian state of Odisha.

Punjabi (ISO 639-1 code: pa): Punjabi, also known as Panjabi, is an Indo-European lan-
guage (Figure 2.4) spoken by more than 150 million speakers across India, Pakistan, Canada,
etc. This scheduled Indian language [126] is written using the Gurmukhi and Shahmukhi
scripts in different regions (Figure 2.5).

Sanskrit (ISO 639-1 code: sa): Sanskrit is a classical Indo-European language, often found
in the ancient texts of multiple religions. Although only around 25 thousand native speakers
speak Sanskrit [125], it is considered a scheduled Indian language [126] and an additional
official language in the Indian states of Himachal Pradesh and Uttarakhand.

Santali (ISO 639-2 code: sat): Santali is an Austroasiatic language spoken by around
8 million people across India, Bangladesh, Bhutan, and Nepal. Officially, Santali is written
using Ol Chiki script. This scheduled Indian language [126] is an additional official language
in the Indian states of Jharkhand and West Bengal.

Sindhi (ISO 639-1 code: sd): The Indo-European language Sindhi is an official language
in India and Pakistan with over 37 million speakers [126]. Although Sindhi is written using
the Perso-Arabic script, in some regions in India, the Devanagari script is also used.

Tamil (ISO 639-1 code: ta): The Dravidian language Tamil is one of the longest-surviving
classical languages in the world. Tamil is an official language in India [126], Sri Lanka, and
Singapore, and a recognized minority language in Malaysia and South Africa. It is written
using the Tamil script and spoken by more than 86 million people worldwide.

Telugu (ISO 639-1 code: te): The Dravidian language Telugu is the official language in
the Indian states of Telangana, Andhra Pradesh, and the union territory of Puducherry. This
scheduled Indian language [126] is written using the Telugu script and spoken by more than
100 million people globally.

Urdu (ISO 639-1 code: ur): The Indo-European language Urdu is a scheduled Indian
language [126], official language in Pakistan and the Indian union territories of Jammu and
Kashmir, and Ladakh, and additional official language in seven Indian states. Urdu is spoken
by more than 253 million people across various nations, and written using the Perso-Arabic
script.
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Table 2.2: Summary of 26 Indian Languages and Their Status

Language Speakers Language | Scripts Official/Scheduled Status
(ISO Code) | (Estimate) | Family Used
Assamese > 24 Million | Indo- Bengali- Official in Assam; Scheduled in
(as) European | Assamese India.
Bengali (bn) | > 285 Mil- | Indo- Bengali- Official in Bangladesh and Indian
lion European | Assamese states of West Bengal, Tripura,
and Barak Valley of Assam;
Scheduled in India.
Bhojpuri > 51 Million | Indo- Devanagari | Additional official in Jharkhand,;
(bho) European Spoken in parts of Bihar, Uttar
Pradesh, Jharkhand, Nepal,
Fiji, Mauritius, etc.
Bishnupriya | > 120 Thou- | Creole Bengali- Vulnerable [127];  Spoken in
Manipuri sand Assamese parts of Bangladesh, Assam,
(bpy) Tripura, Manipur.
Bodo (brx) ~ 1.5 Mil- | Sino- Devanagari | Official in Assam (primarily
lion native | Tibetan Bodoland  Territorial ~ Region);
(India) Scheduled in India; Vulnerable
[127].
Chhattisgarhi| > 17 Million | Indo- Devanagari | Co-official in Chhattisgarh;
(hne) European Spoken in Odisha, Madhya
Pradesh, Maharashtra.
Dogri (doi) ~ 2.6 Million | Indo- Devanagari, | Scheduled in India; Spoken in
European | Dogra, parts of Pakistan, Punjab, Hi-
Nastaliq machal Pradesh, Jammu and
Kashmir (UT).
Gujarati ~ 56 Million | Indo- Gujarati Official in Gujarat and UTs
(gu) European of Dadra and Nagar Haveli,
Daman and Diu; Scheduled in
India.
Hindi (hi) > 610 Mil- | Indo- Devanagari | Official language of Government
lion European of India, Fiji, and 10 Indian
states and 6 UTs; Scheduled in
India.
Kannada > 60 Million | Dravidian | Kannada Official in Karnataka; Scheduled
(kn) in India.
Kashmiri > 7.1 Million | Indo- Perso- Official in Jammu and Kashmir
(ks) European | Arabic, (UT); Scheduled in India.
Devanagari
Konkani > 2.3 Million | Indo- Devanagari | Official in Goa; Scheduled in In-
(gom) European dia; Also spoken in Karnataka,
Maharashtra, Kerala.
Maithili > 22 Million | Indo- Devanagari | Official in Jharkhand and Nepal;
(mai) European Scheduled in India.
21
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Table 2.2: Summary of 26 Indian Languages and Their Status (Continued)

Language Speakers Language | Scripts Official/Scheduled Status
(ISO Code) | (Estimate) | Family Used
Malayalam > 38 Million | Dravidian | Malayalam Official in Kerala and UTs of
(ml) Lakshadweep, Puducherry;
Scheduled in India.
Manipuri ~ 1.8 Million | Sino- Meetei Official in Manipur; Scheduled in
(Meitei) Tibetan Mayek India; Vulnerable [127]; Also spo-
(mni) ken in Myanmar, Bangladesh.
Marathi > 100 Mil- | Indo- Devanagari | Official in Maharashtra and
(mr) lion European Goa; Scheduled in India.
Mizo ~ 1 Million Sino- Latin Official in Mizoram; Vulnerable
(Lushai) Tibetan [127].
(lus)
Nepali (ne) > 32 Million | Indo- Devanagari | Official in Nepal and Indian state
European Sikkim; Scheduled in India.
Odia (Oriya) | > 38 Million | Indo- Odia Official in Odisha; Scheduled in
(or) European India.
Punjabi > 150 Mil- | Indo- Gurmukhi, Scheduled in India; Spoken across
(Panjabi) lion European | Shahmukhi | India, Pakistan, Canada, etc.
(pa)
Sanskrit (sa) | & 25 Thou- | Indo- Devanagari | Additional official in Himachal
sand native European Pradesh and Uttarakhand,;
(Classical) Scheduled in India.
Santali (sat) | ~ 8 Million | Austro- Ol Chiki Additional official in Jharkhand
asiatic and West Bengal; Scheduled in
India.
Sindhi (sd) > 37 Million | Indo- Perso- Official in India and Pakistan;
European | Arabic, Scheduled in India.
Devanagari
Tamil (ta) > 86 Million | Dravidian | Tamil Official in India, Sri Lanka,
Singapore; Scheduled in India;
Recognized minority in Malaysia,
South Africa.
Telugu (te) > 100 Mil- | Dravidian | Telugu Official in Telangana, Andhra
lion Pradesh, and UT Puducherry;
Scheduled in India.
Urdu (ur) > 253 Mil- | Indo- Perso- Official in Pakistan and UTs of
lion European | Arabic Jammu and Kashmir, Ladakh;

Additional official in 7 Indian
states; Scheduled in India.
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Taxonomy Adaptable Fine-grained Named
Entity Recognition through Distant
Supervision

Chapter Highlights

e The objective of this chapter is to build a taxonomy-adaptable framework for Fine-grained
Named Entity Recognition (FgNER) in Indian languages.

e The framework efficiently generates high-quality annotations by leveraging the deep inter-
link between WikiData and Wikipedia through multi-stage heuristics and quality selection
methods.

e The highly scalable framework successfully created a massive resource of approximately three
million FgNER, samples across four taxonomies for six languages, which belong to different
language families and are written using four different scripts and in two different directions.

e The generated datasets proved robust across four different taxonomies, leading to an 83%
average relative F'1 score improvement over zero-shot baselines.

e This chapter is based on the publication “TAFSIL: Taxonomy Adaptable Fine-grained Entity
Recognition through Distant Supervision for Indian Languages” published in “Proceedings of
the 48th International ACM SIGIR Conference on Research and Development in Information
Retrieval (SIGIR’25)”.

e The TAFSIL dataset is publicly available at hf.co/datasets/prachuryyallTG/TAFSIL.

3.1 Introduction

Recognizing the names of identifiable entities such as locations, buildings, and products from un-
structured text is an important task for many natural language processing (NLP) applications such
as recommendation systems, knowledge-base construction, relation extraction, etc. The types of
identifiable objects or entities may vary across different domains, applications, and requirements.
Although the most common entity types considered for Named Entity Recognition (NER) tasks
include Person, Location, and Organization, efficient extraction of detailed information from un-
structured texts often requires fine-grained types such as Artist, Athlete, Company, Sports Team,
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3.1. INTRODUCTION

etc. Many significant efforts have been made over the years to solve such fine-grained named entity
recognition (FgNER) problems [2, 96, 27, 98, 101]. Since manual annotation for FgNER task is
expensive [33], most of such resources are developed based on distant supervision [2] and improved
the quality of annotations by applying language-specific heuristics [22].

Although the supervised models trained on such FgNER datasets can detect more than a
hundred fine-grained entity types, there is a bottleneck in creating solutions to detect unseen and
new entity types [128]. Since FgNER datasets are developed based on a defined taxonomy with
a fixed set of entity types, the mentions detected as an entity as per one taxonomy may not be
detected as per another taxonomy. For example, mentions detected as /biomolecules entity type
as per HAnDS [22] taxonomy will not be considered as an entity in MultiCoNER2 [3] taxonomy.
Similarly, the CarManufacturer entity type as per MultiCoNER2 [3] taxonomy can be considered
as a generic /organization/company entity type as per HAnDS [22] or FIGER [2] taxonomy, which
may lead to loss of information learned by the supervised models.

Moreover, the progress of such FgNER resources is often limited to high-resource languages.
MultiCoNER2 [102]!, as a task of SemEval-23%, can be considered as one of the first attempts to cre-
ate FgNER resources for two Indian languages, Hindi (hi) and Bengali (bn). Therefore, we present
TAFSIL?: the taxonomy adaptable fine-grained entity recognition through distant supervision for
Indian languages. TAFSIL framework utilizes the interlink of knowledge base WikiData with the
linked corpora Wikipedia and applies multiple stages of processing, heuristics-based matching and
quality sentence selection to detect fine-grained entity mentions. Utilizing the taxonomy and lan-
guage adaptability of TAFSIL framework, we have generated FgNER, datasets in four taxonomies
FIGER, OntoNotes, HAnDS and MultiCoNER2. The six different languages considered are Hindi
(hi), Marathi (mr), Sanskrit (sa), Tamil (ta), Telugu (te) and Urdu (wr), which are spoken by
more than one billion people across various South Asian and South-east Asian countries. These
languages belong to two different language families Indo-Furopean and Dravidian, written using
four different scripts Devanagari, Tamil, Telugu and Nastaliq in two different directions left-to-
right and right-to-left. To the best of our knowledge, this is the first attempt to create fine-grained
named entity recognition datasets for the languages Marathi, Sanskrit, Tamil, Telugu, and Urdu.
Our contributions can be summarized as follows:

1. Introduction of a distant supervision based framework TAFSIL for fine-grained named
entity recognition which is adaptable across different taxonomies and languages.

2. 24 FgNER datasets of a total size of around three million samples for six Indian lan-
guages (Hindi, Marathi, Sanskrit, Tamil, Telugu, and Urdu) in each of four taxonomies (FIGER,
OntoNotes, HAnDS, and MultiCoNER2).

3. 24 FgNER human annotated datasets for the six mentioned Indian languages in the four
mentioned taxonomies. FEach of these Gold datasets contains more than 2700 samples in the
development set and more than 1500 samples in the test set.

4. Our extensive experiments with state-of-the-art (SOTA) FgNER models suggest the good
quality of these generated datasets. The trained models with our datasets improve the relative
performance of 83% in average F1 score over zero-shot performances of various SOTA models.

"https://multiconer.github.io/
https://semeval.github.io/SemEval2023/
3 Tafsil”: Jeadi in Urdu and e in Hindi means details or description
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3.2 Related Works

Sekine and Nobata [96] introduced entity type hierarchy in 2002 in which they defined 150 entity
types in multi-level hierarchies. One of the pioneering works in Fine-grained entity typing was
proposed by Ling and Weld [2] in 2012, in which 113 types were defined in two hierarchical depths.
Some other significant works in FgNER tasks include HYENA [98], OntoNotes [27], TypeNet [101],
etc. To improve the quality of the datasets, language-specific heuristics and quality sentence selec-
tion methods were adopted by HAnDS [22], MultiCoNER2 [3], etc. On the other hand, FewNERD
[33] is one of the largest datasets created for FgNER task through manual annotations. Subsection
2.3.1 in Chapter 2 demonstrates a few fine-grained entity typing datasets in English and the details
of these datasets, such as the number of entity types and the hierarchical depth of entity types.

Creation of FgNER datasets in Indian languages have been very limited. A shared task in
SemEval-2023, MultiCoNER2 [102] can be considered as one of the first attempt to create FgNER
datasets in two Indian languages Hindi and Bengali. The best performing teams in MultiCoNER2
such as USTC-NELSLIP [103], PAI [104], DAMO-NLP [105], IXA/Cogcomp [106] etc. enhanced
the resources in these two languages. The significant attempts to create resources for coarse-grained
NER tasks include Polyglot NER [16], WikiANN [17] etc. in which some Indian languages were
considered among more than hundreds of languages. HiNER [34], AsNER [86], MahaNER [87],
NER in Bengali [89], NER in Telugu [90], EverestNER [88] etc. are a few examples of manually
annotated datasets in different Indian languages. Naamapadam [75] is one of the largest NER
datasets in 11 Indian languages created through the projection method from English NER. After
preparing coarse-grained and fine-grained datasets in English, translation is used to create datasets
in Hindi and Bengali in MultiCoNER-1 [24] and MultiCoNER2 [3].

3.3 TAFSIL Framework

As shown in Figure 3.1, the TAFSIL framework has three inputs: a linked corpus (Wikipedia?),
knowledge base (Wikidata®), and the mapping of knowledge base property values to taxonomy-
specific entity types. Wikidata contains structured knowledge in the form of property-key values,
such as San Francisco (qid: Q62) is an instance of (pid: P31) a city (qid: @Q515). Such keys
in Wikidata are mapped to the taxonomy-specific entity types. For example, the key film (qid:
Q11424) in Wikidata is mapped to VisualWork entity type as per MultiCoNER2 taxonomy and
Jart/film entity type as per FIGER taxonomy. So, the instances of film will be considered valid
entity mentions as per the defined taxonomy. Wikidata also contains the list of aliases in mul-
tiple languages. For example, the name &l (Gauhati) is an alias of the city et (Guwahati).
Leveraging such information from Wikidata and Wikipedia, a master dictionary is created in the
preprocessing step which works as the backbone of the TAFSIL framework.

3.3.1 Stage 1 [Removal of Non-Entity Links]

As per the Algorithm 1, the hyperlinks in Wikipedia are checked against the master dictionary
entries, and the matching mentions are selected to update a trie. In contrast, non-matching men-
tions are discarded to reduce false positives. For instance, in this Wikipedia sentence,“The state
was the first site for oil drilling in Asia.”, although oil drilling is a valid hyperlink, it does not
belong to a defined entity type and is thus removed. But Asia is a valid entity mention as per

“https://www.wikipedia.org/
https://www.wikidata.org/wiki/Wikidata:Main_Page
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Figure 3.1: Overview of TAFSIL framework. TAFSIL utilizes the high interlink between the
knowledge base WikiData and the linked corpora Wikipedia through multi-stage heuristics and
improves annotation through fuzzy match and quality sentence selection.

the defined taxonomy and hence is updated in the trie. Wikipedia dumps are processed using the
WikiExtractor [129].

3.3.2 Stage 2 [Additional Links through Exact Match]

As per Wikipedia guidelines, only the first mention of an entity within an article must be hyper-
linked to the respective Wikipedia page. The rest of the mentions must be plain text, not anchor
links. Therefore, detecting all such mentions is necessary to reduce false negatives. The trie created
in stage 1 is utilized in this stage to find the exact matches in Wikipedia sentences. For example,
the valid mention Assam is not hyperlinked in the sentence “Assam and adjoining regions have
evidences of human settlement from the beginning of the Stone Age.” in the Wikipedia article on
‘Assam’ as Assam was hyperlinked previously in the same article. In this stage of TAFSIL frame-

work, such entity mentions are detected through exact match utilizing the trie created in the stage
1.

3.3.3 Stage 3 [Additional Links through Fuzzy Match)|

In many Indian languages, multiple valid spellings for the same word exist, including variations
due to agglutinations. For example, both T and 3% are valid Hindi spellings of the city ‘Mum-
bai’. Similarly, the agglutinated word in Telugu T°®J°N80 is the same as the separated words
0°37° B0 which means “Rama Nagaram”, i.e. “Rama’s City”. To handle such variations, an
empirical fuzzy matching heuristic is applied, which accepts all tokens within a maximum edit
distance. The formula for the maximum edit distance includes one error for all tokens, one error
for every white space, and one error for every six characters of the token. The white space error is
taken into consideration to accommodate agglutination:

d(j) = 1 + white_space(j) + length(j)/6
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Algorithm 1: TAFSIL Framework

Input:

e C: Linked corpus (Wikipedia)

e W: Knowledge base (Wikidata)

e I/ Mapping of property values to entity types
Symbols:

e h: Hyperlink in a sentence, H: Set of hyperlinks

e: Entity type, E: Set of entity types

e p;: Property in Wikidata(W)

o k;: Key in Wikidata(W)

e PK: Set of property-key values

e M D: Master dictionary of mentions and entity types
e T Trie for mention lookup, ¢t: Term in Trie
e s: Sentence

e j: Individual token of a sentence s

e J: Set of tokens of a sentence s

e m: Entity mention detected in sentence s

o M,: Set of entity mentions in sentence s

e d(j): Maximum edit distance for token j

e e d(j,t): Edit distance between j and ¢

e POS(j): Part-of-speech tag of j

e NN, NNP: Noun, proper noun POS tags

Master Dictionary Creation

1. Extract property-value pairs: PK = {(p;, k;)}

2. Map k; to entity types: E =V (k;)

3. Build master dictionary: M D = {(m,e)} using aliases

Stage 1: Removal of Non-Entity Links

1. Initialize Trie: T «+ ()

2. for all s € C do

3 Extract hyperlinks: H < hyperlinks h in s

4. Update Trie: T+~ TU{h|h e MD}

5 Remove non-matching hyperlinks: H <~ H\ T
6. end for
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Stage 2: Additional Links through Exact Match

1. for all se C do

2 Create set of tokens from sentence s: J = {j}
3. Exact match using Trie: My« {j|j €T}

4 Annotate M, as entities

5. end for

Stage 3: Additional Links through Fuzzy Match

1. for all s e C do

2 Calculate: d(j) = 1+ white_space(j) + %
3. Fuzzy match: M, < {j | 3t € T, ed(j,t) < d(j)}
4 Annotate M, as entities

5. end for

Stage 4: Removing Sentences with Undetected Entities
for all s € C' do

Discard s if: Vm € Mg and POS(m) ¢ {NN, NNP}

Or discard s if: POS(j) € {NN,NNP} and j ¢ M,
end for
Update corpus: C' <+ C'\ {s}

AR

Output: Refined dataset with entity annotations

Where, d is the maximum edit distance, j is the token in a sentence s. Only word-based tokenization
is used in this framework. So, in this stage, the heuristics-based fuzzy matches are detected utilizing
the trie created in stage 1, and the datasets are updated with such entity mentions.

3.3.4 Stage 4 [Removing Sentences with Undetected Entities|

In this stage, a parts-of-speech (POS) tagger [130]° is used to match entity mentions with their
respective POS tags. If a sentence has a token with POS tag as noun (NN) or a proper noun
(NNP) but is not detected as an entity, or if an entity mention in a sentence is not tagged as a noun
(NN) or a proper noun (NNP), then such a sentence is removed from the dataset. For instance, in
the given sentence, “On the right hand?”, hand is tagged as a noun (NN) but not an entity (e.g.,
/body_part), and hence such a sentence is discarded to enhance the quality of the dataset. The
percent of sentences excluded based on POS tagging varies from around 3.1% in Hindi to 3.93%
in Sanskrit. This quality sentence selection step results in the exclusion of around 3.5% sentences
across all the languages in all the taxonomies.

3.4 TAFSIL Dataset

We have used Wikidata and Wikipedia dumps released on 1st June, 2024 to create large-scale
FgNER datasets through TAFSIL framework. Table 3.1 summarizes the statistics of the 24 datasets
created in six languages for each of the four taxonomies.

Shttps://github.com/stanfordnlp /stanza
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Table 3.2: TAFSIL Gold dataset statistics in FIGER Taxonomy. TAA (k) gives the inter-annotator

Table 3.1: TAFSIL datasets statistics.

