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Abstract
Named entity recognition (NER), particularly fine-grained NER (FgNER), extracts domain-specific entity information
for Natural Language Processing (NLP) applications such as knowledge base construction and relation extraction.
While manual annotation for creating relevant data is expensive, distant supervision often produces noisy data.
Moreover, resources for coarse-grained and fine-grained NER in Indian languages, particularly in the vulnerable
languages of India’s North Eastern Region, remain scarce. This work aims at creating such a resource for three
vulnerable languages: Bodo/Boro (brx), Manipuri/Meitei (mni), and Mizo/Lushai (lus), which are regarded as
official languages in three Indian states and spoken by more than six million people across five countries in South
and Southeast Asia. We use annotations projection from high-resource FgNER datasets using source-to-target
parallel corpora and a projection tool built on a multilingual encoder. The dataset comprises over 198k sentences,
282k entities, and 2.8M tokens in each low-resource language. Our thorough analyses validate the dataset’s
high quality. We further explore zero-shot and cross-lingual settings, examining the impact of script similarity and
multilingualism in cross-lingual FgNER performance. The dataset, expert detector models, the agentic tool, and the in-
teractive web application are available as open-source resources at: https://hf.co/collections/prachuryyaIITG/finerviner.

Keywords: Named Entity Recognition, Fine-grained Named Entity Recognition, Annotation Projection, In-
dian languages, Low resource languages, Vulnerable languages, Multilingual, Information Extraction

1. Introduction

Structured knowledge extraction from unstructured
text underpins many downstream applications,
including recommendation systems, knowledge-
base construction, and relation extraction. A rele-
vant foundational task is Named Entity Recognition
(NER). NER identifies and classifies mentions of
entities such as persons, locations, and organiza-
tions. The development of NER has progressed
from early rule-based systems Rau (1991), through
the collaborative contributions of dedicated events
(Grishman and Sundheim, 1996; Chinchor et al.,
1998; Satoshi, 2000; Tjong Kim Sang, 2002; Dod-
dington et al., 2004; Santos et al., 2006), to the
powerful neural architectures today (Zhang et al.,
2019; Yan et al., 2023; Zhou et al., 2023; Xue
et al., 2024; Zhang et al., 2024; Huang et al., 2025).
Conventional coarse-grained NER categories of-
ten prove insufficient for applications demanding
greater specificity. For instance, a generic “Prod-
uct" tag may fail to capture more detailed informa-
tion such as “Vehicle" or “Food" (Sekine and No-
bata, 2004). This requirement for finer distinctions
has driven the emergence of Fine-grained Named
Entity Recognition (FgNER), where the type and
granularity of entities are tailored to specific do-
mains and application requirements (Ling and Weld,
2012; Choi et al., 2018).

Despite considerable progress in coarse-grained
NER for Indian languages (Murthy et al., 2022;

Pathak et al., 2022; Litake et al., 2022; Mhaske
et al., 2023), the development of FgNER resources
for these languages remains in its early stages. Re-
cent initiatives, such as the MultiCoNER2 shared
task at SemEval-2023 (Fetahu et al., 2023), have
introduced FgNER datasets for Hindi and Ben-
gali through translated English annotations (Fetahu
et al., 2023). Similarly, the TAFSIL initiative gen-
erated noisy FgNER data for six other Indian lan-
guages by mining Wikipedia links and Wikidata
(Kaushik et al., 2025). Despite these important ad-
vances, comprehensive and high-quality FgNER
resources remain scarce for most low-resource In-
dian 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 annotations
of the MultiCoNER2 English dataset to the target
languages, utilizing the parallel corpora and a mul-
tilingual encoder-based annotation projection and
word alignment tool (Dou and Neubig, 2021; García-
Ferrero et al., 2022). The vulnerable languages
(UNESCO, 2017) considered are: Bodo/Boro (brx),
Manipuri/Meitei (mni), and Mizo/Lushai (lus), which
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

https://hf.co/collections/prachuryyaIITG/finerviner
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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 sen-
tences, 963k entity mentions, and 11M tokens
for three low-resource and vulnerable Indian lan-
guages: 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 lan-
guage with inter-annotator agreement (κ) above
0.81.

