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Abstract
We present APTFiNER, a novel fine-grained named entity recognition (FgNER) dataset covering six low-resource
Indian languages spoken by over 400 million people across various nations. While creating FgNER resources
through manual annotation is typically expensive and labor-intensive, distant supervision has emerged as a workable
alternative. Yet, such FgNER datasets are often noisy, as each entity mentions are often assigned multiple entity
types, which necessitates computationally demanding noise-aware models. Furthermore, resources for both
coarse-grained and fine-grained NER tasks remain scarce for low-resource languages. To overcome this scarcity, we
utilized the superior reasoning and translation capability of Gemini through the proposed annotation-preserving
translation method and created a large-scale FgNER dataset comprising over 411 thousand sentences, 697 thousand
entity mentions, and 5.8 million tokens in total. We translated the MultiCoNER2 English FgNER dataset to the
target languages: Assamese (as), Marathi (mr), Nepali (ne), Tamil (ta), Telugu (te), and a vulnerable language,
Bodo (brx). Through rigorous analyses and human evaluations, the effectiveness of our method and the high
quality of the resulting dataset are ascertained with F1 score improvements of 8% in both Tamil and Telugu, and
25% in Marathi over the current state-of-the-art. The dataset, expert detector models, the agentic tool, and the
interactive web application are available as open-source resources at: https://hf.co/collections/prachuryyaIITG/aptfiner.

Keywords: Named Entity Recognition, Fine-grained Named Entity Recognition, Annotation Preserving Translation,
Indian languages, Low resource languages, Vulnerable languages, Multilingual, Information Extraction

1. Introduction

Named Entity Recognition (NER) is foundational
to applications such as recommendation systems,
knowledge base construction, relation extraction,
and information retrieval. While traditional NER
focuses on coarse-grained categories like Person,
Location, and Organization, fine-grained named en-
tity recognition (FgNER) captures richer, domain-
specific semantics with types such as Scientist,
Software, Symptom, and Vehicle. Sekine et al.
(2002) pioneered fine-grained entity classification
with 150 hierarchical types, inspiring subsequent
resources that vary in granularity: ACE (52 types)
(Doddington et al., 2004), BBN (93) (Weischedel
and Brunstein, 2005), FIGER (113) (Ling and Weld,
2012), HYENA (505) (Yosef et al., 2012), and
OntoNotes (88) (Gillick et al., 2014). Large-scale
resources such as WikiSense (Chang et al., 2009),
FINET (Del Corro et al., 2015), TypeNet (Murty
et al., 2017), and UFET (Choi et al., 2018) ex-
panded coverage to thousands of entity types. Fur-
ther refinements include Abhishek et al. (2019),
who employed language-specific heuristics for
higher precision, and Ding et al. (2021), who in-
troduced a large manually annotated dataset with
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66 fine-grained types.
Machine translation has been widely adopted for

creating multilingual NER datasets from the source
dataset in English (Mayhew et al., 2017; Ugawa
et al., 2018; Jain et al., 2019; Yang et al., 2022;
Malmasi et al., 2022). The MultiCoNER-1 (Mal-
masi et al., 2022) and the MultiCoNER2 shared
task (Fetahu et al., 2023a) created datasets in Hindi
and Bengali by translating English coarse-grained
NER and fine-grained NER datasets, respectively
(Fetahu et al., 2023). The recent TAFSIL initia-
tive leveraged Wikipedia and Wikidata to generate
noisy FgNER datasets for six Indian languages
(Hindi, Marathi, Sanskrit, Tamil, Telugu, and Urdu)
across four taxonomies (Kaushik et al., 2025). Ad-
ditionally, substantial progress has been made in
manually annotated coarse-grained NER for Indian
languages (Reddy et al., 2018; Pathak et al., 2022;
Litake et al., 2022; Niraula and Chapagain, 2022;
Murthy et al., 2022; Narzary et al., 2024). However,
comprehensive and high-quality FgNER resources
are still limited for most low-resource Indian lan-
guages.

To bridge this gap, we have introduced
APTFiNER: Annotation Preserving Translation for
Fine-grained Named Entity Recognition to gener-
ate a dataset for FgNER task in low-resource lan-
guages: Assamese (as), Marathi (mr), Nepali (ne),

https://hf.co/collections/prachuryyaIITG/aptfiner
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Tamil (ta), Telugu (te), and a vulnerable language,
Bodo (brx) (UNESCO, 2017). We have utilized
MultiCoNER21 (Fetahu et al., 2023) as the source
FgNER dataset in English to efficiently translate
into six low-resource target languages.
Our contributions can be summarized as follows:

1. Annotation preserving translation method
leveraging the superior reasoning and translation
capability of Gemini to create high-quality FgNER
datasets in low-resource languages.

2. Construction of APTFiNER, a large-scale
FgNER dataset in six low-resource languages: As-
samese (as), Bodo (brx), Marathi (mr), Nepali (ne),
Tamil (ta), and Telugu (te) in MultiCoNER2 taxon-
omy. APTFiNER dataset comprises over 411 thou-
sand sentences, 697 thousand entity mentions, and
5.8 million tokens in total.