Taxonomy Language | Sentences Entities Tokens
Hindi 697,585 928,941 | 25,015,025

Marathi 138,114 193,953 | 4,010,213

Sanskrit 18,946 25,515 520,970

FIGER Tamil 523,264 825,287 | 17,376,040
Telugu 419,933 616,143 | 10,103,255

Urdu 641,235 | 1,219,517 | 43,556,208

Hindi 699,557 | 1,177,512 | 32,234,646

Marathi 138,535 194,317 | 4,021,660

OntoNotes Sanskrit 19,201 25,459 520,836
Tamil 522,768 796,498 | 16,817,316

Telugu 420,700 608,041 | 9,982,017

Urdu 646,713 | 1,197,187 | 42,869,948

Hindi 702,941 | 1,108,130 | 30,249,166

Marathi 139,163 195,251 | 4,039,536

Sanskrit 19,294 25,581 523,540

HErDS Tamil 526,275 804,132 | 16,988,161
Telugu 422736 611,226 | 10,034,077

Urdu 647,595 | 1,200,111 | 42,988,031

Hindi 643,880 799,987 | 21,492,069

Marathi 125,981 174,861 | 3,628,450

. Sanskrit 17,740 23,372 479,185

i IHCONER2 Tamil | 464,203 | 690,035 | 14,583,842
Telugu 392,444 561,088 | 9,266,603

Urdu 603,682 | 1,069,354 | 38,216,564

agreement. Urdu is annotated by a single annotator.

Dataset Development Test TAA
Splits | Entities Tokens | Entities Tokens | (k)
Hindi 2,910 20,362 1,578 11,967 | 0.8334

Marathi | 2,905 16,863 | 1,567 10,527 | 0.8067

Sanskrit | 2,891 14571 | 1,570 8354 | 0.7834
Tamil 2,885 15,334 1,562 8,961 | 0.7653

Telugu | 2,895 15,359 | 1,568 9,090 | 0.8204
Urda | 2,710 21,148 | 1,511 12,505 | -

3.4.1 Comparison with Public Datasets

As shown in Table 3.4 the datasets created using the TAFSIL framework are larger than many other
publicly available datasets in Hindi, Marathi, Sanskrit, Tamil, Telugu, and Urdu. Moreover, to the
best of our knowledge, these are the first fine-grained named entity recognition datasets created
in five Indian languages: Marathi, Sanskrit, Tamil, Telugu, and Urdu. In this work, whenever
comparative analysis is done, the highest value or the best result in the tables are shown in
bold and the second highest value or the second best result are shown as underlined.
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Table 3.3: TAFSIL Gold datasets Inter-annotator Agreement (k) scores across different taxonomies.

Taxonomy | Hindi Marathi Sanskrit Tamil Telugu
FIGER | 0.8334 0.8067 0.7834 0.7653 0.8204
OntoNotes | 0.8141  0.7888 0.7698  0.7523 0.8024
HAnDS | 0.8365 0.8003 0.7712 0.7563 0.8121
MultiCoNER2 | 0.8466 0.8184 0.7982  0.7789 0.8386

Table 3.4: Comparison of TAFSIL datasets with some publicly available NER datasets in Indian

languages.
Dataset | Sentences Entities | Types
TAFSIL(HAnDS) 702,941 1,108,130 118
MultiCoNER2 [131] 9,632 12,870 33
Hindi Naamapadam [75] | 985,757 | 2,184,600 3
MultiCoNER [24] 15,300 19,733 6
HiNER [34] | 108,608 | 224,148 11
TAFSIL(HAnDS) 139,163 195,251 118
A Naamapadam [75] | 455,201 529,600 3
Maggphi MahaNER [87] 21,500 27,300 7
WikiANN [132] 14,977 18,756 3
Sunskeit | TAFSIL(HAnDS) | 19,294 25,581 | 118
WikiANN [132] 101 115 3
TAFSIL(HAnDS) | 526,275 804,132 118
Tamil Naamapadam [75] 497,900 741,100 3
WikiANN [132] | 25,662 31,814 3
TAFSIL(HAnDS) 422,736 611,226 118
Telugu Naamapadam [75] | 507,700 774,800 3
WikiANN [132] 9,028 11,964 3
Urdu TAFSIL(HAnDS) 647,595 | 1,200,111 118
WikiANN [132] 74,840 77,132 3

3.4.2 Entity Types Frequency Distribution

As Wikipedia articles mostly consist of famous personalities, monuments, locations, organizations
etc., entity mentions belonging to such entity types are quite large in counts compared to very rare
entity types. Therefore, the frequency of entity mentions often follows long tail distribution, as
shown in Figure 3.2. In fact, the least 50 counts entity types also follow long tail distribution as
shown in the sub-figure in Figure 3.2.

3.4.3 Gold Dataset

The same set of sentences have been considered in each language to be manually annotated for the
mentioned four taxonomies using BRAT annotation tool [134]. The volunteer annotators are chosen
based on their mother tongue and have minimum education as an undergraduate degree. For each
taxonomy, the same set of 800 sentences is considered for the development set and 503 sentences
for the test set. These sentences are extracted from Wikipedia, from the articles released after 1st
June, 2024. Since the TAFSIL dataset is created using the Wikidata and Wikipedia dumps updated
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Table 3.5: Adaptation of FgNER Models for Indian Languages. Abbr. column gives the abbrevia-
tion of the model name used in our discussion.

FgNER Model Adapted encoder model Abbr.
XLM-RoBERTa-large-xnli [83] L XLM

LITE [120] mDeBERTa-v3-base-mnli-xnli [133] | L.mD
XLM-RoBERTa-large [83] D_XLM

DECENT [121] BERT-base-multilingual-cased [82] | D_mB

IndicBERTv2-MLM-Sam-TLM [85] | D_B
MuRIL [84] D_MR
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Figure 3.2: Long Tail distribution of entity mentions. As Wikipedia articles mostly consist of
famous personalities, monuments, locations, organizations etc., entity mentions belonging to such
entity types are quite large in counts compared to very rare entity types.

till 1st June, 2024, the sentences are considered from the articles published after that date, so that
there is no leakage of testing data. For checking the robustness of the TAFSIL datasets, we made
sure that both development and test sets contain a minimum of five entity mentions belonging
to every fine-grained entity type in any considered taxonomy. Depending on the language and
agreement between the annotators, the number of entities and total tokens vary marginally, as
shown in Table 3.2. The good quality of these manually annotated datasets can ascertained based
on the inter-annotator agreement (IAA), which is above 0.75 for each language [Table 3.3]. Due to
the lack of annotators, the dataset for Urdu was annotated by a single annotator only.

3.5 Experimental Setup

The entity mentions in the datasets created using the distant supervision paradigm may be linked
to one or more entity types depending on the associated knowledge base properties. But, depending
on the context of an entity mention, only one entity type may be the most suitable. Therefore,
to efficiently learn from such noisy datasets, numerous noise-aware models have been developed
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for fine-grained and ultra fine-grained named entity recognition [107, 108, 109, 110, 135, 136, 137,
138, 139, 140, 111, 112, 113, 114, 118, 119, 115, 116, 117]. The current SOTA models for ultra-fine
entity typing (UFET [23]) are LITE [120] and DECENT [121], which perform superior in fine-
grained entity typing across different English FgNER datasets (FIGER [2] and OntoNotes [27]).
These models address the entity typing problem as a Natural Language Inference (NLI) problem
and improve the entity typing correctness by creating several negative samples during training.
We have adapted these FgNER SOTA models to accommodate Indian languages as shown in
Table 3.5. Four variations of the DECENT model are created by changing its base encoder from
RoBERTa-large [141], to XLM-RoBERTa-large [83] (D_XLM), bert-base-multilingual-cased [82]
(D_mB), IndicBERTv2-MLM-Sam-TLM [85] (D_IB) and MuRIL [84] (D-MR) respectively. The
hyperparameters for DECENT-based models are set as follows: learning rate for encoder = 5e-6,
learning rate for head = 5e-4, dropout probability for head = 0.5, epoch = 2, batch size = 16,
negative oversampling rate = 31, and prediction threshold = 0.9. Similar to the DECENT model,
two variations are checked for the LITE model by changing its base encoder from roberta-large-mnli
[141] to xlm-roberta-large-xnli [83] (L_XLM) and mDeBERTa-v3-base-xnli-multilingual-nli-2mil7
[133] (L-mD) respectively. The hyperparameters set for LITE-based models are batch size = 16,
pre-training learning rate = le-6, margin = 0.1, epoch = 2, batch size = 16, margin for the margin
ranking loss (A) = 0.05. All the experiments have been conducted on one Nvidia A100 GPU. For
the Hindi language, we performed extensive experiments in all of these six model variations and
finally considered the best-performing two model variations for other Indian languages.

3.6 Results & Analysis

Although the TAFSIL framework is designed to be a highly robust framework through which
fine-grained entity typing datasets can be created in any taxonomies, only four taxonomies are
considered for experimental purposes. Numerous experiments are conducted to evaluate the ro-
bustness of the TAFSIL method in creating good-quality datasets in multiple languages across
various taxonomies. Since this work is one of the first attempts to create FgNER datasets in five
Indian languages, there are no such datasets available in these languages for comparative analysis.

3.6.1 Is a Distantly Supervised Noisy Dataset equivalent to a Clean Dataset?

MultiCoNER2, a SemEval’23 task on multi-lingual complex fine-grained named entity recognition,
can be considered one of the pioneering works in FgNER, in Hindi and Bengali. To encourage the
development of larger datasets and high-performing models in FgNER  tasks, the organizers kept the
training datasets size smaller than the testing datasets in BIO format, where each entity mention
belongs to only one predefined entity type. We have performed several experiments to check whether
various FgNER models trained on our noisy datasets created through the TAFSIL framework learn
as efficiently as compared to the clean MultiCoNER2 dataset. We trained all six models with
different train sets and evaluated on the test set released by the task organizers. Table 3.6 shows
the results of all six models. The results suggest that with the same-sized training datasets (9,632
sentences having 12,870 entity mentions), the models’ performances trained on our dataset are poor
compared to those trained on the MultiCoNER2 training dataset. However, when a large training
dataset of 643,880 sentences having 799,987 entities is used, all six models performed better. The
results shown in Table 3.6 confirm that a large dataset created by the TAFSIL framework can be
equivalent to a clean small FgNER dataset such as MultiCoNER2. Hence, the TAFSIL framework
is further applied across multiple taxonomies and multiple languages to create FgNER datasets.
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Table 3.6: Performance of different models trained on TAFSIL Hindi dataset and tested on Multi-
CoNER2 test set. Compared to equal sized dataset with MultiCoNER2, when the entire TAFSIL
training dataset having 799,987 entities (800k) is used, all six models performed better.

D_XLM Model
Micro Macro
Train Set(No. of entities) P R F1(A%) p R F1(A%)
MultiCoNER2(12.8K) 7218 70.78 71.47(-) | 73.85 70.79 72.28(-)
TAFSIL(12.8k) 43.63 48.19 45.79(]35.9) | 44.67 48.86 46.36(].35.9)
TAFSIL(800k) 63.37 82.51 71.69(10.3) | 74.84 70.86 72.80(10.7)
D_1B Model
Micro Macro
Train Set P R F1A%) P R FLA%)
MultiCoNER2(12.8k) 66.44 76.24 71.04( -) 66.56 76.33 71.11( -)
TAFSIL(12.8k) 42.53 56.56 46.00(]35.2) | 42.71 56.70 46.70(]34.3)
TAFSIL(800k) 62.95 81.82 71.35(70.2) | 62.35 84.13 71.62(70.7)
D_mB Model
Micro Macro
Train Set(No. of entities) | P R F1(A%) P R F1(A%)
MultiCoNER2(12.8k) 63.16 69.23 66.06( - ) 61.88 79.69 69.66( - )
TAFSIL(12.8k) 40.60 48.04 44.00(433.3) | 40.98 48.21 44.47(]36.1)
TAFSIL(800k) 62.97 71.76 67.08(11.6) | 62.42 79.61 69.98(10.5)
D_MR Model
Micro Macro
Train Set(No. of entities) P R F1(A%) P R HEA%)
MultiCoNER2(12.8k) 65.69 78.51 69.88( - ) 63.57 80.18 70.92( - )
TAFSIL(12.8k) 42.14 50.43 45.71(134.5) | 42.43 52.51 46.52(]34.4)
TAFSIL(800k) 65.18 78.80 71.18(12.1) 63.18 82.62 71.60(11.0)
L_XLM Model
Micro Macro
Train Set(No. of entities) P R F1(A%) P R F1(A%)
MultiCoNER2(12.8K) 62.79 69.01 65.95(-) | 61.58 78.63 67.54(- )
TAFSIL(12.8K) 30.78 47.87 43.92(133.4) | 40.76 48.03 43.06(136.2)
TAFSIL(800k) 62.76 71.06 66.11(10.2) | 62.03 78.91 67.87(10.5)
L_mD Model
Micro Macro
Train Set(No. of entities) | P R F1(A%) P R  F1(A%)
MultiCoNER2(12.8K) 61.13 66.93 64.20(-) | 60.31 75.50 65.21(- )
TAFSIL(12.8k) 38.95 46.60 41.19(35.8) | 39.58 46.50 41.99(}36.4)
TAFSIL(800k) 61.36 70.04 64.37(10.3) | 60.91 76.28 65.98 (11.2)

3.6.2 Evaluations on Hindi

All the six models as stated in Table 3.5 are trained on the TAFSIL Hindi datasets. As per the
results shown in the Table 3.7 the quality of the datasets can be verified based on the relative
improvement of F1 scores over the zero-shot performance of the models.

Based on the experiments on Hindi datasets, the top-performing models D_XLM and D_IB

TH-4047_206201002 33



3.6. RESULTS & ANALYSIS

Table 3.7: Performance of the different models trained on TAFSIL Hindi dataset in multiple tax-
onomies. DECENT model with IndicBERTv2 and XLM-RoBERTa base encoders performed the
best.

TAFSIL Hindi dataset in FIGER Taxonomy

Micro Macro
Model P R F1(1A%) P R F1(1A%)
D XLM | 59.84 80.85 67.28(69.5) | 64.52 78.82 67.95(69.9)
D_mB 57.67 79.44 61.65(74.9) | 55.67 72.44 62.69(76.1)
D_IB 59.70 80.62 67.18(75.5) | 61.21 74.76 67.78(74.7)
D_MR | 58.27 73.26 65.18(75.4) | 59.51 75.65 65.93(75.3)
LXLM | 56.61 73.13 62.34(82.6) | 55.82 72.26 62.99(83.5)
L_.mD 55.81 71.31 60.82(80.9) | 54.32 71.10 61.31(79.9)
TAFSIL Hindi dataset in OntoNotes Taxonomy
Micro Macro
Model 12 R F1(1A%) P R F1(1A%)
D XLM | 52.15 81.58 63.41(84.7) | 53.13 79.70 63.70(83.1)
D_mB 50.67 77.37 60.05(87.8) | 51.17 77.50 60.60(89.1)
D_IB 52.83 79.11 63.04(86.6) | 52.02 80.89 63.32(85.3)
D.MR | 51.18 79.15 62.28(84.9) | 59.16 80.40 62.71(84.3)
LXLM | 54.89 65.24 59.62(97.8) | 54.88 65.85 59.87(95.9)
L_mD 52.27 63.06 57.61(97.5) | 53.72 64.03 58.37(98.4)
TAFSIL Hindi dataset in HAnDS Taxonomy

Micro Macro
Model P R F1(1A%) P R F1(1A%)
D_XLM | 62.06 85.79 72.02(73.5) | 63.67 85.25 72.90(75.3)
D_mB 61.39 83.59 70.95(74.1) | 62.59 85.27 71.25(73.6)
D_IB 61.03 88.17 71.38(63.5) | 61.25 90.71 73.13(67.9)
D_-MR | 63.82 85.29 71.70(69.3) | 61.39 86.89 71.95(65.4)
LXLM | 60.89 81.29 69.36(75.6) | 61.33 83.94 70.06(76.0)
L_mD 58.93 80.02 68.14(76.1) | 60.01 82.68 68.80(76.6)

TAFSIL Hindi dataset in MultiCoNER2 Taxonomy

Micro Macro
Model P R F1(1A%) P R F1(1A%)
D_XLM | 64.52 76.19 69.97(70.1) | 64.63 76.18 70.04(68.9)
D_mB 58.51 79.68 67.47(73.9) | 59.45 79.86 68.10(71.0)
D_IB 67.22 75.56 71.15(76.3) | 67.35 75.59 71.22(74.4)
D_.MR | 65.17 82.890 70.84(73.9) | 65.69 74.51 71.15(73.5)
LXLM | 56.91 78.13 65.95(77.4) | 58.05 78.25 66.21(76.0)
L_mD 55.81 76.91 64.05(79.3) | 56.28 77.31 65.01(80.9)

are considered for evaluating datasets in other languages.

3.6.3 Different Languages & Multiple Taxonomies

Similar to Hindi, the tables 3.8, 3.9, 3.10, 3.11, 3.12 show the impact of TAFSIL datasets in all the
languages trained on different FgNER models across different taxonomies. As shown in the tables,
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Table 3.8: Performance of the different models trained on Marathi datasets in multiple taxonomies.

Table 3.9: Performance of the different models trained on Sanskrit datasets in multiple taxonomies.

significant improvement in F1 scores is observable over the zero-shot performances of such models.
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TAFSIL Marathi dataset in FIGER Taxonomy

Micro Macro
Model P R F1(1A%) P R F1(1A%)
D XLM | 43.47 69.68 53.97(58.9) | 43.97 71.88 54.56(63.5)
D_IB 42.69 68.81 52.71(64.1) | 44.13 68.87 53.79(64.9)

TAFSIL Marathi dataset in OntoNotes Taxonomy

Micro Macro
Model P R F1(1A%) P R F1(1A%)
D_XLM | 41.88 61.66 50.70(56.4) | 40.34 69.57 51.07(55.9)
D_IB 39.17 71.87 49.88(57.9) | 38.47 74.37 50.71(60.6)

TAFSIL Marathi dataset in HAnDS Taxonomy

Micro Macro
Model P R F1(1A%) P R F1(1A%)
D_XLM | 52.32 79.03 62.95(78.0) | 54.55 82.87 65.79(83.3)
D_IB 51.51 79.17 62.41(76.3) | 54.01 81.32 64.91(82.2)

TAFSIL Marathi dataset in MultiCoNER2 Taxonomy

Micro Macro
Model P R F1(1A%) P R F1(1A%)
D XLM | 49.36 83.73 62.10(77.9) | 50.89 81.93 62.28(77.6)
D_IB 48.57 82.81 61.23(84.9) | 49.33 81.49 61.46(82.9)

TAFSIL Sanskrit dataset in

FIGER Taxonomy

Micro Macro
Model P R F1(1A%) P R F1(1A%)
D_XLM | 27.68 53.21 36.18(99.4) 27.79 55.18 36.85(97.9)
D1IB 28.24 54.11 37.16(101.3) | 28.42 55.24 37.53(94.3)

TAFSIL Sanskrit dataset in OntoNotes Taxonomy

Micro Macro
Model P R F1(1A%) P R F1(1A%)
D_XLM | 20.05 50.56 28.07(69.3) 20.08 51.99 28.95(70.7)
D_IB 20.89 53.46 30.50(79.3) | 22.00 53.63 31.23(79.6)
TAFSIL Sanskrit dataset in HAnDS Taxonomy
Micro Macro
Model P R F1(1A%) P R F1(1A%)
D_XLM | 35.45 54.71 42.05(104.2) | 35.70 54.71 43.09(104)
D_IB 36.78 56.04 44.36(100.4) | 37.57 56.84 45.24(94.2)
TAFSIL Sanskrit dataset in MultiCoNER2 Taxonomy
Micro Macro
Model P R F1(1A%) P R F1(1A%)
D XLM | 31.35 53.40 40.20(100.4) | 32.74 53.29 40.56(95.5)
D_IB 32.74 56.03 41.03(97.3) | 32.94 55.96 41.47(96.8)

35




3.6. RESULTS & ANALYSIS

Table 3.10: Performance of the different models trained on Tamil datasets in multiple taxonomies.

TAFSIL Tamil dataset in FIGER Taxonomy

Model

Micro
P R F1(1A%)

Macro
P R F1(1A%)

D_XLM
D_IB

4131 79.29 55.23(95.5)
42.16 78.73 54.25(84.4)

4124 80.38 55.83(87.1)
41.53 79.35 55.21(79.7)

TAFSIL Tamil dataset in OntoNotes Taxonomy

Model

Micro
P R F1(1A%)

Macro
P R F1(1A%)

D_XLM
D_IB

4179 71.07 52.63(34.4)
40.48 76.58 52.96(94.1)

4345 71.67 53.93(89.8)
40.53 76.88 53.00(83.1)

TAFSIL Tamil dataset in HAnDS Taxonomy

Model

Micro

P R FIHA%)

Macro

P R FIHA%)

D_XLM
D IB

55.15 81.21 66.11(98.0)

55.27 81.40 66.87(105.5)

55.98 82.94 67.13(106)
55.23 81.38 66.34(93.1)

TAFSIL Tamil dataset in Multi

CoNER2 Taxonomy

Model

Micro

P R FI1A%)

Macro
P R F1(1A%)

D_XLM
D_IB

50.12 80.13 62.91(100.8)

50.67 81.01 63.41(105.9)

51.67 81.12 64.02(107)
51.03 80.86 63.12(97.7)

Table 3.11: Performance of the different models trained on Telugu datasets in multiple taxonomies.