3. Our rigorous analyses establish the good qual-
ity of the generated dataset.

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

2. Related Works

Sekine et al. (2002) pioneered fine-grained entity
classification with a hierarchy of 150 types, and Ling
and Weld (2012) advanced fine-grained named en-
tity recognition (FgNER) by defining 113 types in
a two-level hierarchy. FgNER datasets have been
introduced in varied entity type count: e.g. ACE
has 52 types (Doddington et al., 2004), BBN has
93 (Weischedel and Brunstein, 2005), HYENA has
505 (Yosef et al., 2012), and OntoNotes has 88
(Gillick et al., 2014). Meanwhile, large-scale re-
sources like WikiSense (Chang et al., 2009), FINET
(Del Corro et al., 2015),TypeNet (Murty et al., 2017),
and UFET (Choi et al., 2018) offer thousands of
categories. Abhishek et al. (2019) improved qual-
ity with language-specific heuristics and refined
selection, whereas Ding et al. (2021) provides a
large, manually annotated dataset covering 66 fine-
grained types.

Yarowsky and Ngai (2001) pioneered entity pro-
jection using parallel corpora and word alignment,
yet zero-shot transfer remains limited for linguis-
tically distant languages (Wu and Dredze, 2019),
especially when structural and word order differ-
ences are significant (Karthikeyan et al., 2020). An-
notation projection has been widely used for depen-
dency parsing (Rai and Chatterji, 2022), relation
extraction (Nag et al., 2023), and NER (Prabhakar
et al., 2022; Tulajiang et al., 2025). To address the
need for larger, more diverse datasets in Indian
languages, Naamapadam (Mhaske et al., 2023)
was developed for 11 Indian languages via anno-
tation projection from English NER data, utilizing
Samanantar parallel corpora (Ramesh et al., 2022)
and word alignment techniques (Ruder et al., 2021;
Och and Ney, 2003).

An early step in developing NER resources for
Indian languages was the IJCNLP-2008 dataset
(Singh, 2008), which provided data for Hindi, Ben-

gali, Oriya, Telugu, and Urdu and became a
key resource in early Hindi NER research (Gali
et al., 2008; Saha et al., 2008a,b; Gupta and Bhat-
tacharyya, 2010; Bhagavatula et al., 2012). The
FIRE-2014 dataset (Devi et al., 2014) expanded
coverage to Tamil and Malayalam using sources
like Wikipedia, blogs, and forums. Polyglot NER
further contributed by covering over a hundred lan-
guages (Al-Rfou et al., 2015). WikiANN spans 282
languages, including 16 Indian languages (Pan
et al., 2017). Subsequent manual annotation ef-
forts produced datasets such as HiNER (Murthy
et al., 2022), AsNER (Pathak et al., 2022), Ma-
haNER (Litake et al., 2022), EverestNER (Niraula
and Chapagain, 2022), OurNepali (Singh et al.,
2019), NER in Bengali (Ekbal et al., 2008), NER
in Telugu (Reddy et al., 2018), Maithili (Mundotiya
et al., 2023), Bishnupriya Manipuri (Laishram et al.,
2020; Jimmy et al., 2023), Bodo (Narzary et al.,
2024), etc.

MultiCoNER-1 (Malmasi et al., 2022) and
MultiCoNER-2 (Fetahu et al., 2023) 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 (Ma et al., 2023a,b;
Tan et al., 2023; García-Ferrero et al., 2023) further
enhanced FgNER resources in Hindi and Bengali.
Some of the most recent works in FgNER include
datasets created for several Indian languages, in-
cluding a couple of vulnerable languages (Kaushik
et al., 2025; Kaushik and Anand, 2025, 2026a,b).
Despite these advancements, resources in vulnera-
ble Indian languages remain scarce, underscoring
the need for more multilingual FgNER datasets.

3. About the languages

Bodo (ISO 639-3 code: brx) is an official language
of India and in the Indian state of Assam. It is pri-
marily spoken in the Bodoland Territorial Region,
Bangladesh, and Nepal. Bodo, written using the
Devanagari script, is recognized as a vulnerable
language (UNESCO, 2017) as there are around
1.5 million native speakers in India (Census of In-
dia, 2011). Mizo, also known as Lushai (ISO 639-3
code: lus), is an official language in the Indian
state Mizoram, although it is yet to be included
as a scheduled language of India (The Constitu-
tion of India, 1950). Mizo is written using the Latin
script and spoken in some regions of Myanmar and
Bangladesh as well. Manipuri (ISO 639-3 code:
mni), also known as Meitei (or Meiteilon), is an offi-
cial language in the Indian state of Manipur. This
scheduled Indian language is written using Meitei
script, and spoken by more than 1.7 million people
(Census of India, 2011) across India, Bangladesh,
and Myanmar.
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Figure 1: Annotation projection from FgNER
dataset in source language to target language, uti-
lizing parallel corpora, along with annotation pro-
jection and word alignment tool.