TAFSIL Telugu dataset in FIGER Taxonomy

Model

Micro
P R F1(1A%)

Macro
P R F1(1A%)

D_XLM
D_IB

4559 77.74 57.48(86.1)
45.45 77.35 57.26(89.0)

4726 77.33 58.67(33.8)
46.52 76.33 57.80(84.5)

TAFSIL Telugu dataset in OntoNotes Taxonomy

Model

Micro
P R F1(1A%)

Macro
P R F1(1A%)

D_XLM
D_IB

40.69 80.24 54.00(83.6)
40.97 79.17 53.32(85.4)

41.93 80.99 54.86(34.1)
41.71 79.57 54.49(86.9)

TAFSIL Telugu dataset in HAnDS Taxonomy

Model

Micro
P R F1(1A%)

Macro
P R F1(1A%)

D_XLM
D_IB

55.97 8240 67.83(94.2)
55.44 82.21 67.11(91.9)

56.28 83.14 68.10(90.0)
55.73 83.12 67.91(91.1)

TAFSIL Telugu dataset in MultiCoNER2 Taxonomy

Model

Micro

P R FI(1A%)

Macro

P R FI(1A%)

D_XLM
D_IB

52.06 81.34 64.22(105)
50.96 80.93 63.92(106)

52.47 82.82 64.94(103.1)
51.03 81.55 64.32(104.5)
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Table 3.12: Performance of the different models trained on Urdu datasets in multiple taxonomies.

Table 3.13: Performance of the D_XLM model trained on English datasets in various taxonomies.

TH-4047 206201002

TAFSIL Urdu dataset in FIGER Taxonomy

Micro Macro
Model P R F1(1A%) P R F1(1A%)
D XLM | 60.60 73.98 66.61(95.4) | 61.93 74.19 67.51(93.8)
D_IB 59.58 75.53 66.62(96.3) | 60.40 75.88 67.25(94.0)
TAFSIL Urdu dataset in OntoNotes Taxonomy
Micro Macro
Model P R F1(1A%) P R F1(1A%)
D_XLM | 50.08 79.78 60.94(92.9) | 49.30 82.86 61.82(91.4)
D_IB 49.05 79.00 60.52(93.1) | 49.08 82.19 61.46(91.3)
TAFSIL Urdu dataset in HAnDS Taxonomy
Micro Macro
Model P R F1(1A%) P R F1(1A%)
D_XLM | 62.40 84.83 71.90(91.8) | 67.62 79.78 73.20(94.6)
D_IB 62.71 83.15 71.50(93.0) | 66.82 79.21 72.49(95.1)
TAFSIL Urdu dataset in MultiCoNER?2 Taxonomy
Micro Macro
Model P R F1(1A%) P R F1(1A%)
D XLM | 60.17 78.34 68.07(90.8) | 63.04 77.07 69.35(92.8)
D_IB 56.97 83.41 67.70(92.3) | 58.74 83.89 69.09(96.2)

TAFSIL English dataset in FIGER Taxonomy

Micro Macro
Dataset P R F1(lA%) P R F1({A%)
Public 65.66 95.59 77.84(-) 72.18 95.79 82.33(-)
TAFSIL 73.33 80.90 76.93(1.2) | 79.83 84.40 82.05(0.3)
TAFSIL English dataset in OntoNotes Taxonomy
Micro Macro
Dataset P R F1(lA%) P R  F1(lA%)
Public 62.15 65.69 63.87( -) 65.73 69.00 67.33( -)
TAFSIL 62.24 62.32 62.28(2.5) | 65.77 66.53 66.15(1.8)
TAFSIL English dataset in HAnDS Taxonomy
Micro Macro
Dataset P R F1(lA%) P R F1({A%)
Public 74.46 91.30 82.02( -) 78.71 91.18 84.49( -)
TAFSIL 73.43 91.96 81.66(0.5) | 75.11 91.75 82.60(2.2)
TAFSIL English dataset in MultiCoNER2 Taxonomy
Micro Macro
Dataset P R F1(lA%) P R F1({A%)
Public 75.73 80.20 77.90( -) 76.88 84.86 80.67( -)
TAFSIL= | 57.05 63.50 60.10(22.8) | 57.26 63.54 60.22(25.3)
TAFSILt | 72.95 82.86 77.28(0.8) | 75.73 80.82 79.18(1.8)
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Figure 3.3: Co-prediction of different profession (/person fine-entity types). Confusion between
/person/athlete and /person/coach is inevitable, as most coaches were once players, so Wikipedia-
derived datasets often contain overlapping information. Similarly, because Wikipedia mainly covers
notable personalities, many are also authors of books, blogs, or other media, leading to /person-
/author mappings for such entities.

The pattern of taxonomy is evident in all languages. OntoNotes’ three-level hierarchy makes
learning harder, resulting in lower F1 scores. Dataset size also plays a key role as larger Urdu
datasets [Table 3.12] train FgNER models more effectively than smaller Sanskrit datasets [Table
3.9]. Overall, TAFSIL datasets trained models achieve an 83% improvement in average F1 over
zero-shot performance across taxonomies.

3.6.4 TAFSIL on English

Although the TAFSIL framework is designed for Indian languages only, we have generated datasets
in English language and performed rigorous experiments (Table 3.13). When compared to equal-
sized noisy public datasets (FIGER [2], OntoNotes [27], and HAnDS [22]), our datasets are almost
equivalent, with a maximum of 2.5% reduction in F1 scores. This establishes the language adapt-
ability of the TAFSIL framework.

3.6.5 Importance of Dataset Size

Similar to the analysis on Hindi language as described in Table 3.6, we extend our analysis to the
English dataset in MultiCoNER2 taxonomy to evaluate the importance of the large size of datasets.
The TAFSIL= train set in MultiCoNER2 taxonomy is of the same size (16,778 sentences) as the
MultiCoNER2 train set in English. Whereas TAFSIL{ train set has one million sentences. By
comparing models trained on different dataset sizes (Tables 3.6 and 3.13), we demonstrate that
a large, noisy dataset, created through distant supervision method and trained with noise-aware
models, can be as effective as a smaller clean dataset. This highlights the robustness of our approach
and validates the quality of datasets created for other languages.

3.6.6 Error Analysis

Since these datasets are created using distant supervision methods, there remain some issues. One
of the major problems is that these entity mentions are often tagged with multiple entity types
instead of just one. Therefore, while training such noisy datasets, special FgNER models such as
LITE or DECENT are required which are computationally heavy. Moreover, although the context
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Table 3.14: Ablation study: Effect of Sentence selection (Stage 4) on the performance of the entity

detection models on Hindi, Marathi & Sanskrit languages in multiple taxonomies.

datasets created without the stage 4.

TAFSIL Hindi datasets

Micro Macro
Taxonomy Model F1 -S4-F1(JA%) | F1 —-S4-F1(JA%)
FIGER D XLM | 67.28 66.18(1.66) 67.95 65.92(3.08)
DIB | 67.18 65.88(1.97) | 67.78 65.45(3.56)
OntoNotes D.XLM | 63.41 61.98(2.31) 63.70 62.17(2.46)
D.1IB 63.04 61.65(2.27) 63.32 61.91(2.28)
HADS D XLM | 72.02 70.18(2.61) 72.90 72.79(2.98)
DIB | 71.38 70.08(1.86) | 73.13 71.30(2.56)
. D_XLM | 69.97 68.19(2.61 70.04 69.20(1.21
MultiCoNER2 | b ;g | 71,15 69.36%2.58; 71.22 69.94%1.83%
TAFSIL Marathi datasets
Micro Macro
Taxonomy Model F1 —=S4-F1(JA%) | F1 —S4-F1(JA%)
- D XLM | 53.97 52.15(3.49) | 54.56 53.39(2.19)
D_IB 52.71 51.65(2.04) 53.79 52.42(2.61)
OntoNotes D_XLM | 50.70 49.46(2.53) 51.07 49.67(2.81)
DIB | 49.88 48.77(2.28) | 50.71 49.23(3.00)
HADDS D XLM | 62.95 61.71(2.00) 65.79 64.25(2.40)
D.IB 62.41 60.19(3.69) 64.91 63.73(1.86)
| D_XLM | 62.10 60.70(2.30 62.28 60.89(2.29
MECoONERQUEEEY (U 60.02E2.02; 61.46 60.27%1.98%
TAFSIL Sanskrit datasets
Micro Macro
Taxonomy Model F1 =S4-F1(JA%) | F1 —S4-F1(JA%)
-, D XLM | 36.18 35.13(3.00) | 36.85 36.22(1.74)
D.IB 37.16 36.40(2.07) 37.53 36.56(2.67)
OntENotes D_XLM | 28.07 27.26(2.96) 28.95 27.47(5.39)
D 1B 30.50 29.27(4.20) 31.23 29.95(4.29)
HADS D XLM | 42.05 41.60(1.08) 43.09 41.85(2.97)
D_IB 44.36 42.70(3.88) 45.24 43.26(4.57)
. D_XLM | 40.20 38.66(3.98 40.56 39.46(2.81
MultiCoNER2 | 1y 15 | 41 03 39.2024.68% 41.47 40.20&3.17%

-S4 means

dependency is taken care of by such models, some entity mentions are co-learned and co-predicted

along with other entity types.

As shown in the correlation graph in Figure 3.3, most the entity types describing different
professions are not confused except the /person/player and /person/coach. Such confusion is quite
imminent as every coach had been a player before and hence the dataset created from Wikipedia
will contain such information. Depending on the entity mention, multiple entity types may get
mapped to the same entity mention.

Similarly, when the /person/author entity type is included in the profession list, the co-
prediction pattern changes as most of the fine entity types of /person coarse type are co-predicted
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Table 3.15: Ablation study: Effect of Sentence selection (Stage 4) on the performance of the entity
detection models on Tamil, Telugu & Urdu languages in multiple taxonomies. =S4 means datasets
created without the stage 4.

TAFSIL Tamil datasets

Micro Macro
Taxonomy Model F1 -S4-F1(JA%) | F1 —-S4-F1(JA%)
FIGER D XLM | 55.23 53.86(2.55) | 55.83 54.03(3.33)
D_IB 54.25 52.94(2.47) 55.21 53.61(2.99)
OntoNotes D_XLM | 52.63 51.49(2.21) 53.93 52.16(3.38)
DIB | 52.96 51.20(3.45) | 53.00 51.43(3.05)
HADS D XLM | 66.87 65.12(2.69) 67.13 65.28(2.83)
D_IB 66.11 64.32(2.79) 66.34 64.14(3.43)
. D_XLM | 63.41 61.35(3.35 64.02 62.17(2.98
MultiCoNER2 | 1 15 | 62.01 61.13%2.91; 63.12 61.27%3.02%
TAFSIL Telugu datasets
Micro Macro
Taxonomy Model F1 -S4-F1(JA%) | F1 —-S4-F1(LA%)
FICER D XLM | 57.48 56.32(2.05 58.67 56.65(3.55

D_IB 97.26 55.75(2.71 57.80 56.21(2.83

D_XLM | 54.00 52.27(3.30 54.86 53.61(2.33
D_IB 53.32 52.14(2.26 54.49 53.17(2.48

)
) (
OntoNotes ; é
D XLM | 67.83 65.87(2.98) 68.10 66.22(2.84
) (
) (
) (
ts

D_IB 67.11 65.27(2.82

D_XLM | 64.22 62.18(3.28 64.94 63.12(2.88

D_IB 63.92 61.29(4.29
TAFSIL Urdu datase

(

(

(

(
HAnDS ( 67.91 66.02(2.87
MultiCoNER2 (

—_ — | | — | —

64.32 62.25(3.32

Micro Macro
Taxonomy Model F1 -S4-F1(J]A%) | F1 —=S4-F1({A%)
Fron D XLM | 66.62 64.35(3.53) | 67.51 65.71(2.74)
DIB | 66.61 64.13(3.87) | 67.25 65.89(2.07)
Oreiotes DXLM | 60.94 59.56(2.32) | 61.82 60.18(2.71)
DIB | 60.52 58.75(3.02) | 61.46 59.96(2.50)
HALD DXLM | 71.90 70.19(2.44) | 73.20 71.39(2.53)
DIB | 71.50 69.97(2.18) | 72.49 70.54(2.78)
. D_XLM | 68.07 66.54(2.29) | 69.35 67.94(2.08
MultiCoNER2 | b 15 | 67.70 65.94%2.67% 69.09 67.73%2.01%

with the /person/author (Figure 3.3). Since Wikipedia articles are mostly about famous person-
alities, many of such personalities must have been authors of books, blogs, or other media, which
leads to /person/author type mapping to such entity mentions. Apart from such closely related
fine entity types, most of the models learn very efficiently when trained on TAFSIL datasets to
recognize the fine entity types distinctly without much confusions.
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3.6.7 Ablation Study

The stage 4 of the TAFSIL framework is extremely important as the removal of sentences having
undetected entities improves the FgNER model training. Table 5.5 suggests the significance of
stage 4 in all the languages across all the taxonomies. Without stage 4 (shown as =S4 in the
table 5.5), the datasets contain some undetected entity mentions, leading to deterioration in model
training. Stage 4 ensures that the final datasets must contain sentences having all the mentions
detected and mapped to the correct entity types.

3.7 Discussion

Since the TAFSIL datasets are constructed using Wikipedia, it may limit their representation of
diverse text genres, potentially impacting the performance of machine learning models in cross-
domain training and evaluation. Additionally, the size of the dataset is inherently constrained by
the volume of Wikipedia content. For many languages, Wikipedia does not exist, which limits the
applicability of the proposed TAFSIL framework. As entity types are mapped to Wikidata key
values, the TAFSIL framework may not be adaptable to taxonomies where entity types cannot be
aligned with Wikidata. Furthermore, the effectiveness of Stage 4 is contingent on the availability of
high-quality POS taggers, posing a limitation for languages lacking reliable POS tagging resources.

3.8 Conclusion

In this work, we present TAFSIL, a robust and efficient framework for generating large-scale,
fine-grained entity typing datasets across multiple Indian languages and taxonomies. We have
successfully created 24 different datasets, demonstrating the adaptability and effectiveness of our
approach. We also created 24 high-quality manually annotated gold datasets corresponding to the
languages and taxonomies considered. Our experiments on SOTA models validate the quality and
utility of these datasets, paving the way for advancements in fine-grained named entity recognition
in Indian languages.

The TAFSIL dataset is publicly available at hf.co/datasets/prachuryyallITG/TAFSIL
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Fine-grained Named Entity Recognition
through Annotation Projection

Chapter Highlights

e This chapter focuses on solving the critical lack of fine-grained Named Entity Recognition
(FgNER) resources for the vulnerable languages of India’s North Eastern Region.

e Since the taxonomy-adaptable distant supervision framework discussed in the last chapter is
limited to the unavailability of Wikipedia in vulnerable low-resource languages, this work de-
tails the creation of essential FgNER datasets for the low-resource languages Bodo, Manipuri,
and Mizo, spoken by over six million people across South and Southeast Asia.

e This chapter presents a methodology that utilizes annotation projection from high-resource
FgNER datasets via parallel corpora and a multilingual encoder tool to generate new FgNER
data.

e The work includes the validation of the new, high-quality dataset, and an exploration of zero-
shot and cross-lingual FgNER performance, examining the impact of script similarity and
multilingualism.

e This chapter is based on the publication “FiINERVINER: Fine-grained Named Entity Recog-
nition for Vulnerable languages of India’s North Eastern Region” published in “Proceedings
of the Fifteenth biennial Language Resources and Evaluation Conference (LREC) 2026”.

e The FINERVINER dataset, associated fine-tuned models and interactive web application are
publicly available at hf.co/collections/prachuryyalITG/finerviner.

4.1 Introduction

Despite considerable progress in coarse-grained NER for Indian languages [34, 75, 86, 87|, the
development of FgNER resources for these languages remains in its early stages. Recent initiatives,
such as the MultiCoNER2 shared task at SemEval-2023 [131], have introduced FgNER datasets
for Hindi and Bengali through translated English annotations [3]. Similarly, the TAFSIL initiative
generated noisy FgNER data for six other Indian languages by mining Wikipedia links and Wikidata
[29]. Since Wikipedia is unavailable for many vulnerable languages such as Bodo, Manipuri, and
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4.2. RELATED WORKS

Mizo, the TAFSIL framework described in the Chapter 3 could not be applied to create datasets
in such low-resource languages. Therefore, comprehensive and high-quality fine-grained resources
remain scarce for most low-resource Indian languages.

To address this gap, we create FINERVINER: Fine-grained Named Entity Recognition dataset
for Vulnerable languages of India’s North Eastern Region. We have projected the FgNER, annota-
tions of the MultiCoNER2 English dataset to the target languages, utilizing the parallel corpora and
a multilingual encoder-based annotation projection and word alignment tool [142, 143]. The vul-
nerable languages [127] considered are: Bodo/Boro (brz), Manipuri/Meitei (mni), and Mizo/Lushai
(lus), and are regarded as one of the official languages in the Indian states of Assam, Manipur, and
Mizoram, respectively. These Sino-Tibetan languages are spoken by more than six million people
across five countries in South and Southeast Asia. To the best of our knowledge, this is the first
FgNER dataset created for these three vulnerable languages. Our contributions can be summarized
as follows:

1. Construction of a large-scale FgNER dataset FINERVINER comprising over a total of
700k sentences, 963k entity mentions, and 11M tokens for three low-resource and vulnerable Indian
languages: Bodo/Boro (brx), Manipuri/Meitei (mni), and Mizo/Lushai (lus).

2. Creation of high-quality human-annotated test sets consisting of 1000 sentences for each
language with inter-annotator agreement (x) above 0.81.

3. Our rigorous analyses establish the good quality of the generated dataset.

4. Zero-shot and cross-lingual analysis to examine the influence of multilingualism and script
similarities on cross-lingual FgNER, performance.

4.2 Related Works

Sekine and Nobata (2002) [96] pioneered fine-grained entity classification with a hierarchy of 150
types, and Ling and Weld (2012) [2] advanced fine-grained named entity recognition (FgNER) by
defining 113 types in a two-level hierarchy. Since then, FgNER datasets have varied in entity type
count and complexity: e.g. ACE has 52 types [39], BBN has 93 [97], OntoNotes has 88 [27], and
HYENA has 505 [98]. Meanwhile, large-scale resources like WikiSense [99], FINET [100], UFET
[23], and TypeNet [101] offer thousands of categories. [22] improved quality with language-specific
heuristics and refined selection, whereas [33] provides a large, manually annotated dataset covering
66 fine-grained types.

Yarowsky et. al [66] pioneered entity projection using parallel corpora and word alignment,
yet zero-shot transfer remains limited for linguistically distant languages [81], especially when
structural and word order differences are significant [80]. Annotation projection has been widely
used for dependency parsing [67], relation extraction [68], and NER [74, 123]. To address the need
for larger, more diverse datasets in Indian languages, Naamapadam [75] was developed for 11 Indian
languages via annotation projection from English NER data, utilizing Samanantar parallel corpora
[77] and word alignment techniques [78, 79].

An early step in developing NER resources for Indian languages was the [JCNLP-2008 dataset
[59], which provided data for Hindi, Bengali, Oriya, Telugu, and Urdu and became a key resource
in early Hindi NER research [60, 61, 62, 63, 64]. The FIRE-2014 dataset [65] expanded coverage
to Tamil and Malayalam using sources like Wikipedia, blogs, and forums. Polyglot NER further
contributed by covering over a hundred languages [16]. WikiANN spans 282 languages, including
16 Indian languages [17]. Subsequent manual annotation efforts produced datasets such as HINER
[34], AsNER [86], MahaNER [87], EverestNER [88], OurNepali [144], NER in Bengali [89], NER in
Telugu [90], Maithili [94], Bishnupriya Manipuri [91, 92], Bodo [93], etc. MultiCoNER-1 [24] and
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FgNER dataset in Projected Annotation to Target
Source Language language for final dataset
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Figure 4.1: Annotation projection from FgNER dataset in source language to target language
utilizing parallel corpora with annotation projection and word alignment tool.

MultiCoNER-2 [3] created datasets in Hindi and Bengali, by translating English coarse-grained
and fine-grained NER datasets, respectively. In the SemEval-2023 shared task, multiple teams
[103, 104, 105, 106] further enhanced these resources in Hindi and Bengali. The TAFSIL framework
[29] as described in Chapter 3 Recentlyutilized Wikipedia links and Wikidata to produce noisy
FgNER datasets covering six Indian languages (Hindi, Marathi, Sankrit, Tamil, Telugu, and Urdu)
across four taxonomies. Despite these advancements, resources in vulnerable Indian languages
remain scarce, underscoring the need for more multilingual FgNER datasets.

4.3 Annotation Projection

As illustrated in the Figure 4.1 and Algorithm 2, the annotation projection method is a three-
component process that leverages a high-resource source language (src). This language pro-
vides both an annotated FgNER dataset Dg.. = {(sgn)c,yg)c) Z»]L and a parallel corpus PC =
{(sgn)c, sgz)t) N | that comprises sentence pairs aligned with the target language (tgt).

The projection process is executed for each parallel pair (sgpe, Stgr) € PC and involves the
following steps:

1. Embedding Computation: A pretrained multilingual encoder M is fine-tuned on the
parallel corpus PC to produce contextual embeddings EB,. = M E(ssc) and EByg = M E(s44¢)
for the source and target sentences, respectively.

2. Alignment Mapping: A word alignment service, A(Sgre, Stgt), leverages these embeddings
to generate a mapping, mapping, from source-sentence tokens to target-sentence tokens:

mapping = A(Ssre, Stgt) using EBg,.. & EBy.

3. Annotation Projection: The source annotation sequence ys.. is projected to the target
sentence by setting the annotation for each token j in sy as yt(;g = ygi,’;“p ping ! (J )| This operation is
performed iteratively for all tokens in the target sentence, yielding a complete annotation sequence
Ytgt-

4. Dataset creation for target language: The newly created pair (s¢g¢, y1g¢) is included to
create the final FgNER dataset in the target language, Dyg.
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Algorithm 2: Annotation Projection

Symbols:

e MFE: Pretrained multilingual encoder.
e N: Number of sentences per dataset.

e y: List containing FgNER annotations for each token of sentence s.

e D= {(sl Y )) i~ .- FgNER dataset of size IV in language .

e src,tgt: Source and Target languages respectively.

o PC = {(ssrc, tg)t) : Parallel corpora.

o A(Ssre, Stgt): Annotation alignment service produces a mapping.

® Yigt: Annotation sequence for Stgt-

® Dyt = {(Stgt, ytgt)} : Final target FgNER dataset of size N.
Algorithm:

1. for each (sgr¢, Stgt) € PC do

2 Compute embeddings: EB,,c = ME(Sg), EBtgt = M E(s44¢)

3 Obtain alignment mapping: mapping = A(Ssrc, Stgt) using EBg,. & EBygy
4 for each token j in sy5 do

5. Project annotation: ygz = ygﬁé“ppmg_l(m
6 end for
7. Update (sigt, Yigt) t0 Digt
8. end for

4.3.1 Implementation Details

We use the MultiCoNER2 [3] dataset, which provides 33 fine-grained entity types across 12 lan-
guages. For our setup, English served as the source language (src), while the target languages (tgt)
are Bodo (brx), Manipuri (mni), and Mizo (lus). To obtain the necessary parallel corpora (PC),
we used the BPCC corpora [145] for Manipuri and Bodo, which is augmented with additional re-
sources from [146, 147]. The parallel corpus used for Mizo is the Mizo—English parallel corpus [148].
Following Naamapadam [75], we adopted AWESoME align [142] as A, fine-tuned on the English
MultiCoNER2 dataset (Ds,.). Finally, we used different multilingual encoders (M E) for our target
languages. For Bodo and Manipuri, we fine-tuned IndicBERTv2 [149], as it is the only encoder pre-
trained on all three languages (English, Bodo, and Manipuri). Since the Mizo language is written
using the Latin script (similar to English), the MizBERT [122] utilized the BERT-base [82] tok-
enizer on English and then pre-trained on a large-scale Mizo corpus [122]. Therefore, we have used
MizBERT as multilingual encoders (M E) for our target language Mizo. With the implementation
as mentioned above, the FINERVINER dataset is generated.

TH-4047 206201002 46



4. FINE-GRAINED NAMED ENTITY RECOGNITION THROUGH ANNOTATION
PROJECTION

Table 4.1: FINERVINER dataset statistics. Sent, Ent and Tkn means number of Sentences,
Entities and Tokens respectively.

Train Set Development Set Test Set
Language Sent Ent Tkn Sent Ent Tkn Sent Ent Tkn
Bodo (brx) 212,835 302,713 2,958,455 | 23,649 33,808 329,145 | 1,000 1,423 14,082
Manipuri (mni) | 177,224 252,767 2,515,386 | 19,692 28,143 279,681 | 1,000 1,384 14,330
Mizo (lus) 239,813 302,713 4,422,373 | 26,646 38,330 484,212 | 1,000 1,426 18,765

Table 4.2: FINERVINER Gold Test Set. IAA (k) gives the inter-annotator agreement.

Language | Bodo | Manipuri | Mizo
TAA (k) 0.875 0.811 0.821

4.4 FINERVINER Dataset

As shown in Table 5.1, the created FINERVINER dataset consists of more than 198 thousand
sentences, 282 thousand entity mentions, and 2.8 million tokens in each of the three low-resource
vulnerable Indian languages. We randomly pick 1000 sentences from the dataset for manual anno-
tation. From the rest of the dataset, 10% is considered as the development set and the remaining
as the training set.

4.4.1 Gold Test Set

Volunteer annotators, who have a minimum education of an undergraduate degree, are chosen
based on their mother tongue. We compute inter-annotator agreement (IAA) on the 1000 sentences
annotated by two annotators for each language. As shown in the Table 4.2, the good quality of
these gold datasets can be ascertained based on the Cohen’s kappa coefficient (k) [150], which is
above 0.81 for each language.

4.4.2 Entity Type Frequency Distribution

As shown in Figure 4.2, more number of entity mentions are detected for the fine types of Person
(e.g. Artist) and Location (e.g. HumanSettlement). Since Artist type includes the mentions of
musicians, actors, directors, authors, etc, the count is the highest among all the fine entity types.
Similarly, very specific fine types such as AerospaceManufacturer, Drink, AnatomicalStructure,
etc., are very scarce. Similar trends can be observed across all three languages.

4.5 Experimental Setup

The state-of-the-art approach for sequence labeling tasks involves fine-tuning pre-trained language
models (PLM) with the NER datasets [24, 34, 75, 86, 87, 88, 95, 123, 124]. Similarly, we have fine-
tuned mBERT (bert-base-multilingual-cased) [82], IndicBERTv2 (IndicBERTv2-MLM-Sam-TLM)
[149], MuRIL (muril-large-cased) [84], XLM-RoBERTa (XLM-RoBERTa-large) [83], and MizBERT
[122] for fine-grained NER using the Hugging Face Transformers! library. The models were trained
for six epochs with a batch size of 32, utilizing AdamW optimization (learning rate: 5e-5, weight

"https://huggingface.co/docs/transformers
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Entity Counts of FINERVINER Mizo dataset
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Figure 4.2: Entity type frequency distribution of the FINERVINER Mizo dataset. Each color
depicts the coarse-grained type, and each bar depicts the corresponding fine-grained types.

decay: 0.01). Training was performed on an NVIDIA A100 GPU, with evaluation based on SeqEval
metrics, and the best performance determined by the F1l-score.

4.6 Results & Analysis

The following subsections cover the analyses of PLM’s performance fine-tuned on the FINERVINER
dataset, cross-lingual zero-shot evaluation, the Impact of multilingualism and script similarity, and
entity-specific error analyses. The best model performance values (F1 scores) for every language
are in bold, and the second-best values are underlined.

4.6.1 Performance of PLMs Fine-tuned on FINERVINER Dataset

Multilingual encoder model IndicBERTVv2 is the only PLM pre-trained on Bodo (brx) and Manipuri
(mni). Table 4.3 shows the performance of IndicBERTv2 fine-tuned on FINERVINER is superior.
Similarly, the MizBERT’s performance is superior when fine-tuned on Mizo (lus) as it is pre-
trained on the same language. Although the multilingual PLMs mBERT, XLM-RoBERTa and
MuRIL were not pre-trained on any of these three language, their performance is good after fine-
tuned with the high-quality FINERVINER dataset. In fact, an interesting result is observed in
the case of the Mizo language. The Mizo language is written using the Latin script (similar to
English, German, Spanish, French, Italian, Portuguese, etc.), and Bodo and Manipuri are written
using Devanagari and Meitei scripts, respectively. Although the Mizo language was unseen during
pre-training of mBERT, XLM-RoBERTa, MuRIL, and IndicBERTv2, the models could perform
significantly better than other languages in the FgNER task due to the massive pre-training on the
languages written using the Latin script. Also, since the MizBERT utilized BERT-base tokenizer
on English and then pre-trained on only the Mizo language, its performance on Mizo is superior
but quite inferior on the languages written with other scripts than the Latin script [Table 4.3].
Based on these observations, we have conducted cross-lingual zero-shot analysis, which is described
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Table 4.3: Performance of different models fine-tuned on FINERVINER, dataset. The best model
performance values (in terms of F1 scores) for every language are in bold, and the second-best
values are underlined.

Micro Macro
Language Model P R F1 P R F1
mBERT 59.04 61.20 60.17 | 59.33 62.11 60.61
XLM-RoBERTa | 61.02 62.17 61.82 | 60.04 61.73 60.89
Bodo (brx) MuRIL 60.96 63.31 61.98 | 60.22 63.08 61.46
IndicBERTv2 63.85 67.57 65.66 | 62.37 65.57 64.02
MizBERT 41.31 38.96 40.10 | 39.81 37.61 38.68
mBERT 56.63 57.14 56.89 | 56.40 56.77 56.59
XLM-RoBERTa | 57.41 58.72 58.06 | 56.93 57.77 57.34
Manipuri (mni) | MuRIL 58.32 60.04 59.17 | 57.16 59.28 5&.11
IndicBERTv2 60.49 64.42 62.39 | 61.39 63.34 62.02
MizBERT 39.37 37.07 38.19 | 38.76 35.97 37.32
mBERT 79.73 80.99 80.36 | 79.53 79.43 79.25
XLM-RoBERTa | 80.33 81.83 81.07 | 81.30 80.92 80.89
Mizo (lus) MuRIL 7851 81.36 7991 | 77.19 77.60 77.02
IndicBERTv2 76.66 78.62 77.63 | 77.84 76.81 76.61
MizBERT 79.51 81.11 80.30 | 78.29 80.28 79.04

in the following section.

4.6.2 Entity Type Specific Performance of PLMs Fine-tuned on FiNERVINER
Dataset

Table 4.4 shows the entity type-specific F1 scores of the best fine-tuned model for each language.
Performance generally improved for entity types with more training samples (e.g., HumanSettle-
ment). Interestingly, the low performance for the well-sampled OtherPER entity type is likely due
to confusion with finer-grained entity types like Artist, Athlete, and Politician, as detailed in the
4.6.6 Error Analysis section.

4.6.3 Cross-Lingual Zero-Shot Analysis

We have performed cross-lingual zero-shot analysis for every single language pair. As shown in
Figure 4.3, the models are fine-tuned on datasets of respective languages and tested on the test set
of other languages. As expected, the best performance of a model is found when it is fine-tuned
on a particular language and tested on the same language. A model’s performance is quite inferior
on an unseen language. For example, when mBERT, XLM-RoBERTa, and MuRIL are fine-tuned
only on Bodo (brx) or Mizo (lus), their zero-shot performance is very poor on the Manipuri (mni)
test set. Similarly, when these models are models are fine-tuned on Manipuri (mni), their zero-shot
performance on Bodo (brx) is quite inferior. But, interestingly, due to the pre-training on languages
written using the Latin script, the zero-shot performance on Mizo (lus) is comparatively better.
Moreover, if the PLM is pre-trained on a language, then its zero-shot performance improves. This is
observed in the case of IndicBERTv2. Since IndicBERTv2 is pre-trained on 26 languages, including
Manipuri, Bodo, and English, its zero-shot performance is better than the other three multilingual
PLMs.
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Table 4.4: Entity-type specific performance of the best fine-tuned models fine-tuned on each lan-
guage in the FINERVINER dataset.

Bodo (brx) Manipuri (mni) Mizo (lus)

Entity Type P R F1 P R Fi P R Fi

AerospaceManufacturer | 69.61 51.74 58.23 | 69.23 56.25 62.07 | 94.12 84.21 88.89
AnatomicalStructure 80.77 75.01 77.78 | 75.00 78.95 76.92 | 95.83 98.12 97.23
ArtWork 60.71 36.42 44.74 | 65.02 35.14 45.61 | 90.91 66.67 76.93
Artist 72.40 80.51 76.24 | 71.90 80.32 75.88 | 82.89 &85.16 84.01
Athlete 74.60 77.99 76.26 | 75.18 78.28 76.70 | 76.54 81.58 78.98
CarManufacturer 56.72 67.86 61.79 | 44.23 67.65 53.49 | 88.89 94.12 92.39
Cleric 65.52 51.82 57.87 | 52.94 43.90 48.02 | 61.54 53.33 57.14
Clothing 61.36 61.36 61.36 | 59.46 52.38 55.70 | 98.89 94.44 97.14
Disease 61.26 60.18 60.71 | 66.67 64.10 65.36 | 83.33 75.00 78.95
Drink 63.04 53.70 58.02 | 65.51 50.02 56.76 | 98.00 98.00 98.00
Facility 69.96 73.24 71.56 | 70.52 75.31 72.84 | 87.04 85.45 86.24
Food 67.74 61.32 64.37 | 52.54 57.41 54.87 | 84.62 95.65 89.80
HumanSettlement 86.25 86.91 86.58 | 83.77 85.25 84.25 | 91.20 95.80 93.44
MedicalProcedure 68.37 69.79 69.07 | 64.44 70.73 67.44 | 95.00 98.04 97.34
Medication/Vaccine 76.82 84.67 80.56 | 65.22 75.00 69.77 | 94.35 95.90 95.12
Musical GRP 61.45 70.34 65.60 | 63.64 71.80 67.47 | 82.50 89.19 85.71
MusicalWork 73.11 70.78 71.93 | 69.18 69.59 69.36 | 79.17 77.55 78.35
ORG 63.73 66.39 65.03 | 64.85 64.58 64.35 | 73.86 87.50 80.03
OtherLOC 55.00 48.53 51.56 | 46.90 50.75 48.75 | 58.51 60.44 59.46
OtherPER 46.83 32.74 38.54 | 36.00 30.08 32.83 | 42.85 35.29 38.71
OtherPROD 49.62 48.53 49.07 | 51.14 45.03 47.97 | 93.18 85.17 89.13
Politician 52.61 50.68 51.63 | 60.13 53.80 56.79 | 63.16 69.23 66.06
PrivateCorp 46.66 50.72 48.53 | 47.19 48.80 47.98 | 84.62 73.33 78.57
PublicCorp 45.86 52.75 49.48 | 49.27 53.97 51.55 | 80.77 72.41 76.36
Scientist 49.10 53.37 51.14 | 46.90 50.75 48.75 | 58.51 60.44 59.46
Software 61.86 67.42 64.52 | 58.82 66.67 62.50 | 83.33 96.15 89.29
SportsGRP 86.49 86.49 86.49 | 83.28 86.92 87.60 | 90.00 90.00 90.00
SportsManager 75.44 58.90 66.15 | 77.27 62.97 69.39 | 84.62 68.75 75.86
Station 79.76 79.76 79.76 | 72.31 82.46 77.05 | 94.74 90.00 92.31
Symptom 58.33 57.14 57.73 | 71.05 60.04 65.26 | 93.75 93.75 93.75
Vehicle 54.42 54.42 54.42 | 45.61 60.47 52.05 | 81.82 85.71 83.72
VisualWork 70.08 72.25 71.15 | 68.57 67.80 68.19 | 78.33 78.33 78.33
Written Work 77.29 75.32 76.29 | 75.72 80.87 78.22 | 83.93 88.68 86.24

We have extended the zero-shot analysis to Bengali (bn), English (en), and Hindi (hi) lan-
guages, utilizing the publicly available MultiCoNER2 dataset [3]. Since all these multilingual PLMs
are pre-trained on these three high-resource languages, their zero-shot performances are superior
compared to the zero-shot performances of the low-resource vulnerable languages.

4.6.4 The Impact of Script Similarity

We further investigate the impact of script similarity for the FgNER task. As already discussed
previously, the influence of the Latin script is imminent on the Mizo language. Similar observations
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Figure 4.3: Zero-shot performance (micro F1) of fine-tuned mBERT, XLM-RoBERTa, MuRIL, and
IndicBERT models on different test languages.

are shown in Fig. 4.3 in the case of English (en) and Hindi (hi). As Bodo (brx) and Hindi (hi) are
written using the Devanagari script, the zero-shot performance of Hindi improves on models fine-
tuned on Bodo due to the script similarity. Similarly, we observe that the zero-shot performance of
English is superior in the case of Mizo compared to other fine-tuned models due to the Latin script
similarity. Named entities are nouns that mostly do not change spellings based on the language.
Therefore, if two languages are written using the same script, then even though there may be
grammatical and linguistic divergences, the detection of the entities is facilitated by the unchanged
spelling. This is the reason why the zero-shot performance on languages written with a similar script
improves. This is further established by the zero-shot performance of Bengali (bn), which is nearly
consistent in any individual PLMs across all the fine-tuned variations. The effect of fine-tuned
models is negligible as Bengali is written using a completely different script (Bengali-Assamese
script), and its zero-shot performances are completely governed by the inclusion of Bengali during
the pre-training of such PLMs.

4.6.5 Multilingualism

Our analysis extends to evaluating multilingualism. We constructed a balanced set (all3) com-
prising all three languages Bodo, Manipuri, and Mizo, ensuring an equal number of samples per
language. As seen in the Figure 4.3, there is significant improvement over zero-shot performances
in every encoder model when fine-tuned with all the languages and tested on individual languages.
Since the all3 train set has samples of Bodo and Mizo, the zero-shot performance of Hindi and
English improved due to the script similarity as discussed in the previous section. These results
suggest the necessity of language-specific pre-training and task-specific fine-tuning.

4.6.6 Error Analysis

Fine-grained named entity recognition is crucial, as entity types may vary by context. Therefore,
we have analyzed the errors in two different approaches. Table 4.5 shows the details of entity
errors in terms of the percentage of predicted entities. The common errors that occur include
the boundary error (such as “Incredibles” is marked as VisualWork instead of “The Incredibles”),
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Table 4.5: Entity errors in terms of the percentage of predicted entities for different languages
fine-tuned on IndicBERTv2.

Entity Error Type | Bodo | Manipuri | Mizo
Boundary mismatch | 9.27 11.46 4.43
Type mismatch 14.41 | 15.23 11.75
Spurious entity 2.67 2.21 0.84

Entity Confusion Matrix for Manipuri (mni) language.
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Figure 4.4: Entity type confusion matrix of Manipuri (mni) language. Darker squares depict the
entity type pairs often confused by the fine-tuned model.

entity type mismatch error (e.g. “Nissan Cherry” is categorized as Food instead of Vehicle) and
spurious errors (such a “blue” is marked as an entity whereas the entity type color is not defined in
MultiCoNER2 taxonomy). Entity boundary mismatch errors and entity type mismatch erros are
highest in Manipuri (mni), whereas spurious entity errors occur the most in Bodo (brx).
Moreover, we have analyzed the often co-predicted fine-grained types. From Table 4.5, we have
selected Manipuri (mni) for this analysis as this language has the highest percentage of mismatch
entity types. As shown in Figure 5.6 the fine types of Artist, Athlete, Politician are sometimes
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confused with OtherPER. Similarly, Symptom is sometimes confused with Disease. Apart from
such closely related fine entity types, most of the other fine entity types are learned by the models
without much confusion.

4.7 Discussion

Despite the encouraging results of this study, it is important to acknowledge certain limitations that
require further investigation. It is essential to recognize that the characteristics of the generated
dataset are directly dependent on the characteristics of the source FgNER dataset; any inherent
biases or specificities within this dataset have the potential to influence the generated dataset.
Second, the volume and quality of the generated dataset are inherently linked to the availability
of parallel corpora and the specific selection of the annotation projection tool and multilingual
encoder models. Therefore, further investigation of the impact of different combinations of these
tools and models remains a crucial direction for future research. Finally, a comprehensive analysis
of the performance of Large Language Models (LLMs) on the FgNER task, both in a zero-shot
setting and after fine-tuning with the FINERVINER dataset, represents a crucial avenue for future
work to benchmark our approach against state-of-the-art techniques.

4.8 Conclusion

The generated FINERVINER dataset by projecting English MultiCoNER2 annotations to the tar-
get language, utilizing the parallel corpora and a multilingual encoder-based tool for annotation
projection and word alignment. The dataset comprises over 198k sentences, 282k entities, and 2.8M
tokens in each low-resource vulnerable language: Bodo, Manipuri, and Mizo. As the first FgNER
dataset for these languages created via an annotation projection method, extensive experiments
validate its quality. Cross-lingual zero-shot analyses underscore the need for language-specific pre-
training and task-specific fine-tuning. Moreover, the impact of the script used for writing a language
is imminent in these analyses, which paves the way for future research.