4. Annotation Projection

As illustrated in the Figure 1, the annotation pro-
jection method is a three-component process
that leverages a high-resource source language
(src) to project annotations to the target lan-
guage (tgt). For the source language src, the
FgNER dataset Dsrc = {(s(k)src, y

(k)
src)}Nk=1 consist

of N samples where each sentence ssrc is paired
with its corresponding annotation sequence ysrc.
The source language provides both an annotated
FgNER dataset Dsrc and a parallel corpus P =

{(s(k)src, s
(k)
tgt)}Nk=1 of size N that comprises sentence

pairs aligned with the target language (tgt).
The projection process is executed for each par-

allel pair (ssrc, stgt) ∈ P and involves the following
steps:

1. Embedding Computation: A pretrained
multilingual encoder M is fine-tuned on the par-
allel corpus P to produce contextual embeddings
Esrc = M(ssrc) and Etgt = M(stgt) for the source
and target sentences, respectively.

2. Alignment Mapping: A word alignment ser-
vice, A(ssrc, stgt), leverages these embeddings to
generate a mapping, map, from source-sentence
tokens to target-sentence tokens:
map = A(ssrc, stgt) using Esrc & Etgt.
3. Annotation Projection: The source annota-

tion sequence ysrc is projected to the target sen-
tence by setting the annotation for each token j

in stgt as ŷ
(j)
tgt = y

(map−1(j))
src . This operation is per-

formed iteratively for all tokens in the target sen-
tence, yielding a complete annotation sequence
ŷtgt.

4. Dataset creation for target language: The
newly created pair (stgt, ŷtgt) is included to create
the final FgNER dataset in the target language,
Dtgt.

Table 1: FiNERVINER gold dataset. IAA (κ) gives
the inter-annotator agreement.

Language Bodo Manipuri Mizo
IAA (κ) 0.875 0.811 0.821

4.1. Implementation details
We use the MultiCoNER2 (Fetahu et al., 2023)
dataset, which provides 33 fine-grained entity types
across 12 languages. For our setup, English
served as the source language (src), while the tar-
get languages (tgt) are Bodo (brx), Manipuri (mni),
and Mizo (lus). To obtain the necessary parallel cor-
pora (P ), we used the BPCC corpora (Gala et al.,
2023) for Manipuri and Bodo, which is augmented
with additional resources from Islam (2018); Islam
et al. (2018). The parallel corpus used for Mizo is
the Mizo–English parallel corpus (Haulai and Hus-
sain, 2023). Following García-Ferrero et al. (2022),
we adopted AWESoME align (Dou and Neubig,
2021) asA, fine-tuned on the English MultiCoNER2
dataset (Dsrc). Finally, we used different multilin-
gual encoders (M ) for our target languages. For
Bodo and Manipuri, we fine-tuned IndicBERTv2
(Doddapaneni et al., 2023), as it is the only en-
coder 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 (Lalramhluna et al., 2024) utilized
the BERT-base (Devlin et al., 2019) tokenizer on
English and then pre-trained on a large-scale Mizo
corpus (Lalramhluna et al., 2024). Therefore, we
have used MizBERT as multilingual encoders (M )
for our target language Mizo. Through the imple-
mentation details as mentioned in this section, the
FiNERVINER dataset is generated, which is dis-
cussed in the next sections.

5. FiNERVINER dataset

As shown in Table 2, the created FiNERVINER
dataset consists of more than 198 thousand sen-
tences, 282 thousand entity mentions, and 2.8 mil-
lion tokens in each of the three low-resource vul-
nerable Indian languages. We randomly pick 1000
sentences from the dataset for manual annotation
to create the test set (Table 1). From the rest of the
dataset, 10% is considered as the development set
and the remaining as the training set.

5.1. Gold dataset
Volunteer annotators, who have a minimum educa-
tion of an undergraduate degree, are chosen based
on their mother tongue. As shown in the Table 1,
we compute inter-annotator agreement (IAA) on
the 1000 sentences annotated by two annotators
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Table 2: FiNERVINER dataset statistics. Sents, Ents and Tokens means number of Sentences, Entities
and Tokens respectively.

Train Set Development Set Test Set
Language Sents Ents Tokens Sents Ents Tokens Sents Ents Tokens
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

Figure 2: Entity type frequency distribution of the FiNERVINER Mizo dataset.

for each language. The good quality of these gold
datasets can be ascertained based on the Cohen’s
kappa coefficient (κ) (Deleger et al., 2012), which
is above 0.81 for each language.

5.2. Entity type frequency distribution
As shown in Figure 2, more number of entity men-
tions are detected for the fine types of Person
(e.g. Artist) and Location (e.g. HumanSettlement).
Since Artist type includes the mentions of musi-
cians, actors, directors, authors, etc, the count is
the highest among all the fine entity types. In con-
trast, very specific fine types such as Aerospace-
Manufacturer, Drink, AnatomicalStructure, etc., are
very scarce. Similar trends can be observed across
all three languages.