The FINERVINER dataset, associated fine-tuned models and interactive web application are pub-
licly available at hf.co/collections/prachuryyalITG /finerviner
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Cross-Lingual Annotation Projection
Enhancement through Script Similarity for
Fine-grained Named Entity Recognition

Chapter Highlights

e The chapter introduces CLASSER, a cross-lingual annotation projection framework enhanced
through script similarity to create a high-quality Fine-grained Named Entity Recognition
(FgNER) dataset for low-resource languages.

e Based on the observations from the previous chapter, the CLASSER framework employs a
two-stage process that specifically leverages datasets from script-similar languages to refine
and improve the projection of annotations from high-resource sources.

e The framework is successfully applied to generate a substantial dataset of over 1.8 million
sentences for five low-resource Indian languages, including Assamese, Bodo, Marathi, Nepali,
and Sanskrit.

e Rigorous analysis confirms the dataset’s quality, demonstrating significant F'1 score improve-
ments (up to 26% in Marathi and 46% in Sanskrit) and providing insights into the impact of
script similarity on cross-lingual FgNER performance.

e This chapter is based on the publication “CLASSER: Cross-lingual Annotation Projection en-
hancement through Script Similarity for Fine-grained Named Entity Recognition” published
in “Proceedings of the 14th International Joint Conference on Natural Language Processing
and the 4th Conference of the Asia-Pacific Chapter of the Association for Computational
Linguistics (IJCNLP-AACL 2025)”.

e The CLASSER dataset, associated fine-tuned models and interactive web application are
publicly available at hf.co/collections/prachuryyalITG/CLASSER.

5.1 Introduction

While coarse-grained NER for Indian languages has seen considerable progress, fine-grained NER
(FgNER) only began to emerge recently. The MultiCoNER2 [3] shared task at SemEval-2023
introduced FgNER datasets for Hindi and Bengali via translated English annotations [131]. As
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5.1. INTRODUCTION
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Figure 5.1: Mlustration of CLASSER Framework. First, the annotations are projected from the
FgNER dataset in the source language to the target language, utilizing parallel corpora with an-
notation projection and a word alignment tool. Second, the projected annotations are enhanced
through FgNER datasets in script-similar languages.

described in Chapter 3, the distant supervision framework TAFSIL was used to create large-scale
FgNER datasets in various Indian languages utilizing Wikipedia and Wikidata. But such datasets
are often noisy, their size depends on the size of Wikipedia, and they require computationally
expensive noise-aware models. To mitigate the lack of datasets in vulnerable languages, in Chapter
4, the annotation projection method was used. Although the data scarcity issue could be alleviated,
the existence of noise due to cross-lingual annotation projection impacts the quality of the generated
dataset. Moreover, despite these advances, comprehensive and high-quality fine-grained resources
still remain scarce for most low-resource Indian languages.

To address this gap, we present CLASSER: Cross-lingual Annotation Projection framework
enhanced through Script Similarity for Fine-grained Named Entity Recognition. As shown in Figure
5.1, in Stage 1, we project English MultiCoNER2 annotations to the target language using BPCC
parallel corpora [145] and a multilingual encoder-based annotation projection and word alignment
tool [142, 143]. In stage 2, we introduce a confidence-score-based cross-lingual refinement method
that utilizes an auxiliary NER model fine-tuned on script-similar languages. For example, although
Hindi (Indo-European language) and Bodo (Sino-Tibetan language) are typologically distinct, their
shared Devanagari script allows us to significantly enhance the Bodo FgNER annotations using the
available MultiCoNER2 FgNER dataset in Hindi. Figure 5.1 shows an example of annotation
refinement from projected entity type B-ArtWork to B- Written Work based on the FgNER, dataset
in auxiliary language. We apply the CLASSER framework to generate FgNER, dataset in five low-
resource languages, including Assamese (as), Marathi (mr), Nepali (ne), Sanskrit (sa), along with
a vulnerable language Bodo (brz) [127].

Our contributions can be summarized as follows:
1. Development of CLASSER framework for cross-lingual annotation projection with script-
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similarity-based refinement to create high-quality FgNER datasets.

2. Construction of a large-scale FgNER dataset comprising of 1.8M sentences, 2.6M entity
mentions, and 24.7M tokens for five low-resource Indian languages: Assamese (as), Bodo (brx),
Marathi (mr), Nepali (ne), and Sanskrit (sa).

3. Creation of a high-quality human-annotated test set consisting of 1000 sentences for each
language with inter-annotator agreement (k) above 0.86.

4. Our rigorous analyses establish the effectiveness of the proposed method and the good
quality of the generated dataset, which has achieved 26% and 46% improvement in F1 scores over
equal-sized TAFSIL [29] datasets in Marathi and Sanskrit, respectively.

5. Zero-shot and cross-lingual analysis to examine the influence of multilingualism and script
similarities on cross-lingual FgNER performance.

5.2 Related Works

[96] first introduced fine-grained entity classification with 150 entity types in a multi-level hierar-
chy. Subsequent FgNER resources vary widely in entity type granularity: ACE (52 types) [39],
BBN (93 types) [97], HYENA (505 types) [98], FIGER (113 types) [2], and OntoNotes (88 types)
[27]. Large-scale resources like WikiSense [99], FINET [100], TypeNet [101], and UFET [23] pro-
posed thousands of entity types. [22] improved quality with language-specific heuristics and refined
selections, whereas [33] provides a large, manually annotated dataset covering 66 fine-grained types.

Early Indian-language NER began with IJCNLP-2008 for Hindi, Bengali, Oriya, Telugu, and
Urdu [59], and further enhanced by [60, 61, 62, 63, 65]. Polyglot NER [16] and WikiANN [17]
extended coverage to many languages, including a few Indian languages. Manually annotated
corpora include NER in Bengali [89], Telugu [90], Maithili [95], Hindi [34], Assamese [86], Marathi
[87], Nepali [88], Bishnupriya Manipuri [92], Bodo [93] etc.

Yarowsky et. al [66] pioneered projection via parallel corpora, but zero-shot transfer struggles
with typological distance [80, 81|, and cross-lingual encoders [83, 151] have not closed the gap yet
[78]. [75] used Samanantar corpora [77] and word alignment [78, 79] to project English NER to
eleven Indian languages. More broadly, projection-based translation was used to generate NER
resources across various languages [69, 70, 71, 72, 73, 76], and capitalization of script similarity
boosted low-resource translation, Parts-of-Speech tagging, and NER [152, 153, 154, 155].

MultiCoNER-1 [24] and MultiCoNER2 [102] produced Hindi and Bengali datasets via trans-
lated English annotations, which were further improved by SemEval-2023 shared-task participating
teams [103, 104, 105, 106]. The TAFSIL framework [29] as described in Chapter 3 utilized Wikipedia
links and Wikidata to produce noisy FgNER datasets covering six Indian languages (Hindi, Marathi,
Sankrit, Tamil, Telugu, and Urdu) across four taxonomies. Despite these advances, high-quality
multilingual FgNER resources for most Indian languages remain scarce.

5.3 Methodology

5.3.1 CLASSER Framework

The proposed framework CLASSER. adopts a two-stage approach that incorporates three distinct
categories of languages, as illustrated in Figure 5.1. The high-resource source language (src) pro-
vides both an annotated FgNER dataset and parallel corpora comprising sentence pairs aligned
with the target language (tgt). The source language, however, differs notably from the target
language in terms of grammatical structure and script. In contrast, an auxiliary language (aux)
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is characterized by the availability of an annotated FgNER dataset written in a script similar to
that of the target language, but it lacks corresponding parallel sentence pairs with the target lan-
guage. For a language [, the FgNER dataset D; = {(Sl( ),yl( )) N | consists of N samples where
each sentence s is paired with its corresponding annotation sequence y. For the source language
src, we possess both FgNER dataset Dg,. and a parallel corpus having source-to-target language
aligned-sentence pairs, PC = {(sgz}c, sg)t) i1 The auxiliary language provides only the FgNER
dataset Dgqz, sharing its script with tgt but offering no additional parallel data.

Stage 1 (Annotation Projection):

As per the Algorithm 3, we first fine-tune a pretrained multilingual encoder M E on parallel corpora
P so that it learns to produce contextual embeddings EB,. = M E(sg.c) and EByg = M E(s44¢) for
source and target languages, respectively. For each parallel pair (sspc, sig¢t) € PC, a word alignment
service A(Sspc, Stgt) leverages EBg,. and EByg to yield a mapping from source-sentence tokens

to target-sentence tokens based on the FgNER dataset in the source language (Ds,.). We then

transfer each source annotation sequence yg.. to the target sentence by setting yt(;g = yg’,?,ﬁ“” ping” (7))

for every token j in the target sentence s;4;. This produces an initial annotation sequence ;4 for
each target sentence, which may be noisy due to alignment errors, script mismatches, or syntactic
divergences.

Stage 2 (Annotation Refinement):

To correct such projection noise, we exploit the observation that many named entities retain nearly
identical orthographic forms when expressed in the same script, even across grammatically distinct
languages. The semantics of entities are already captured by a pre-trained multilingual encoder
during fine-tuning on a language written using a similar script. Although other factors, such as
typological differences between languages, play a role in various NLP tasks, we have found that
leveraging shared script characteristics is highly effective for the FgNER task. We therefore intro-
duce a refinement stage driven by an auxiliary language (auz) whose writing system matches that
of the target language. A multilingual encoder model M E,,,, is fine-tuned on the auxiliary FgNER
dataset Dgy;. When applied to each target sentence s;y, for every token j, ME,,; outputs a
discrete probability distribution probays(j) = M Equz(stg)[j] and an auxiliary annotation sequence

itgt- The maximum probability of the auxiliary annotation yt(;z for the jth token is denoted as
proba(j).

auxr
We then apply a refinement function:

() =GN — ygz’ if proby;'(j) = 7 and ytgt # ytgt7
f(ytgt7ytgt) =93 ()
Uit otherwise.

where 7 is a confidence threshold. For every token j, the refinement function selectively replaces the

initial projected label yt(] ) with the auxiliary label yt(;z only when the auxiliary annotation is both

confident (i.e. prob'®¥(j) > 7) and disagrees with the initially projected annotation (i.e. ygz #*

aux
gjgz) The result is the final refined annotation yggz for each token j, i.e. ygz =f (ygz, yt(;z)

(4)

Finally, aggregation of all sentence—annotation pairs (sgz,)t,??tgt) produces the fully refined
target-language dataset of size V:

il = {(sigrs Trgh) Hioy
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5. CROSS-LINGUAL ANNOTATION PROJECTION ENHANCEMENT THROUGH SCRIPT
SIMILARITY FOR FINE-GRAINED NAMED ENTITY RECOGNITION

Algorithm 3: CLASSER Framework

Symbols:

e MFE: Pretrained multilingual encoder.

e N: Number of sentences per dataset.

e y: List containing FgNER annotations for each token of sentence s.
° {(sl ,yl ) ;v .. FgNER dataset of size IV in language .

e src,tgt, aux: Source, Target and Auxiliary languages respectively.

o PC = {(ssrc,stg)t) : Parallel corpora.

o A(Ssre, Stgt): Annotation alignment service produces a mapping.
® {:g¢: Initial annotation sequence for sig;.
o M FEg4y,: Multilingual encoder fine-tuned on Dy

® probaus(j) = M Equz(sige)[j]: The annotation probability distribution for jth token in
sigeth sentence after refinement using M Eyyz

o i Auxiliary annotation sequence sig;.

(j): Maximum probability of yggz for jth token.

max
aux

e prob
e 7: Confidence Threshold.

e Refinement function:
max

()
i), if prober(j) > v and git)) # G52,
i) = )= e 7

Upge» Otherwise.

e Final refined annotation: ygg =f (yggg,yt(;g)

. D;;tf = {(sg)t, gﬁg)t)}{il Final refined target FgNER dataset of size V.
Algorithm:

1. for each (sgr¢, Stgt) € PC do

2 Compute embeddings: EB,,c = ME(Sg), EBtgt = M E(s44¢)

3 Obtain alignment mapping: mapping = A(Sgrc, Stgt) using EBg,. & EBygy
4 for each token j in syy do

5. Project annotation: y)t(;z = yé%appmg_l(]))

6 end for

7. Obtain auxiliary predictions: Vj in Sig: probousz(j) = M Equa(stgt)[J]
8
9

for each token j in s;y do

Refine annotation: yt(;z f (ygz , gjggz)

10. end for
11.  Update (stgt, Yegt) to D:gif
12. end for
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Table 5.1: CLASSER dataset statistics. Lng means language, Sent, Ent and Tkn means number
of Sentences, Entities and Tokens respectively. IA A (k) gives the inter-annotator agreement.

Train set Development set Test set

Lng | Sent Ent Tkn Sent Ent Tkn Sent Ent Tkn TAA(k)
as | 140,257 204,611 1,972,697 | 15,585 15,763 219,114 | 1000 1,407 14,270 0.901

brx | 212,835 302,713 2,958,455 | 23,649 33,808 329,145 | 1000 1,423 14,082 0.875

mr | 611,902 889,217 8,135,813 | 67,990 97,943 948,020 | 1000 1,443 13,996 0.887

ne | 414,561 617,957 5,531,683 | 46,062 64,098 642,489 | 1000 1,436 14,142 0.882

sa | 265,114 378,287 3,488,871 | 29,458 40,589 377,306 | 1000 1,412 12,925 0.861

Entity Counts of CLASSER Bodo (brx) dataset

50000 { 7
Creative Work

||
B | ocation
BN

40000 Medical

Entity Count

o

&-&@0\%\&@ 0()@{\

FIEE - Group
30000 I Person
BN Product
20000 -
- I III H u
4 .ll.l.- e ﬂ -ll-lll
<& @“@ '

(..
& ‘se \‘&b >
Entity Types

Figure 5.2: Entity counts of CLASSER Bodo (brx) dataset. Each color depicts the coarse-grained
type, and each bar depicts the corresponding fine-grained types.

5.3.2 Implementation of CLASSER Framework

MultiCoNER2 [3], a SemEval-2023 shared task [102], provides 33 fine-grained entity types across 12
languages (including English, Hindi, Bengali). In our setup, the source language (src) is English;
target languages (tgt) are Assamese (as), Bodo (brx), Marathi (mr), Nepali (ne), and Sanskrit
(sa); auxiliary languages (auz) are Bengali (bn) and Hindi (hi). Assamese and Bengali use the
Bengali-Assamese script, whereas Hindi, Bodo, Marathi, Nepali, and Sanskrit use Devanagari. We
employ BPCC [145] as parallel corpora (PC), augmenting the smaller Bodo data with [147, 146].
Following [143], we adopted AWESoME align [142] as A, fine-tuned on the English MultiCoNER2
dataset (Dsy.). The Hindi and Bengali MultiCoNER2 datasets serve as Dgy,, and we fine-tune
IndicBERTVv2 [85] as ME and M E,,,. IndicBERTV2 is the only encoder pre-trained on all src,
tgt, and aux languages. Based on language-specific evaluations (Figure 5.5, we set the confidence
threshold 7=0.85. Following the Algorithm 3, the CLASSER framework is implemented with the
mentioned details, and the dataset is created.
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Table 5.2: Comparison of CLASSER dataset with some publicly available NER datasets in low-
resource Indian languages. Abbreviations: MCN2: MultiCoNER2 taxonomy, Entities: number of
entity mentions, Types: number of entity types.

Language Dataset Tokens  Entities Types
CLASSER 2,206,081 221,781 33

Assamese (as) Naamapadam [75] 122,413 5,045 3
AsNER [86] 08,623 34,963 5

WikiANN [132] 7,632 1,418 3

Bodo (brx) CLASSER 3,301,682 337,944 33
Bodo NER [93] 2797101 641,604 5

CLASSER 9,097,829 988,603 33
TAFSIL(MCN2) [29] | 3,628,450 174,861 33

Marathi (mr) | Naamapadam [75] 6,086,136 529,000 3
MahaNER [87] 231,959 27,300 7

WikiANN [132] 123,556 18,756 3

CLASSER 6,188,314 683,491 33

Képali @6 EverestNER [88] 616,706 24,587 5
OurNepali [144] 16,225 11,183 4

WikiANN [132] 14,535 2,326 3

CLASSER 3,879,102 420,288 33

Sanskrit (sa) | TAFSIL(MCN2) [20] | 479,185 23,372 33
WikiANN [132] 2,255 115 3

5.3.3 CLASSER Dataset

As shown in Table 5.1, the created CLASSER dataset consists of more than 157 thousand sen-
tences, 222 thousand entity mentions, and 2.2 million tokens in each of the five low-resource Indian
languages. After the creation of the dataset through the proposed method, 1000 sentences are
randomly selected for human annotation. From the rest of the dataset, 10% is considered as the
development set and the remaining as the training set.

5.3.4 Gold Test Set

Two volunteer annotators per language, having a minimum education of an undergraduate degree,
were chosen based on their mother tongue. For Sanskrit, the annotations were done by professional
Sanskrit teachers. Annotators were first briefed on entity types with examples, then instructed to
perform the task on 1000 sentences in two stages: detecting relevant entity mentions and assigning
types from a given list using the BRAT tool [134]. With two annotators per language, one annota-
tor’s work was treated as the gold standard, and inter-annotator agreement (IAA) was measured
against it. The quality of these gold datasets can be ascertained based on a high Cohen’s kappa
coefficient (k) [150], which is above 0.86 for each language (Table 5.1).

5.3.5 Comparison with Public Datasets

As shown in Table 5.2, CLASSER is the largest NER dataset across all languages in terms of the
tokens compared to the publicly available datasets. In fact, except for Bodo (brx), it is the largest
dataset in terms of the number of entities as well. To the best of our knowledge, CLASSER is
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the only FgNER dataset created through the entity projection method for these five low-resource
languages. In this work, whenever comparative analysis is done, the highest value or the best
result in the tables are shown in bold and the second highest value or the second best result are
shown as underlined.

5.3.6 Entity Type Frequency Distribution

As shown in Figure 5.2, a larger number of entity mentions are detected for the fine types of Location
(e.g. HumanSettlement) and Person (e.g. Artist) because the HumanSettlement includes the
mentions of cities, provinces and countries, and the Artist type includes the mentions of musicians,
actors, directors, authors, etc. Whereas, very specific fine types such as AerospaceManufacturer,
Drink, AnatomicalStructure, etc., are very scarce. Similar trends can be observed across all five
languages.

5.4 Analysis & Results

5.4.1 Experimental Setup

The state-of-the-art approach for sequence labeling tasks involves fine-tuning pre-trained language
models (PLM) with the NER datasets [24, 34, 75, 86, 87, 88, 95, 123, 124]. Similarly, we have
fine-tuned mBERT (bert-base-multilingual-cased) [82], IndicBERTv2 (IndicBERTv2-MLM-Sam-
TLM) [85], MuRIL (muril-large-cased) [84] and XLM-RoBERTa (XLM-RoBERTa-large) [83] for
fine-grained NER using the Hugging Face Transformers library [156]. The models were trained
for six epochs with a batch size of 64, utilizing AdamW optimization (learning rate: 5e-5, weight
decay: 0.01). Training was performed on an NVIDIA A100 GPU, with evaluation based on SeqEval
metrics, and the best performance determined by the Fl-score following [157, 158].

To compare with the state-of-the-art noisy FgNER dataset, following [29], we adopted the
best-performing two variations of DECENT [121] to accommodate Indian languages by changing
its base encoder from RoBERTa-large [141], to XLM-RoBERTa-large [83], and IndicBERTv2-MLM-
Sam-TLM [85]. The hyperparameters for DECENT-based models are: learning rate for encoder =
5e-6, learning rate for head = 5e-4, dropout probability for head = 0.5, epochs = 2, batch size =
16, negative oversampling rate = 31, and prediction threshold = 0.9.

5.4.2 Comparison with the State-of-the-Art baseline

To the best of our knowledge, the only existing FgNER datasets in Indian languages are Multi-
CoNER2 [3] for Hindi and Bengali, and TAFSIL [29] for Hindi, Marathi, Sanskrit, Tamil, Telugu,
and Urdu. Accordingly, we used the Marathi and Sanskrit TAFSIL datasets in the MultiCoNER2
taxonomy and fine-tuned DECENT model variants as described in the previous section. As shown
in Table 5.3, when tested on the TAFSIL test set, the models fine-tuned on CLASSER outperform
models fine-tuned on TAFSIL by a large margin. With the subset of CLASSER dataset having an
equal number of entities as TAFSIL, the F1 scores improve by about 22% for Marathi and 38% for
Sanskrit, respectively. Similarly, with the subset of CLASSER dataset having an equal number of
sentences as TAFSIL, the F1 scores improve by about 26% for Marathi and 40% for Sanskrit, and
using the entire CLASSER dataset, gains rise to roughly 40% and 95%, respectively. These results
demonstrate both the effectiveness of our method and the high quality of the generated CLASSER
dataset.
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Table 5.3: Performance of different DECENT models fine-tuned on TAFSIL and CLASSER datasets
and tested on the TAFSIL test set. Abbreviations: Sent: Number of sentences, Ent: Number of
entities.

DECENT model with XLM-RoBERTa-large base encoder

Lang

Micro
Dataset Sent Ent P R  F1(1A%)

Macro
P R F1(1A%)

TAFSIL 126k 175k | 49.36 83.73 62.10

CLASSER 120k 175k | 72.85 80.12 76.32(23)
CLASSER 126k 183k | 76.12 80.97 78.28(26)
CLASSER 612k 989k | 82.66 91.74 86.98(40)

50.89 81.93 62.28
73.45 79.13 75.61(21)
73.42 8219 77.56(25)
84.40 91.78 87.94(41)

sa

TAFSIL 18k 23k | 31.35 53.40 40.20

CLASSER 16k 23k | 52.54 59.03 55.04(37)
CLASSER 18k 25k | 56.14 60.03 58.02(44)
CLASSER 265k 378k | 77.21 81.69 79.38(97)

3274 5329 40.56
53.29 58.66 55.84(38)
57.25 60.99 59.06(46)
78.60 80.89 79.93(97)

DECENT model with IndicBERTv2-MLM-Sam-TL

M base encoder

Lang

Micro
Dataset Sent Ent P R Fi1(tA%)

Macro
P R F1(tA%)

TAFSIL 126k 175k | 4857 82.81 61.23

CLASSER 120k 175k | 72.11 78.10 75.04(23)
CLASSER 126k 183k | 76.65 80.12 77.29(26)
CLASSER 612k 989k | 83.07 89.44 86.14(41)

4933 81.49 61.46
72.62 76.03 74.34(21)
75.38 79.27 76.36(24)
81.75 89.37 85.43(39)

sa

TAFSIL 18k 23k | 32.74 56.03 41.03

CLASSER 16k 23k | 56.29 60.66 57.82(40)
CLASSER 18k 25k | 59.70 61.60 60.64(48)
CLASSER 265k 378k | 79.52 78.94 79.01(93)

32.94 5596 41.47
56.27 60.71 57.33(38)
59.34  61.50 60.36(46)
78.09 81.49 80.81(95)
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F1 Score
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Entity-wise F1 Scores of CLASSER Bodo dataset fine-tuned on MuRIL

I Creative Work B Location IR Group Im  Person I Product Il Medical

Entity types

Figure 5.3: Entity-wise F1 score of MuRIL model fine-tuned on Bodo. Each color depicts the
coarse-grained type, and each bar depicts the corresponding fine-grained types.
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Table 5.4: Performance of different models fine-tuned on CLASSER dataset. Abbreviations: IB:
IndicBERTv2, mB: mBERT, MR: MuRIL, XL: XLM-RoBERTa.

Assamese (as)

Micro Macro Micro Macro
P R F1 P R F1 P R F1 P R F1

IB | 71.10 71.50 71.30 | 62.33 63.67 63.11 || mB | 66.09 68.30 67.18 | 64.12 61.48 63.13
MR | 74.88 75.62 75.25 | 73.91 70.54 72.44 || XL | 71.35 73.63 72.47 | 69.50 69.42 69.46

Bodo (brx)

Micro Macro Micro Macro
P R F1 P R F1 P R F1 P R F1

IB | 70.61 72.64 71.61 | 69.53 68.58 68.98 || mB | 68.75 71.03 69.87 | 68.65 68.23 68.59
MR | 73.83 76.37 75.08 | 74.76 73.73 74.08 || XL | 71.60 73.77 72.67 | 73.28 71.66 72.60

Marathi (mr)

Micro Macro Micro Macro
P R F1 P R F1 P R F1 P R F1

IB | 74.38 76.49 75.42 | 70.67 71.89 71.22 || mB | 74.83 76.28 75.55 | 69.81 71.57 70.82
MR | 79.24 81.00 80.11 | 75.94 77.59 76.83 || XL | 78.58 78.85 78.71 | 73.55 75.36 74.41

Nepali (ne)

Micro Macro Micro Macro
P R F1 P R F1 P R F1 P R F1i

IB | 73.80 75.24 74.52 | 71.52 70.50 71.02 || mB | 74.33 75.52 74.92 | 73.40 72.40 72.91
MR | 76.92 79.50 78.19 | 75.34 76.37 75.88 || XL | 74.93 78.80 76.82 | 73.32 75.95 74.14

Sanskrit (sa)

Micro Macro Micro Macro
P R F1i P R F1i P R F1 P R F1i

IB | 73.45 75.02 74.23 | 72.96 72.17 72.58 || mB | 70.26 72.25 71.24 | 71.41 69.24 70.35
MR | 77.62 78.99 78.30 | 77.61 76.57 77.04 || XL | 75.41 77.50 76.44 | 74.79 74.17 74.49

5.4.3 Performance of PLMs on Unseen Languages

Marathi (mr) and Nepali (ne) are the only languages among the five languages on which all four
PLMs (IndicBERTv2, mBERT, MuRIL, and XLM-RoBERT4) are pre-trained (Table 2.1 in Chap-
ter 2). Therefore, the performance of all the fine-tuned models in Nepali and Marathi is superior
(Table 5.4). Although mBERT was not pre-trained on Assamese (as) and Sanskrit (sa), it performs
well after fine-tuning with CLASSER dataset on these languages. This is due to the script simi-
larity between Assamese with Bengali (Bengali-Assamese script) and between Sanskrit with Hindi
(Devanagari script). Similarly, although mBERT, MuRIL, and XLM-RoBERTa are not pre-trained
in Bodo, the fine-tuned models could perform better due to their pre-training on the script-similar
language Hindi. MuRIL, pre-trained exclusively on 16 Indian languages, outperforms other PLMs.
These results emphasize the importance of language-specific pre-training and the effect of script-
similarity in fine-tuning, which are discussed further in the following sections.

5.4.4 Entity type specific performance

As shown in the Figure 5.3, we have analyzed the F1 scores per entity type for the MuRIL
model fine-tuned on Marathi. Notably, although the entity counts of fine types such as ArtWork,
AerospaceManufacturer, Clothing, AnatomicalStructure etc. are fewer in number, the model could
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Figure 5.4: Zero-shot performance (micro F1) of fine-tuned mBERT, MuRIL, XLM-RoBERTa and
IndicBERTv2 models on different test languages. The all5 set includes equal number of samples
from all five languages.

still perform well through fine-tuning with high-quality data. But the performance of the model is
quite low for the fine-type OtherPER even after having a significant number of entity mentions in
the training set. Details of this performance are discussed in the 5.4.8 Error Analysis section.

5.4.5 Cross-Lingual Zero-Shot Analysis

We have performed cross-lingual zero-shot analysis for every single language pair. As shown in
Figure 5.4, the models are fine-tuned on datasets of respective languages and tested on the test set
of other languages. Zero-shot performance of mBERT model is quite poor across all the languages.
A similar trend is observed in the case of XLM-RoBERTa on unseen languages during its pre-
training. However, there is an improvement in the case of MuRIL because of its pre-training on
16 Indian languages. The impact of pre-training of an encoder is imminent through the zero-shot
performance of IndicBERTv2. Since IndicBERTv?2 is pre-trained on all five languages, its zero-shot
performance is superior to other PLMs. Whereas, fine-tuning on Bodo (brx) significantly improved
the performance of mBERT, XLM-RoBERTa, and MuRIL over their zero-shot performances. These
emphasize that due to script similarity, PLMs can perform better after fine-tuning on an unseen
language. But, without fine-tuning with language-specific datasets, the pre-trained knowledge
cannot capture the intricacies of an unseen language.

5.4.6 Multilingualism

We have extended our analysis to evaluate the multilingual aspect of the FgNER task. We con-
structed a balanced all5 set, comprising an equal number of samples from all five languages. As
seen in Figure 5.4, there are significant improvements in every encoder model when fine-tuned with
all the languages and tested on test sets of individual languages. In fact, for a vulnerable language
like Bodo (brx), multilingual fine-tuning can be very beneficial. These results also suggest the
necessity of language-specific pre-training and task-specific fine-tuning.
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Table 5.5: Ablation study: The impact of refinement using Bengali (& bn) and Hindi (¢ hi) on
the initial annotation projection (Stg 1). The performance of fine-tuned MuRIL models in terms
of micro-F1 scores are shown with percentage improvements.

Stg 1 @ bn &hi & hitbn
as | 63.11 74.48(18) 67.43(7) 75.25(19)
brx | 61.82 63.90(3) (19) (21)
mr | 71.08 73.26(3) (11) (13)
ne |70.01 73.10(4) 77.05(10) 78.19(12)
sa | 65.14 67.12(3) (18) (20)
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Figure 5.5: Impact of confidence score threshold (7) on the performance of MuRIL fine-tuned on
CLASSER dataset. With increasing 7 values until the optimum, micro F1 score keeps increasing,
beyond which it declines.

5.4.7 Ablation Study

As already seen in different analyses, the script similarity of the language plays a major role in
FgNER task. The intuition of cross-lingual refinement after annotation projection is based on this
property. The performance of fine-tuned MuRIL models in terms of micro-F1 scores are shown in
Table 5.5. For Assamese (as), refinement using Bengali (bn) is the most effective, since both of these
languages use the Bengali-Assamese script. Similarly, for Bodo (brx), Marathi (mr), Nepali (ne)
and Sanskrit (sa), refinement using Hindi (hi) is the most effective due to the shared Devanagari
script. But refinement using both hi+bn gives the best result across all the languages. These
improvements are highest for extremely low-resource languages Assamese (as), Bodo (brx), and
Sanskrit (as).

For the selection of the best confidence threshold 7 in the cross-lingual refinement stage of
CLASSER method, we conducted experiments with four empirically selected values 0.75, 0.80, 0.85,
0.90 for all the languages. In Figure 5.5, the performances of fine-tuned MuRIL are shown. Hence,
based on the experiments, finally 7 is set to be 0.85 for all the languages.

5.4.8 Error Analysis

FgNER is very crucial because an entity mention’s type may vary significantly depending on the
context within a sentence. Therefore, we have analyzed the errors on the test set in two different
approaches.

First, the details of entity errors in terms of the percentage of predicted entities are shown in
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Table 5.6: Entity errors on test set in terms of the percentage of predicted entities for different
languages fine-tuned on MuRIL.

Error Types as brx mr ne sa

Boundary Mismatch 13.67 | 9.27 | 10.37 | 8.23 | 9.82
Entity Type Mismatch | 13.75 | 14.40 | 11.44 | 12.35 | 11.32
Spurious Entity 241 | 2.67 | 242 | 244 | 4.27

Entity Confusion Matrix for Bodo (brx) language.
ArtWork
MusicalWork
Software
WisualWork
WrittenWork 12
Facility
HumanSettlement
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Medication/Vaccine
Symptom
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CarManufacturer
MusicalGRP
PrivateCarp
PublicCorp
SportsGRP
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Palitician [ |
Scientist
SportsManager
Clothing i
Dirink
Food
OtherPROD
Vehicle

True Entity

Predicted Entity

Figure 5.6: Entity Confusion matrix of Bodo (brx) language. Darker squares depict the entity type
pairs often confused by the fine-tuned model.

Table 5.6. The common errors that occur include the boundary error (such as “Little Mermaid” is
marked as VisualWork instead of “The Little Mermaid”), entity type mismatch error (e.g. “Sneez-
ing” is categorized as Disease instead of Symptom) and spurious errors (such as “purple” is marked
as an entity whereas the entity type color is not defined in MultiCoNER2 taxonomy). Entity
boundary mismatch errors are highest in Assamese (as), entity type mismatch errors and spurious
entity errors occur the most in Bodo (brx) and Sanskrit (sa), respectively.

Moreover, we have analyzed the often co-predicted fine-grained types. From Table 5.6, we
have selected Bodo (brx) for this analysis as this language has the highest percentage of mismatch
entity types. As shown in Figure 5.6, the fine types of Artist, Athlete, Politician, and Scientist are
sometimes confused with OtherPER. Similarly, Written Work is sometimes confused with Visual-
Work. However, a significant reduction in entity type confusion is observed in the refined dataset
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Entity Confusion Matrix for CLASSER Bodo (brx) [after Stage 1].
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Entity Confusion Matrix for CLASSER Bodo (brx) language.
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Figure 5.7: Entity Confusion matrix of Bodo (brx) language: only projected dataset (Stage 1:
FiNERVINER) and final refined dataset (Stage 2: CLASSER). Darker squares depict the entity
type pairs often confused by the fine-tuned model.
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after Stage 2, compared to the dataset created through the annotation projection method in Stage
1 (Figure 5.7). These analyses show that script-similarity-based annotation refinement improves
the quality of the FgNER dataset, and hence most of the fine entity types are learned by the models
without much confusion.

5.5 Discussion

Despite encouraging initial results, this study has limitations that require further exploration. First,
the proposed cross-lingual refinement stage relies primarily on resources in languages with similar
scripts, for which its direct applicability and scalability to languages with significantly different
syntactic structures remain an open question for future research. Second, the generated dataset
may inherit biases or specificities from the source FgNER dataset. Third, the dataset’s volume
and quality depend on the availability of parallel corpora and the choice of annotation projection
tools and multilingual encoders. Assessment of different combinations of these resources remains
essential. Moreover, while a confidence score of 0.85 yielded the best results among the four tested
empirical values (0.75, 0.80, 0.85, 0.90), a more systematic and theoretically grounded analysis is
needed. Finally, evaluating Large Language Models (LLMs) on the FgNER task, both in a zero-shot
setting and fine-tuned on the CLASSER dataset, remains under-explored.

5.6 Conclusion

We introduce CLASSER, a cross-lingual annotation-projection framework that leverages script
similarity to create high-quality FgNER dataset. The generated CLASSER dataset comprises of
1.8M sentences, 2.6M entity mentions, and 24.7M tokens covering five low-resource languages (As-
samese, Bodo, Marathi, Nepali, and Sanskrit). Extensive experiments suggest the high quality of
the CLASSER dataset, which achieves significant improvement in terms of F1-scores over the state-
of-the-art TAFSIL dataset, as introduced in the Chapter 3. The annotation refinement in stage 2 of
the CLASSER framework improves the dataset quality manifold (up to 20% in F1-score) compared
to only the annotation projection method as discussed in the Chapter 4. Cross-lingual zero-shot
analyses reveal the importance of language-specific pre-training and task-specific fine-tuning. Given
the availability of MultiCoNER2 FgNER resources in Bengali, Hindi, and Farsi, CLASSER can be
readily extended to other Indian languages (e.g., Maithili, Konkani, Dogri, Bhojpuri, Chhattis-
garhi, Bishnupriya Manipuri, Urdu, Kashmiri, Sindhi etc.). We expect the CLASSER, framework,
the generated dataset, and fine-tuned models will significantly advance FgNER across Indian lan-
guages and facilitate further developments in multilingual research.

The CLASSER dataset, associated fine-tuned models and interactive web application are publicly
available at hf.co/collections/prachuryyallTG/CLASSER
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Entity-Anchored Machine Translation for
Fine-grained Named Entity Recognition

Chapter Highlights

e The objective of this chapter is to propose an Entity-anchored Machine Translation (EaMaTa)
framework for Fine-grained Named Entity Recognition.

e The dependency on the availability of Wikipedia or on the resources in languages written
with a similar script for the creation of a high-quality dataset is overcome with the highly
scalable and efficient EaMaTa framework.

e Utilizing the FaMaTa framework, a high-quality FgNER dataset is created for 26 Indian
languages, spoken by more than two billion people worldwide.

e The dataset’s high quality is confirmed through extensive human and statistical analyses,
demonstrating the framework’s effectiveness with up to a 9% Fl-score increase over current
state-of-the-art models.

e This chapter is based on the publication “SampurNER: Fine-grained Named Entity Recogni-
tion Dataset for 22 Indian Languages” published in “Proceedings of the AAAT Conference on
Artificial Intelligence (AAAI-26)” and “FiNE-MiBBiC: Fine-grained Named Entity Recogni-
tion for Mizo, Bhojpuri, Bishnupriya Manipuri and Chhattisgarhi”, submitted to The ACM
Transactions on Asian and Low-Resource Language Information Processing (TALLIP).

e The SampurNER dataset, associated fine-tuned models and interactive web application are
publicly available at: hf.co/collections/prachuryyalITG/SampurNER!.

6.1 Introduction

Although coarse-grained NER for Indian languages has made notable progress, fine-grained NER
(FgNER) is a relatively recent area of focus. The MultiCoNER2 [3] shared task at SemEval 2023
[131] provided FgNER datasets for Hindi and Bengali by translating the annotated dataset from
English. As outlined in Chapter 3, the distant supervision framework TAFSIL was employed to
construct large-scale FgNER datasets for multiple Indian languages using Wikipedia and Wikidata.

ampurna ire’ i i
L Sampurna’ means ‘entire’ in many Indian languages
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6.1. INTRODUCTION

Source dataset in BIO format Plain sentence
Fallin' won Grammy . | |Fallin’ won Grammy. TRANSLATION

B-music O B-award O|_ |aFallin'31 won aGrammyp2. |
Entit_y—anchored sentence

[T = I ST o | Sentence mismatch

tl'ff'i%ﬂ‘m Bl a‘?lﬁfBZ i | Start entity-anchor mismatch

oI = ca'lﬂBZ ST | End entity-anchor mismatch -

WIferT A oJHIR2 ShdT | Total entity-counts mismatch |Stage 3

WITerT = I SffdT | Plain sentence

uﬂ?‘ﬁ?ﬁ‘l 9 a’)lﬂBZ Eicill Entity-anchored sentence
N N o D
B-music O B-award O O

Translated dataset in BIO format

Figure 6.1: Entity-anchored machine translation: The source dataset is translated both as ‘Plain
sentence’ and ‘Entity-anchored sentence’ to the target languages. The cleaning process includes
the removal of sentences with sentence mismatch, entity-anchor boundaries mismatch (both start
and end), and total entity counts mismatch between the source and translated sentences.

However, such datasets are often noisy, their scale is constrained by the coverage of Wikipedia, and
their effective use requires computationally intensive noise-aware models. To address the absence of
datasets for vulnerable languages, Chapter 4 adopts an annotation projection approach. While this
method helps mitigate data scarcity, noise introduced through cross-lingual annotation projection
adversely affects the quality of the resulting datasets. Based on the observation on the impact
of script-similarity in FgNER, the CLASSER framework was proposed in the Chapter 5. The
CLASSER framework enables the efficient creation of high-quality FgNER datasets for Assamese,
Bodo, Marathi, Nepali, and Sanskrit, but its applicability is still restricted by the availability of
FgNER resources in script-similar languages. Hence, comprehensive and high-quality fine-grained
resources remain limited for most low-resource Indian languages.

To bridge this gap, we introduce a new initiative aimed at expanding FgNER datasets for In-
dian languages. Our approach leverages an Entity-Anchored Machine Translation (EaMaTa)
framework to efficiently translate the high-quality FewNERD dataset into 26 Indian languages.
FewNERD is the only large-scale, human-annotated FgNER dataset comprising 188,238 sentences
with 4,601,160 words, annotated with a two-level hierarchy of 8 coarse-grained and 66 fine-grained
entity types by 70 linguistically trained annotators having 0.76 Inter-Annotator Agreement (k).
Our contributions can be summarized as follows:

1. Development of an entity-anchored machine translation (EaMaTa) framework to create
high-quality multilingual FgNER datasets from English annotations.

2. Construction of a large-scale dataset, comprising over 153,000 sentences, 354,000 entities,
and 3.3 million tokens on average for each of the 26 Indian languages spoken by more than two
billion people worldwide. The languages included are Assamese (as), Bengali (bn), Bhojpuri (bho),

TH-4047 206201002 72



6. ENTITY-ANCHORED MACHINE TRANSLATION FOR FINE-GRAINED NAMED
ENTITY RECOGNITION

Bishnupriya (bpy), Bodo (brz), Chhattisgarhi (hne), Dogri (doi), Gujarati (gu), Hindi (hi), Kannada
(kn), Kashmiri (ks), Konkani (gom), Maithili (mai), Malayalam (ml), Manipuri (mni), Marathi
(mr), Mizo (lus), Nepali (ne), Odia (or), Punjabi (pa), Sanskrit (sa), Santali (sat), Sindhi (sd),
Tamil (ta), Telugu (te), and Urdu (ur). Among these languages, Bishnupriya (bpy), Bodo, Manipuri,
Mizo (lus) are considered to be vulnerable languages [127].

3. Manually annotated gold test set having 1000 sentences for twelve languages: as, bpy, bn,
brz, hi, lus, mr, ne, sa, ta, te, and ur.

4. Rigorous human evaluations and extensive experiments with state-of-the-art suggest the
good quality of the datasets created through the proposed EaMaTa framework.

5. Cross-lingual zero-shot analysis to examine the influence of multilingualism, language fam-
ilies, and script similarities on cross-lingual FgNER performance.

6.2 Related Works

Annotation projection-based and annotation preserving translation methods have been extensively
used for NER across multiple languages [69, 70, 71, 159], leading to the creation of several NER
resources [72, 73, 76, 123]. Similarly, in MultiCoNER-1 [24] and MultiCoNER2 [3], machine trans-
lation was used to develop coarse-grained and fine-grained NER datasets for multiple languages,
including Hindi and Bengali, which were further enriched by SemEval [131] top-performing teams
[103, 104, 105, 106].

6.3 Entity-Anchored Machine Translation

We propose an entity-anchored machine translation (EaMaTa) framework to preserve NER infor-
mation during translation. As shown in Figure 6.1, we convert the source NER dataset from the
BIO format into both plain sentence and entity-anchored sentence formats. In the entity-anchored
format, each entity mention m; for the jth token is marked with a unique start symbol (o) and a
distinct end symbol (5;.) which varies based on the entity type e. The design of these special an-
chor symbols is guided by evaluations to ensure that the anchors remain intact at entity boundaries
after the completion of the translation process without the loss of crucial information.

As per Algorithm 4, both the plain sentence and entity-anchored sentence are independently
translated from the source language into the target language. In Stage 1, we first consider the
entity-anchored sentence without the anchor symbols and compare it with the corresponding plain
translated sentence. If discrepancies exist between these two versions, then the sentence is discarded.