6. Experimental Setup

The state-of-the-art approach for sequence label-
ing tasks involves fine-tuning pre-trained language
models (PLM) with the NER datasets (Murthy
et al., 2022; Marreddy et al., 2022; Malmasi et al.,
2022; Mhaske et al., 2023; Fetahu et al., 2023;
Tulajiang et al., 2025; del Moral-González et al.,
2025; Maurya et al., 2026). Similarly, we have
fine-tuned mBERT (bert-base-multilingual-cased)

(Devlin et al., 2019), IndicBERTv2 (IndicBERTv2-
MLM-Sam-TLM) (Doddapaneni et al., 2023), MuRIL
(muril-large-cased) (Khanuja et al., 2021), XLM-
RoBERTa (XLM-RoBERTa-large) (Conneau et al.,
2020), and MizBERT (Lalramhluna et al., 2024) for
fine-grained NER using the Hugging Face Trans-
formers library (Wolf et al., 2020). 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 SeqE-
val metrics, and the best performance determined
by the F1-score .

7. Results & Analysis

The following subsections cover the analyses
of PLMs’ performances fine-tuned on the FiN-
ERVINER dataset, cross-lingual zero-shot evalua-
tion, the impact of multilingualism and script simi-
larity, and entity-specific error analyses.

7.1. Performance of PLMs fine-tuned on
FiNERVINER dataset

Multilingual encoder model IndicBERTv2 is the only
PLM pre-trained on Bodo (brx) and Manipuri (mni).
Table 3 shows the performance of IndicBERTv2
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Table 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

Bodo (brx)

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
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

Manipuri (mni)

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
MuRIL 58.32 60.04 59.17 57.16 59.28 58.11
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

Mizo (lus)

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
MuRIL 78.51 81.36 79.91 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

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 FiN-
ERVINER dataset. In fact, an interesting result is
observed in the case of the Mizo language. The
Mizo language is written using the Latin script (sim-
ilar to English, German, Spanish, French, Italian,
Portuguese, etc.), and Bodo and Manipuri are writ-
ten using Devanagari and Meitei scripts, respec-
tively. Although the Mizo language was unseen dur-
ing pre-training of mBERT, XLM-RoBERTa, MuRIL,
and IndicBERTv2, the models could perform signif-
icantly better than other languages in the FgNER
task due to the massive pre-training on the lan-
guages written using the Latin script. Also, since
the MizBERT utilized BERT-base tokenizer on En-
glish and then pre-trained on only the Mizo lan-
guage, its performance on Mizo after fine-tuning is
superior but quite inferior after fine-tuning on the
languages written using other scripts than the Latin
script (Table 3). For further analysis on these obser-
vations, we have conducted cross-lingual zero-shot
analysis, which is described in the following sec-
tions.

7.2. Cross-lingual zero-shot analysis
We have performed cross-lingual zero-shot anal-
ysis for every single language pair. As shown in
Figure 3, the models are fine-tuned on datasets
of respective languages and tested on the test set
of other languages. As expected, the best perfor-
mance 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 infe-
rior 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 per-
formance is very poor on the Manipuri (mni) test
set. Similarly, when these 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 per-
formance 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.

We have extended the zero-shot analysis to Ben-
gali (bn), English (en), and Hindi (hi) languages,
utilizing the publicly available MultiCoNER2 dataset
(Fetahu et al., 2023). Since all these multilingual
PLMs are pre-trained on these three high-resource
languages, their zero-shot performances are supe-
rior compared to the zero-shot performances of the
low-resource vulnerable languages.

7.3. The impact of Script Similarity
We further investigate the impact of script similarity
for the FgNER task. As already discussed previ-
ously, the influence of the Latin script is imminent on
the Mizo language. Similar observations are shown
in Fig. 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
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Figure 3: Zero-shot performance (micro F1) of mBERT, XLM-RoBERTa, MuRIL, and IndicBERT models
fine-tuned on FiNERVINER dataset and tested on different languages.

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 en-
tities are nouns that mostly do not change spellings
based on the language, if the languages are written
using the same script. Therefore, in script-similar
languages, in spite of grammatical and linguistic di-
vergences, 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 es-
tablished by the zero-shot performance of Bengali
(bn), which is nearly consistent in any individual
PLMs across all the fine-tuned variations. The ef-
fect 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.