Next, in Stage 2, the entity boundary errors are identified: sentences in which an entity mention
contains a start anchor but lacks a corresponding closing anchor (or vice versa) are removed. Finally,
in Stage 3, if the total count of entity types in the translated sentence does not match that of the
original source sentence, then the translated sentence is discarded, as such discrepancies indicate
instances where a valid entity mention has been incorrectly omitted. After filtering out erroneous
sentences, we obtain a clean, FgNER dataset for the target language.

6.4 Experimental Setup

The state-of-the-art approach for sequence labeling tasks involves fine-tuning pre-trained language
models (PLM) with the NER datasets [24, 34, 75, 86, 87, 88, 95, 123, 124]. Similarly, we have fine-
tuned mBERT (bert-base-multilingual-cased) [82] and IndicBERTv2 (IndicBERTv2-MLM-Sam-
TLM) [149] for FgNER using the Hugging Face Transformers [156]. The models were fine-tuned
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Algorithm 4: Entity-Anchored Machine Translation (EaMaTa) Framework

Input: S,..: Source dataset sentences in BIO format
Required: 7LT: Translation service
Output: Sfé‘;“”: FgNER dataset in target language T'

Preprocessing:

1. for each tokenized sentence s € S, do

2. Convert to plain format: sé’ffém

3. Convert to entity-anchored format: Create s2chor,
by replacing entity mention mj. for the jth token belonging to entity type e with
a;jmjefje ; where aj: start anchor, §j.: end anchor.

4. end for
Translation:

1. for each s € S;,.. do
2. ST = TLT(5™),  snehor = TLT(sapchr)
3. end for

Cleaning:

1. for each sf&Chor do

2. Stage 1: Sentence mismatch detection:

_plai . .
Convert (staﬁmo”) to 5y by ignoring the anchors

3. if S £ SV then

4, Discard s{rchor

5. end if

6. Stage 2: Entity-anchors mismatch detection:

7. if For all m in s%fhor, there exists mj. such that a; ¢ staﬁCho’” OR pje ¢ 8?§Chor then
8. Discard s?g’;"’h“

9. endif

10. Stage 3: Total entity counts mismatch detection:
1. if Y (m € s9nchory £ 5 (m € s?ﬁChm) then

src

12. Discard sfrchor
13.  end if
14. end for

15. return Sféf“" = {s%‘fhor | s%‘fh‘” is not discarded}

as per the following hyperparameters: batch size: 64, epochs: 6, optimizer: AdamW, learning
rate: 5e-5, and weight decay: 0.01. Fine-tuning was performed on an NVIDIA A100 GPU, with
evaluation based on SeqEval metrics, and the best performance determined by the F1-score.

To compare with the noisy FgNER dataset TAFSIL, we considered their best-performing two
variations of the DECENT model [121], where the base encoder RoBERTa-large [141] is changed to
XLM-RoBERTa-large [83], and IndicBERTv2-MLM-Sam-TLM to accommodate fine-tuning with
Indian languages. The hyperparameters for DECENT-based models are: learning rate for encoder:
5e-6, learning rate for head: b5e-4, dropout probability for head: 0.5, epoch: 2, batch size: 16,
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Table 6.1: Translation metrics (BLEU and TER) for comparison of Google, Bing, and IndicTrans2
translators (best values are in bold).

BLEU TER

Language Google Bing IndicTrans2 | Google Bing IndicTrans2
Assamese (as) 43.35  39.89 36.68 42.62  44.95 50.45
Bengali (bn) 47.50 45.34 42.40 37.97 38.46 41.53
Bhojpuri (bho) 46.09  43.75 — 35.36  41.11 —
Bishnupriya (bpy) - - 31.15 - - 54.40
Bodo (brx) - 18.72 18.14 - 64.06 64.19
Chhattisgarhi (hne) - 35.33 - - 47.41 -
Dogri (doi) 56.76 55.89 53.23 28.57 28.48 29.12
Gujarati (gu) 36.49 34.33 33.60 46.08 48.98 50.15
Hindi (hi) 63.88 58.90 50.94 24.03 28.64 34.65
Kannada (kn) 27.67 27.40 26.66 56.61 57.29 59.89
Kashmiri (ks) ~ 30.90 30.60 . 50.44 50.40
Konkani (gom) 35.81  35.44 33.41 48.30  47.03 48.86
Maithili (mai) 25.02 22.02 21.27 55.48 59.15 60.67
Malayalam (ml) 41.26 37.98 36.33 45.52 48.53 50.80
Manipuri (mni) 47.09 44.74 43.45 36.36 42.10 42.76
Marathi (mr) 32.40 28.53 27.72 52.41 55.05 58.98
Mizo (lus) 33.22 - = 51.94 - 1
Nepali (ne) 35.76 33.71 31.84 47.25 51.45 50.24
Oriya (or) 21.49  21.33 20.56 59.36  50.52 61.57
Punjabi (pa) 49.63 47.29 46.01 34.22 36.09 37.36
Sanskrit (sa) 14.54 12.87 13.75 76.15 79.05 77.09
Santali (sat) 24.69 3 27.49 57.46 T 56.04
Sindhi (sd) 32.22 31.95 31.13 52.94 52.96 54.41
Tamil (ta) 29.89 29.37 27.18 56.96 57.23 60.43
Telugu (te) 31.83 30.73 29.80 52.31 54.46 54.85
Urdu (ur) 76.21 74.69 71.56 16.03 17.02 19.89

negative oversampling rate: 31, and prediction threshold: 0.9.

6.4.1 Implementation of Entity-Anchored Machine Translation (EaMaTa)
Framework

First, we selected three translation services based on their coverage of Indian languages: [160], [161],
and [162]. We randomly chose three sets of 1000 English-to-Indian language sentence pairs from the
BPCC corpus [145]. The English sentence from each pair was translated into the respective Indian
language sentence. We assessed translation quality by comparing them to the corresponding Indian
language sentences using BLEU, TER, chrF, and COMET metrics. The average performance across
the three experimental sets is presented in Table 6.2 for all 26 languages. Based on our findings,
we selected the best translation service for each language: IndicTrans2 for Santali, Bing Translator
for Bodo and Kashmiri, and Google Translate for the remaining 19 languages.

To evaluate the proposed EaMaTa framework against the state-of-the-art, we first applied it
to the MultiCoNER2 English train set to generate FgNER datasets in Bengali (bn), Hindi (hi),
Marathi (mr), Tamil (ta), Telugu (te), Sanskrit (sa), and Urdu (ur), as shown in Table 6.3. Since
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Table 6.2: Translation metrics (chrF and COMET) for comparison of Google, Bing, and Indic-
Trans2 translators (best values are in bold).

chrF COMET

Language Google Bing IndicTrans2 | Google Bing IndicTrans2
Assamese (as) 69.97  67.99 70.89 0.923  0.879 0.880
Bengali (bn) 72.11 74.37 69.30 0.924  0.922 0.853
Bhojpuri (bho) 72.15 71.60 - 0.894  0.889 -
Bishnupriya (bpy) - - 53.91 - - 0.846
Bodo (brx) -~ 5795 57.49 ~ 0.647 0.645
Chhattisgarhi (hne) - 67.91 - - 0.881 -
Dogri (doi) 76.85 76.61 74.57 0.726 0.725 0.711
Gujarati (gu) 63.67 63.24 62.5 0.909 0.901 0.905
Hindi (hi) 79.87  75.75 72.93 0.869 0.890 0.849
Kannada (kn) 67.06 67.19 67.80 0.926  0.898 0.901
Kashmiri (ks) - 6177 61.60 ~  0.803 0.800
Konkani (gom) 68.18  68.12 64.50 0.881 0.868 0.876
Maithili (mai) 60.48 57.68 60.70 0.739  0.715 0.677
Malayalam (ml) 75.23 72.44 71.30 0.933 0.925 0.928
Manipuri (mni) 73.18  72.62 70.60 0.914  0.912 0.897
Marathi (mr) 64.55 62.31 60.24 0.801 0.792 0.767
Mizo (lus) 55.95 - = 0.865 - X
Nepali (ne) 67.90 66.61 64.01 0.879 0.867 0.872
Oriya (or) 60.50 60.77 59.89 0.883  0.879 0.876
Punjabi (pa) 71.92 71.41 70.78 0.895 0.893 0.892
Sanskrit (sa) 56.42 54.02 55.62 0.830 0.811 0.825
Santali (sat) 59.86 k- 61.57 0.753 o 0.777
Sindhi (sd) 54.95 55.91 53.96 0.855 0.854 0.848
Tamil (ta) 69.04 68.93 59.44 0.925 0.921 0.892
Telugu (te) 67.57  66.35 65.44 0.913  0.908 0.907
Urdu (ur) 85.47  85.06 83.87 0.912  0.910 0.891

Table 6.3: Statistics of train set created via EaMaTa framework from the MultiCoNER2 English
(en) set. Abbreviation: Sents: No of sentences.

Language | Sents | Entities | Tokens Language Sents | Entities | Tokens
English (en) | 16,778 | 25,499 | 269,788 || Bengali (bn) | 13,014 | 30,063 | 273,510
Hindi (hi) 13,123 | 30,694 | 335,798 | Marathi (mr) | 13,085 | 30,180 | 272,732
Sanskrit (sa) | 8,314 | 18,357 | 146,175 || Tamil (ta) 12,024 | 26,540 | 206,609
Telugu (te) 12,489 | 29,686 | 230,102 || Urdu (ur) 13,054 | 30,101 345,791

MultiCoNER2 was created via distant supervision and contains induced noise, we alternatively
used the large-scale, manually annotated FewINERD dataset to build the FgNER dataset in Indian
languages.
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Table 6.4: Comparison of DECENT model performance with XLM-RoBERTa base encoder fine-
tuned on different datasets. Abbreviations: Size: No. of train set samples, Lang: Language,
MCN2: MultiCoNER2 dataset, TFSL-M: TAFSIL dataset in MultiCoNER2 taxonomy, CLSR:
CLASSER dataset, EaMaTa: dataset built from the MultiCoNER2 English dataset with the Ea-
MaTa framework. Best values in bold, second best values are underlined. Percentage F1 im-
provements are within (brackets).

Dataset Splits Macro Micro
Lang Test Train Size | P R F1(1%) P R F1(t%)
Hindi MCN2 MCN2 9.6k | 73.8 70.8 723 72.2 708 715
MCN2 EaMaTa 13k | 714 75.9 73.6(1.80) | 70.6 75.1 72.8(1.82)
Bengali MCN2 MCN2 9.7k | 72.7 69.8 71.2 71.3 69.9 70.6
MCN2 EaMaTa 13k | 69.7 74.1 71.8(0.84) | 69.1 73.4 71.2(0.85)
Hindi TFSL-M TFSL-M 644k | 64.6 76.2 70.0 64.5 76.2 70.0
TFSL-M EaMaTa 13k | 68.7 73.0 70.8(1.14) | 68.9 73.1 70.9(1.29)
TFSL-M TFSL-M 126k | 50.9 81.9 62.3 494 83.7 62.1

Marathi TFSL-M CLSR 13k | 62.7 66.8 64.7(3.85) | 62.1 659 64.2(3.38)
TFSL-M EaMaTa 13k | 63.0 66.9 64.9(4.17) | 62.7 66.6 64.6(4.03)

o] TESL-M TFSL-M 464k | 517 8L1 640 50.7 81.0 634
TFSL-M EaMaTa 12k | 63.2 67.2 65.1(1.72) | 63.6 65.6 64.5(1.74)

Telugn  LFSL-M - TRSLM 392k [ 525 825 649 521 81.3 64.2
TFSL-M EaMaTa 12k | 64.8 68.9 66.8(2.93) | 64.1 682 66.1(2.96)
TFSL-M TFSL-M 18k | 32.7 53.3 40.6 314 534 402

Sanskrit TFSL-M CLSR 83k | 428 45.0 43.9(8.13) | 424 448 43.5(8.21)
TFSL-M EaMaTa 8.3k | 429 45.6 44.2(8.87) | 425 452 43.9(9.20)
TFSL-M TFSL-M 604k | 63.0 77.1 69.4 602 78.3 68.1

TFSL-M EaMaTa 13k | 68.3 72.6 70.4(1.44) | 67.1 71.3 69.1(1.47)

Urdu

6.5 Comparison with State-of-the-Art

Following [29], we performed rigorous analysis against two state-of-the-art datasets: the Multi-
CoNER2 dataset in Bengali and Hindi, and the TAFSIL dataset in Hindi, Marathi, Tamil, Telugu,
Sanskrit, and Urdu. As shown in Table 6.4 and Table 6.5, the dataset generated by the EaMaTa
framework is of very high quality with up to 9% increase in Fl-score against the current state-of-
the-art. In fact, it is superior to the CLASSER framework introduced in the last chapter. Hence, we
continued to utilize the proposed EaMaTa framework to create the silver-standard FgNER dataset
in 26 Indian languages using the FewNERD dataset.

6.6 Dataset Details

As presented in Table 6.6, the generated FgNER dataset, on average, consists of over 153 thousand
sentences, 354 thousand entities, and 3.3 million tokens for each of the 26 Indian languages. The
generated dataset is the first FgNER dataset across all 26 Indian languages. This dataset is a silver
dataset as all the train, test, and development sets are translated and cleaned from the large-scale
manually annotated FewNERD dataset.
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Table 6.5: Comparison of DECENT model performance with IndicBERTv2 base encoder fine-tuned
on different datasets. Abbreviations: Size: No. of train set samples, Lang: Language, MCN2:
MultiCoNER2 dataset, TFSL-M: TAFSIL dataset in MultiCoNER2 taxonomy, CLSR: CLASSER
dataset, EaMaTa: dataset built from the MultiCoNER2 English dataset with the EaMaTa frame-
work. Best values in bold, second best values are underlined. Percentage F1 improvements are
within (brackets).

Dataset Splits Macro Micro
Language Test Train Size | P R F1(t%) P R F1(t%)
Hindi MCN2 MCN2 9.6k | 66.6 76.3 T71.1 66.4 76.2 T71.0
MCN2  EaMaTa 13k | 701 745 72.2(1.55) | 70.0 744 72.1(1.55)
Bengali MCN2 MCN2 9.7k | 72.5 69.7 T71.1 71.2 69.7 70.2
MCN2  EaMaTa 13k | 69.6 740 71.7(0.84) | 68.7 73.1 70.9(1.00)
Hindi TFSL-M_TFSL-M _ 644k | 67.4 756 71.2 672 756 711
TFSL-M EaMaTa 13k | 70.0 744 72.1(1.26) | 69.9 74.3 72.0(1.27)
TFSL-M TFSL-M 120k | 49.3 81.5 61.5 186 82.8 6l2

Marathi ~ TFSL-M CLSR 13k | 61.7 65.7 63.7(3.58) | 61.5 066.2 63.2(3.27)
TFSL-M EaMaTa 13k | 62.0 659 63.9(3.9) | 61.7 66.6 63.6(3.92)

Tl TFSL-M TFSL-M 464k | 51.0 80.9 63.1 501 80.1 62.9
TFSL-M EaMaTa 12k | 62.1 66.0 64.0(1.43) | 61.9 658 63.8(1.43)

Teluga TFSL-M TFSL-M 392k | 51.0 81.6 64.3 51.0 80.9 63.9
TFSL-M EaMaTa 12k | 63.9 68.0 65.9(2.49) | 63.6 67.6 65.5(2.50)
TFSL-M TFSL-M 18k | 32.9 56.0 415 327 56.0 41.0

Sanskrit ~~ TFSL-M CLSR 83k | 438 46.6 45.1(8.67) | 43.1 46.0 44.4(8.29)
TFSL-M EaMaTa 8.3k | 44.1 468 45.4(9.40) | 43.6 46.3 44.9(9.5)
TFSL-M TFSL-M 604k | 58.7 83.9 69.1 570 834 67.7

Urdu TEFSL-M EaMaTa 13k 67.9 722 70.0(1.30) 66.6 70.8 68.6(1.33)
Entity Counts of Bhojpuri (bho) dataset
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Figure 6.2: Entity type frequency distribution of the Bhojpuri (bho) dataset. Each color depicts
the coarse-grained type, and each bar depicts the corresponding fine-grained types.

6.6.1 Gold Test Set

As shown in Table 6.7, 1000 sentences have been randomly selected from the silver test set, and
annotated by at least two annotators. All volunteer annotators have a minimum undergraduate
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Table 6.6: Statistics of FewNERD (ent) and the generated datasets. Abbreviations: Ln: Language;
Sent, Entity, Token mean the number of sentences, entities, and tokens, respectively.

Train set Development set (Silver) Test set

Ln | Sent Entity Token Sent Entity Token | Sent Entity Token
enf | 131,767 340,387 3,359,329 | 18,824 48,770 482,037 | 37,648 96,902 958,765
as 107,249 237,260 2,194,925 | 15,438 34,560 318,105 | 30,658 67,466 625,870
bho | 111,276 268,709 2,819,109 | 15,909 38,518 405,276 | 31,831 76,469 805,066
bn 119,296 287,264 2,484,304 | 17,513 42,877 368,063 | 33,374 79,340 689,690
bpy | 79,349 161,191 1,646,195 | 11,700 23,987 244,318 | 25,296 42,842 517,433
brx | 117,659 262,792 2.354,696 | 16,762 37,496 336,269 | 33,615 74,576 672,246
doi | 112,329 264,154 2,885,149 | 17,619 42,526 459,537 | 34,931 82,597 903,796
gom | 83,415 182,806 1,637,018 | 12,276 27,262 243,817 | 23,759 51,483 463,980
gu 126,581 315,919 2,828,298 | 18,122 45,431 406,929 | 28,959 69,207 619,889
hi 124,887 290,192 3,298,116 | 17,882 41,824 457,573 | 35,713 82,440 908,513
hne | 108,979 242,460 4,422,373 | 15,633 35,048 484,212 | 31,108 68,743 751,897
kn 115,565 266,523 2,083,241 | 16,962 39,781 308,326 | 26,327 59,365 453,817
ks 123,679 288,544 2,910,937 | 17,417 40,350 408,053 | 35,106 81,181 823,040
lus 78,762 183,595 1,983,240 | 12,232 29,004 313,115 | 27,826 67,254 717,052
mai | 108,826 256,701 2,763,005 | 10,224 22,706 245,657 | 19,899 43,530 472,498
ml 91,743 199,485 1,504,839 | 15,608 35,140 265,049 | 23,480 50,319 377,213
mni | 110,068 246,084 2,264,925 | 15,561 34,869 321,556 | 31,463 69,739 644,709
mr | 125,543 309,220 2,614,024 | 17,650 43,407 367,882 | 36,237 89,295 754,851
ne 125,695 311,439 2,661,064 | 18,252 45,778 389,382 | 35,498 87,112 747,802
or 118,633 289,943 2,427,051 | 18,090 45,247 376,152 | 32,477 78,893 657,395
pa 96,986 234,436 2,348,393 | 17,665 44,415 443,788 | 36,920 92,655 928,798
sa 69,581 152,269 1,214,021 | 10,043 22,175 176,574 | 19,729 42,643 341,208
sat 87,650 153,533 2,223,951 | 12,526 22,159 312,706 | 24,921 43,264 619,556
sd 90,362 214,371 2,218,078 | 17,221 42,845 440,340 | 32,159 78,317 809,085
ta 96,004 216,285 1,711,203 | 10,702 23,542 183,893 | 25,160 55,927 441,141
te 85,893 193,425 1,505,321 | 16,790 39,909 309,345 | 21,729 47,988 372,946
ur 122,794 298,069 3,229,867 | 17,570 43,205 465,417 | 35,198 85,785 929,427

degree and are chosen based on their mother tongue. The good quality of these manually anno-
tated datasets can be ascertained as the inter-annotator agreement (IAA(x)) is above 0.8 for each
language.

6.6.2 Entity Type Frequency Distribution

As shown in Figure 6.2, a larger number of entity mentions are detected for different fine types of
person, location, organization, and building-other. On the other hand, very specific fine types, such
as painting, disaster, election, protest, and fine types of products, are fewer in number. Similar
trends can be observed across all four languages.
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Table 6.7: Statistics of the gold test set. IAA (k) gives the inter-annotator agreement.

Language Sentences | Entities | Tokens | IAA (k)
Assamese (as) 1,000 2,201 20,415 0.812
Bengali (bn) 1,000 2,377 20,666 0.834
Bishnupriya (bpy) | 1,000 2,052 | 20,057 | 0.807
Bodo (brx) 1,000 2,219 19,999 0.804
Hindi (hi) 1,000 2,308 25,439 0.863
Marathi (mr) 1,000 2,464 20,831 0.855
Mizo (lus) 1,000 2,311 24,824 0.821
Nepali (ne) 1,000 2,454 21,265 0.831
Sanskrit (sa) 1,000 2,162 17,296 0.801
Tamil (ta) 1,000 2,223 17,534 0.829
Telugu (te) 1,000 2,209 17,164 0.825
Urdu (ur) 1,000 2,437 26,406 0.818

Table 6.8: Human evaluation and entity errors of FewNERD (ent) and generated datasets, Abbre-
viations: Ln: Language, XSTS: Crosslingual Semantic Text Similarity, BM: Boundary Mismatch,
TM: Type Mismatch, and SP: Spurious Entity.

Entity Errors Entity Errors
Ln | XSTS | BM | TM | SP || Ln | XSTS | BM | TM | SP
as 3.77 14.3 | 14.8 | 4.7 || bho | 3.72 14.4 | 10.6 | 5.7
bn 4.14 13.6 | 13.9 | 49 || bpy | 3.45 16.4 | 13.2 | 6.0
brx 3.65 13.2 | 15.7 | 4.5 || doi 3.72 18.8 | 10.1 | 7.3
gom | 4.04 16.9 | 13.4 | 5.9 || gu 4.23 13.6 | 13.7 | 4.9
hi 4.07 | 180 | 9.1 | 88 || hne 3.63 16.1 | 98 | 6.6
kn 3.63 14.3 | 13.5 | 5.1 || ks 3.62 18.2 | 11.5 | 6.9
lus 3.88 12.1 | 11.8 | 6.0 || mai | 3.59 17.3 | 10.9 | 7.1
ml 3.92 15.1 | 13.6 | 5.7 || mni | 3.42 18.9 | 17.7 | 5.6
mr 4.11 13.1 | 14.0 | 4.8 || ne 4.08 13.1 | 14.7 | 3.9
or 4.02 14.8 | 13,5 | 5.2 || pa 4.16 16.7 | 11.7 | 6.3
sa 3.59 14.9 | 13.3 | 6.7 || sat 3.45 19.9 | 18.1 | 9.9
sd 3.58 19.1 | 10.9 | 7.3 || ta 3.89 159 | 13.6 | 5.5
te 4.19 15.1 | 13.4 | 5.6 || ur 4.05 17.8 | 11.1 | 6.6

6.7 Results & Analysis

This section covers the analyses performed on the generated dataset, including human evaluations,
analysis of PLMs’ performance fine-tuned on the generated dataset, cross-lingual zero-shot eval-
uation, impact of multilingualism and script similarity, entity error analysis, and ablation study.
Initially, all the experiments were performed considering both silver and gold test datasets, in which
the variations in the results are within 5% (Table 6.10). Since silver test datasets are available for
26 languages compared to the gold test set for 12 languages only, further analyses are conducted
with the silver test set.
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Table 6.9: Performance of different models fine-tuned on the generated train sets, evaluated on the
gold test set. enf denotes the FewNERD dataset.

mBERT IndicBERTv2

Macro Micro Macro Micro

Ln | P R F1 P R F1 P R F1 P R F1
enf | 59.1 63.9 61.3 65.2 69.1 67.1 | 58.2 62.5 60.1 64.0 68.2 66.0
as 53.1 55.6 54.3 59.0 62.5 60.6 | 54.3 57.4 55.7 60.1 63.6 61.8
bn | 56.2 58.4 57.2 61.1 64.3 64.3 | 56.5 59.7 57.9 61.8 65.0 63.5
bpy | 53.8 56.1 54.9 47.8 52.7 50.6 | 52.2 54.7 53.4 47.9 50.1 49.2
brx | 55.3 58.0 56.5 60.0 63.5 61.7 | 56.1 59.0 57.3 61.1 64.1 62.6
hi 53.8 56.3 54.9 58.6 62.0 60.2 | 53.4 56.2 54.7 58.7 61.3 60.0
lus | 62.6 66.6 64.6 57.2 61.9 59.4 | 60.4 65.1 62.7 55.8 61.2 584
mr | 56.4 585 57.4 62.2 65.2 63.7 | 56.4 59.2 57.6 62.2 65.4 63.9
ne 57.6 60.0 58.7 63.0 65.8 64.4 | 58.1 60.4 59.1 63.1 65.8 64.5
sa 52.4 54.5 53.2 58.5 61.8 60.1 | 51.1 54.7 52.7 58.3 62.1 60.2
ta 52.5 54.8 53.4 58.8 62.0 60.3 | 52.6 55.2 53.7 58.9 62.2 60.6
te 52.9 54.3 53.8 58.4 61.6 59.9 | 54.1 56.4 55.0 59.9 63.2 61.7
ur 54.1 57.0 55.4 59.2 62.6 60.8 | 52.8 56.2 54.4 58.3 61.9 60.2

Entity-wise F1 Scores of Bhojpuri (bho) dataset
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Figure 6.3: Entity-wise F1 Scores of Bhojpuri (bho) dataset. Each color depicts the coarse-grained
type, and each bar depicts the corresponding fine-grained types.

6.7.1 Human Evaluation

To ensure the reliability and quality of the generated dataset, human evaluation was conducted
as per the XSTS methodology [163], which focuses on meaning preservation by having annotators
rate translated sentences from 1 to 5. Following [145, 164], two native-speaker annotators rated 100
sentences per language. All annotators are at least undergraduate degree holders. The consistently
high XSTS scores (Table 6.6) confirm the good quality of the generated dataset.

6.7.2 Performance of PLMs on Unseen Languages

As shown in the Table 6.10, the mBERT model fine-tuned on the generated dataset has performed
fairly well in the Indian languages it has been pre-trained on: Bengali (bn), Gujarati (gu), Hindi
(hi), Kannada (kn), Malayalam (ml), Marathi (mr), Nepali (ne), Punjabi (pa), Tamil (ta), Telugu
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Table 6.10: Performance of different models fine-tuned on the generated train sets, evaluated on
the silver test set. ent denotes the FewNERD dataset.

mBERT IndicBERTv2

Macro Micro Macro Micro

Ln P R F1 P R F1 P R F1 P R F1
ent | 59.1 63.9 61.3 65.2 69.1 67.1 | 58.2 62.5 60.1 64.0 68.2 66.0
as 54.1 56.7 55.3 60.1 63.7 61.8 | 56.7 60.0 58.2 62.6 66.2 64.4
bho | 60.4 64.2 62.2 53.9 56.9 55.2 | 62.8 66.9 64.8 56.4 60.4 58.2
bn 57.3 59.5 58.3 62.3 65.5 63.8 | 59.0 62.4 60.5 64.4 67.7 66.0
bpy | 54.8 57.2 56.0 48.7 53.7 51.6 | 53.2 55.7 54.4 48.7 51.1 50.1
brx | 56.4 59.1 57.6 61.2 64.7 62.9 | 58.6 61.6 59.9 63.6 66.7 65.1
doi | 52.5 55.4 53.6 58.1 61.8 59.9 | 54.1 57.6 55.5 59.3 63.6 61.4
gom | 51.2 54.1 52.5 57.7 61.8 59.7 | 53.8 56.4 54.8 60.0 63.9 61.9
gu 55.9 57.8 56.7 62.2 65.2 63.7 | 58.7 61.3 59.8 64.8 67.9 66.3
hi 54.8 57.4 56.0 59.7 63.2 61.4 | 55.8 58.7 57.1 61.1 63.8 62.4
hne | 59.6 63.1 61.3 55.8 57.1 56.5 | 61.4 66.1 63.7 55.9 59.9 58.1
kn 55.2 58.2 56.5 61.4 64.9 63.1 | 58.0 61.2 59.3 63.8 67.0 65.4
ks 51.6 54.3 52.8 58.4 61.8 60.1 | 52.6 55.9 54.0 59.3 63.3 61.2
lus 63.8 67.9 65.8 58.3 63.1 60.5 | 61.6 66.3 63.9 56.9 62.4 59.5
mai | 51.4 53.8 52.5 58.4 61.9 60.1 | 53.5 57.0 55.0 60.2 64.3 62.2
ml 53.5 55.6 54.4 58.8 62.1 60.4 | 56.5 59.2 57.8 62.0 65.4 63.6
mni | 186 44 6.4 253 7.3 11.3 | 49.7 50.1 49.6 55.6 58.8 57.2
mr 57.5 59.6 58.5 63.4 66.5 64.9 | 58.9 61.8 60.2 64.8 68.1 66.4
ne 58.7 61.2 59.8 64.2 67.1 65.6 | 60.7 63.1 61.7 65.7 68.5 67.1
or 249 9.1 124 32.0 11.4 16.8 | 57.2 60.6 58.8 63.1 66.4 64.7
pa 51.9 54.2 52.9 58.7 61.9 60.3 | 54.6 58.1 56.2 61.2 65.1 63.1
sa, 53.4 55.5 54.2 59.6 63.0 61.3 | 53.4 57.1 55.0 60.7 64.7 62.6
sat | 38.2 12.0 17.1 43.0 15.5 22.8 | 41.3 42.3 41.4 50.6 51.8 51.2
sd 35.6 34.9 35.0 43.3 42.7 43.0 | 50.7 53.8 52.1 57.9 61.6 59.7
ta 53.5 55.9 54.4 59.9 63.2 61.5 | 54.9 57.7 56.1 61.3 64.8 63.0
te 53.9 55.3 54.4 59.5 62.8 61.1 | 56.5 58.9 574 62.4 65.8 64.1
ur 55.1 58.1 56.5 60.3 63.8 62.0 | 55.2 58.7 56.8 60.7 64.5 62.6

(te) and Urdu (ur). It is interesting to see that on some unseen languages such as Assamese
(as), Bodo (brx), Dogri (doi), Konkani (gom), Maithili (main), Sanskrit (sa), and Kashmiri (ks),
mBERT model performed well. This is due to script similarity of Bengali with Assamese, use of
Arabic script for Kashmiri and Urdu, and Devanagari script for Hindi and other unseen languages
mentioned above. But, for the unseen languages having a different script, such as Manipuri (mni),
Oriya (or), Santali (sat) etc., the fine-tuned mBERT model could not perform well in terms of
Fl-score. However, such variations are not observed in the case of IndicBERTv2 (Table 6.10) as
the PLM is pre-trained on all 26 Indian languages. Hence, all the 26 fine-tuned IndicBERTv2
models on the generated dataset performed better than corresponding fine-tuned mBERT models
for the respective language. Table 2.1 in Chapter 2 shows the language coverage of the considered
multilingual encoder models.
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Zero-shot performance (micro F1) of fine-tuned mBERT models on test languages.
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Figure 6.4: Zero-shot performance (micro F1) of fine-tuned mBERT models on different test lan-
guages.

6.7.3 Cross-Lingual Zero-Shot Analyses

We have performed cross-lingual zero-shot analyses for every language pair, including the English
dataset from FewNERD. As shown in Figure 6.4, and Figure 6.5, the models are fine-tuned on
the dataset of respective languages and tested on the test set of other languages. The pre-trained
knowledge of mBERT in English is very proficient, due to which the zero-shot performance is
very high across all languages. In fact, it is sometimes higher than the language-specific fine-
tuned models for unseen languages such as Manipuri (mni), Santali (sat), Sindhi (sd) etc. The
impact of script similarity depends on the languages covered during pre-training of the PLM. For
example, when mBERT is fine-tuned with Assamese (as), on which it was not pre-trained, the
zero-shot performance on Bengali (bn) is 49.5 micro-F1 score. Whereas, when it is fine-tuned with
Bengali, on which it was pre-trained, the zero-shot performance in Assamese drops down to a 28.3
micro-F1 score, although both languages are written using Bengali-Assamese script. Whereas, such
variations are not observed when the similar tests are performed in fine-tuned IndicBERTv2 due
to its pre-training on all the 26 languages (Figure 6.5).

6.7.4 Multilingualism & Script Similarity

Our analysis extends to evaluating multilingualism, script similarity, and the influence of language
families. We constructed balanced datasets comprising multiple languages, ensuring an equal num-
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Zero-shot performance (micro F1) of fine-tuned IndicBERTv2 models on test languages.
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Figure 6.5: Zero-shot performance (micro F1) of fine-tuned IndicBERTv2 models on different test
languages.

ber of samples per language. The All26 set includes all 26 Indian languages, while the Indo-
European language set consists of Indo-European languages: Assamese (as), Bengali (bn), Dogri
(doi), Konkani (gom), Gujarati (gu), Hindi (hi), Kashmiri (ks), Maithili (mai), Marathi (mr),
Nepali (ne), Odia (or), Punjabi (pa), Sanskrit (sa), Sindhi (sd), and Urdu (ur). Similarly, the
Dravidian language set includes Kannada (kn), Malayalam (ml), Tamil (ta), and Telugu (te).

Based on script similarity, we categorized languages as follows: Assamese and Bengali under
Bengali-Assamese script, Bodo (brx), Dogri, Konkani, Hindi, Maithili, Marathi, Nepali, and
Sanskrit under Devanagari script, and Kashmiri, Sindhi, and Urdu under Perso-Arabic script.
As expected, the best model performance for each language is achieved when fine-tuned exclusively
on that language (Figure 6.4 and Figure 6.5). Performance also improves when languages share the
same script or belong to the same family, while it typically degrades when the language differs in
script or linguistic lineage.

However, two intriguing observations emerge. First, when IndicBERTv2 is fine-tuned exclu-
sively on Arabic-script languages, its zero-shot performance on Santali (sat) is markedly improved,
even exceeding that of the model fine-tuned on all 26 languages despite the inclusion of Santali
samples in the latter. Second, Manipuri (mni), a Sino-Tibetan language, attains superior zero-
shot results when the model is fine-tuned on Dravidian languages rather than on the complete
26-language set.
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Figure 6.6: Impact of Stage 2 and Stage 3 on percentage increase in F1 scores. Values inside bars
indicate percentage increase of Fl-scores after Stage 2 and Stage 3. Values outside indicate the
number of sentences removed at each stage.

6.7.5 Error Analysis

FgNER is very crucial, as depending on the context, an entity’s mention type may vary significantly.
Therefore, we have analyzed the errors in two different approaches. First, the details of entity errors
in terms of the percentage of predicted entities are shown in Table 6.6. The common errors that
occur include the Boundary Mention error (such as ‘Good Dinosaur’ is marked as film instead
of ‘The Good Dinosaur’), Entity Type error (e.g. ‘Fainting’ is categorized as Disease instead of
Symptom) and Spurious Entity errors (such as ‘red’ is marked as an entity although the entity type
color is not defined in FewNERD taxonomy).

Moreover, we have analyzed the often co-predicted fine-grained types. From Table 6.10, we
have selected Santali (sat) for this analysis, as this language has the highest percentage of mis-
matched entity types. As shown in Figure 6.7, the fine types actor, artist/author, and politician
are confused with person-other. Similarly, location-GPE is sometimes confused with location-other.
Apart from such closely related entity types, most of the other fine entity types are learned by the
models without much confusion.

6.7.6 Ablation Study

The impact of Stage 2 and Stage 3 are discussed through the Figure 6.6. The removal of erroneous
sentences due to entity-anchors mismatch in Stage 2 improves the F1 scores by 2.8% on average.
Similarly, the effect of the removal of sentences having a mismatch of total entity counts in Stage
3 is imminent, with an average improvement of F1 scores by 2.4%. Both stages improve the recall
and eventually improve the F1 scores.

Our analyses confirm the high quality of the generated dataset and the effectiveness of the Ea-
MaTa framework. Cross-lingual zero-shot analyses underscore the importance of language-specific
pre-training and task-specific fine-tuning of PLMs. Fine-tuning IndicBERTv2 on the generated
dataset yields highly effective FgNER, performance, while the All26 model further demonstrates
robust cross-lingual capabilities, making it well suited for broad multilingual applications.

6.8 Discussion

Translation-based dataset creation risks introducing errors and is limited by the source dataset’s size
and diversity. Although the FewNERD dataset spans multiple domains, the generated dataset still
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Entity Confusion Matrix for Santali (sat) language.
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Figure 6.7: Entity Confusion matrix of Santali (sat) language. Darker squares depict the entity
type pairs often confused by the fine-tuned model.

lacks certain linguistic, geographical, and cultural nuances specific to the Indian subcontinent. In
the future, we aim to develop culturally enriched datasets spanning all 26 languages. Furthermore,
we plan to systematically evaluate the FgNER capabilities of diverse large language models across
these languages.

6.9 Conclusion

We introduced the entity-anchored machine translation (EaMaTa) framework to create a high-
quality FgNER dataset, on average comprising over 153,000 annotated sentences for each of the
26 Indian languages. This proposed method mitigates the need for a language-specific Wikipedia
corpus for dataset generation, as discussed in Chapter 3, and dependence on the availability of
FgNER resources in a script-similar language, as described in Chapter 5. To the best of our knowl-
edge, it is the first FgNER dataset covering all these languages. FExtensive experiments validate the
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high quality of the dataset created through the EaMaTa framework, compared to various dataset
generation methods described in the previous chapters. Cross-lingual zero-shot analyses highlight
the importance of language-specific pre-training and task-specific fine-tuning. We believe the gen-
erated dataset and the associated fine-tuned models will advance NER across Indian languages and
support broader multilingual research.

The SampurNER dataset, associated fine-tuned models and interactive web application are publicly
available at: hf.co/collections/prachuryyalITG/SampurNER
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Conclusion

This thesis presents four contributions that represent a substantial and concerted effort to overcome
the significant resource scarcity for Fine-grained Named Entity Recognition (FgNER) in Indian lan-
guages. Three distinct, yet powerful, frameworks have been successfully introduced and validated:
TAFSIL, for distant supervision and taxonomy adaptation; CLASSER, a cross-lingual projection
method enhanced by script similarity; and EaMaTa, an entity-anchored machine translation ap-
proach. Moreover, annotation projection is utilized to create the FgNER dataset in extremely
resource-scarce vulnerable languages. These contributions have resulted in the creation of high-
quality FgNER datasets in five different taxonomies that collectively cover 26 Indian languages,
including four vulnerable languages (Bishnupriya, Bodo, Manipuri, and Mizo), spoken by over two
billion people worldwide. Rigorous experiments on State-of-the-Art (SOTA) demonstrated the ro-
bustness and utility of generated datasets, yielding remarkable performance improvements, such as
an average relative F1 score increase of 83% over zero-shot baselines with TAFSIL, and up to 46%
and 9% improvements with CLASSER and EaMaTa, respectively. The comprehensive cross-lingual
zero-shot analyses performed across three contributions consistently emphasize the crucial roles of
both language-specific pre-training and task-specific fine-tuning for achieving effective FgNER in
this challenging multilingual setting. Overall, this research has provided the necessary foundational
data resources: TAFSIL, FINERVINER, CLASSER, SampurNER, and FiNE-MiBBiC, which are
essential to spur advancements in FgNER, and broader multilingual research for Indian languages.

Limitations

Despite the encouraging and substantial results achieved, certain limitations inherent to the re-
source creation methodologies must be acknowledged. A primary constraint is the dependence on
source data characteristics, as the projection and translation-based contributions (e.g., CLASSER,
EaMaTa, etc.) risk inheriting biases or specificities from the source FgNER datasets (e.g., Mul-
tiCoNER2, FewNERD, etc.). Similarly, TAFSIL’s reliance on Wikipedia confines the generated
corpus to a specific text genre, potentially limiting the models’ performance in cross-domain ap-
plications. Moreover, TAFSIL requires reliable linguistic tools, such as POS taggers for all target
languages. Another limitation arises from the applicability of the alignment strategies: TAFSIL
requires entity types to align with Wikidata key values, while the cross-lingual refinement in
CLASSER relies heavily on the availability of resources in languages with similar scripts, limit-
ing its scalability to languages with significantly different syntactic structures. Furthermore, the
quality and volume of the datasets are intrinsically linked to the availability of external resources.
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This includes high-quality parallel corpora, the selection of the annotation projection tool, and the
multilingual encoder in the case of FINERVINER and CLASSER. Finally, the translation-based
methods, while effective, still risk lacking certain linguistic, geographical, and cultural nuances
specific to the Indian subcontinent that are not captured by the original English source dataset.

Future Works

The successful creation and validation of these extensive FgNER resources naturally pave the way
for several critical avenues of future research. A priority is the development of methodologies to
generate culturally enriched and domain-diverse datasets across all 26 languages, moving beyond
the current text genres to fully capture the linguistic and cultural heterogeneity of the Indian
subcontinent. TAFSIL and EaMaTa framework can be combined to create Fine-grained NER
datasets with evolving entity types, even for extremely low-resource languages. First, the evolving
entity type mapping to Wikidata QIDs will be required to generate a distant supervision dataset
through the TAFSIL framework. Since Wikipedia is most frequently updated in English compared
to other languages, such a dataset in English can be translated and cleaned to other languages
through the EaMaTa framework. However, the noise present in the distantly supervised dataset,
the impact of the quality of the translation service, and computationally expensive training of the
distantly supervised dataset will create further challenges.

A systematic and thorough evaluation of the performance of Large Language Models (LLMs)
on the FgNER task is necessary for benchmarking in both zero-shot settings and after fine-tuning
with the newly generated datasets (TAFSIL, FINERVINER, CLASSER, SampurNER, and FiNE-
MiBBiC). This will provide crucial insights into state-of-the-art performance. Furthermore, future
work will involve enhancing the generalizability and robustness of the developed frameworks, in-
cluding research into generalizing the CLASSER refinement stage to languages with varied syntactic
structures and systematically investigating the impact of different combinations of parallel corpora
and multilingual tools on the resulting dataset quality.
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