7.4. Multilingualism

Our analysis extends to evaluating multilingualism.
We constructed a balanced set (all3) comprising all
three languages Bodo, Manipuri, and Mizo, ensur-
ing an equal number of samples per language. As
seen in the Figure 3, there is significant improve-
ment over 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 per-
formance 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.

Table 4: Entity errors in terms of the percentage of
predicted entities for different languages fine-tuned
on IndicBERTv2

Entity Error Type brx mni lus
Boundary mismatch 9.27 11.46 4.43
Type mismatch 14.41 15.23 11.75
Spurious entity 2.67 2.21 0.84

7.5. Entity type specific performance
Table 5 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 of Person,
such as Artist, Athlete, and Politician, as detailed
in the 7.6 Error Analysis section.

7.6. 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 ap-
proaches. Table 4 shows the details of entity errors
in terms of the percentage of predicted entities.
The common errors that occur include the bound-
ary error (such as “Who” is marked as MusicalGRP
instead of “The Who”), entity type mismatch er-
ror (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 taxon-
omy). Entity boundary mismatch errors and entity
type mismatch errors are highest in Manipuri (mni),
whereas spurious entity errors occur the most in
Bodo (brx).
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Table 5: Entity-type specific performance of the best models fine-tuned on the FiNERVINER dataset.
Bodo (brx) Manipuri (mni) Mizo (lus)

Entity Type P R F1 P R F1 P R F1
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
MusicalGRP 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 88.28 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
WrittenWork 77.29 75.32 76.29 75.72 80.87 78.22 83.93 88.68 86.24

We have further analyzed the often co-predicted
fine-grained types. From Table 4, we have selected
Manipuri (mni) for this analysis as this language has
the highest percentage of mismatch entity types.
As shown in Figure 4, Symptom is sometimes con-
fused with Disease. Similarly, the fine types Artist,
Athlete, Politician are sometimes confused with
OtherPER, due to which the F1-score of Other-
PER is the lowest among all the fine entity types,
as also discussed in the 7.5 Entity type specific per-
formance section. Apart from such closely related
fine entity types, most of the other fine entity types
are learned by the models without much confusion.

8. Conclusion

We have generated FiNERVINER dataset by pro-
jecting English MultiCoNER2 annotations to three
low-resource target languages, utilizing the paral-
lel corpora and a multilingual encoder-based an-

notation projection and word alignment tool. The
dataset comprises over 198k sentences, 282k enti-
ties, and 2.8M tokens in each vulnerable language:
Bodo, Manipuri, and Mizo. As the first FgNER
dataset for these languages created via an annota-
tion projection method, extensive experiments val-
idate its quality, and cross-lingual zero-shot anal-
yses underscore the need for language-specific
pre-training and task-specific fine-tuning.

9. Limitations

Despite the encouraging results of this study, it is
important to acknowledge certain limitations that
require further investigation. It is essential to rec-
ognize that the characteristics of the generated
dataset are directly dependent on the characteris-
tics of the source FgNER dataset. Any inherent bi-
ases or specificities within the source dataset have
the potential to influence the generated dataset.
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Figure 4: Entity type confusion matrix of Manipuri (mni) language

Second, the volume and quality of the generated
dataset are linked to the availability of parallel cor-
pora 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. Fi-
nally, 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.

10. Ethics Statement

The annotations were generated using the openly
accessible MultiCoNER21 dataset and BPCC2

1https://multiconer.github.io/
2https://huggingface.co/datasets/

ai4bharat/BPCC

parallel corpora released under CC-BY-4.03 and
CC04 licenses. In addition to collecting data from
multiple domains, BPCC emphasizes geographi-
cally and culturally relevant information about India
sourced from official Government of India websites.
We did not modify these datasets to correct for
potential biases and use them as-is. We have
cited all the sources of resources, tools, packages,
and models used in this work. The test-set
annotations were provided pro bono by volunteers
passionate about creating a fine-grained named
entity recognition dataset for Indian languages.
The annotators were clearly introduced to the task
and assisted appropriately during the annotation
process. These contributors received no financial
compensation and were informed in advance
that their annotations would be released publicly.
Importantly, none of the submitted annotations
include any personal or identifying information.

3https://creativecommons.org/licenses/
by/4.0/

4https://creativecommons.org/
public-domain/cc0/

https://multiconer.github.io/
https://huggingface.co/datasets/ai4bharat/BPCC
https://huggingface.co/datasets/ai4bharat/BPCC
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/public-domain/cc0/
https://creativecommons.org/public-domain/cc0/


7663

The FiNERVINER dataset, expert detector models,
the agentic tool, and the interactive web applica-
tion are available as open-source resources at:
https://hf.co/collections/prachuryyaIITG/finerviner5

under MIT license6.
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