3. Manually annotated gold test with 1000 sen-
tences for all six languages: Assamese (as), Bodo
(brx), Marathi (mr), Nepali (ne), Tamil (ta), and Tel-
ugu (te).

4. Rigorous human evaluations and extensive
experiments with state-of-the-art models confirm
the high quality of the datasets generated using
the annotation-preserving translation method. The
F1 score improvements of the fine-tuned models
on the APTFiNER dataset are 8% in both Tamil
and Telugu, and 25% in Marathi over the current
state-of-the-art.

2. Related Works

One of the earliest contributions to fine-grained
entity typing was by Sekine et al. (2002), who intro-
duced a 150-type hierarchical taxonomy. Later,
Ling and Weld (2012) defined 113 types in a
two-level hierarchy, pioneering FgNER research.
FgNER datasets have a varied number of fine-
grained entity types: ACE (52 types) (Dodding-
ton et al., 2004), BBN (93 types) (Weischedel
and Brunstein, 2005), HYENA (505 types) (Yosef
et al., 2012), OntoNotes (88 types) (Gillick et al.,
2014) etc. Significant resources such as WikiSense
(Chang et al., 2009), FINET (Del Corro et al.,
2015), TypeNet (Murty et al., 2017), and UFET
(Choi et al., 2018) introduced thousands of cate-
gories, broadening entity coverage. Abhishek et al.
(2019) improved dataset quality using language-
specific heuristics, while FewNERD (Ding et al.,
2021) remains one of the largest manually anno-
tated FgNER datasets (66 types). More recently,
MultiCoNER-2 (Fetahu et al., 2023) extended fine-
grained NER to 12 languages with 33 entity types.

Early low-resource NER efforts include the
IJCNLP-2008 dataset (Singh, 2008) (Hindi, Bengali,
Oriya, Telugu, Urdu) and FIRE-2014 (Devi et al.,

1https://multiconer.github.io/

2014) (Tamil, Malayalam). Broader multilingual ini-
tiatives followed, such as Polyglot NER (Al-Rfou
et al., 2015) (100+ languages) and WikiANN (Pan
et al., 2017) (282 languages), though the latter’s
Wikipedia-based annotation introduced noise, mak-
ing it a silver-standard resource. To address this,
several manually annotated datasets emerged for
diverse languages, including HiNER (Murthy et al.,
2022), AsNER (Pathak et al., 2022), MahaNER
(Litake et al., 2022), EverestNER (Niraula and Cha-
pagain, 2022), NER for Bengali (Ekbal et al., 2008),
Telugu (Reddy et al., 2018), Bishnupriya Manipuri
(Laishram et al., 2020; Jimmy et al., 2023), Bodo
(Narzary et al., 2024) etc. Naamapadam (Mhaske
et al., 2023) expanded the coverage to 11 low-
resource languages via annotation projection.

Annotation projection and translation-based
methods have been widely used for multilingual
NER (Mayhew et al., 2017; Ugawa et al., 2018;
Jain et al., 2019; Yang et al., 2022; Vavekanand
et al., 2025), leading to new datasets (Liu et al.,
2021; Yang et al., 2022; Lancheros et al., 2024; Tu-
lajiang et al., 2025; Vavekanand et al., 2025). Ma-
chine translation was also utilized in MultiCoNER-
1 (Malmasi et al., 2022) and MultiCoNER-2 (Fe-
tahu et al., 2023), which were later expanded by
SemEval-2023 participants (Fetahu et al., 2023b;
Ma et al., 2023a,b; Tan et al., 2023; García-Ferrero
et al., 2023). Some of the most recent works in
FgNER include datasets created for several Indian
languages including a couple of vulnerable lan-
guages (Kaushik et al., 2025; Kaushik and Anand,
2025, 2026a,b). Despite these advances, multilin-
gual fine-grained NER resources for low-resource
and vulnerable languages remain limited, under-
scoring the need for further expansion.

3. About the languages

Assamese (ISO 639-1 code: as) is an official lan-
guage of Assam, a state in India, having more than
15 million native speakers (Census of India, 2011).
Bodo (ISO 639-3 code: brx) is an official language
of Assam, primarily spoken in Bodoland Territorial
Region, Bangladesh and Nepal. Bodo is recog-
nized as a vulnerable language (UNESCO, 2017)
as there are around 1.5 million native speakers
in India. Marathi (ISO 639-1 code: mr) is an offi-
cial language in Indian states of Maharastra and
Goa, which is spoken by more than 83 million peo-
ple. Nepali (ISO 639-1 code: ne) is an official lan-
guage in Nepal, and Indian state of Sikkim. Al-
though Nepali is considered as a mother tongue
by 3 million people in India, yet it is spoken by
more 33 million people in various regions of Nepal,
Bhutan, Brunei as well. Tamil (ISO 639-1 code: ta)
is an official language in Singapore, Sri Lanka and
Indian state of Tamil Nadu and union territory of

https://multiconer.github.io/
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Table 1: Translation metrics for comparison of Google Translate (GglTr), Bing, and Google Gemini (Gmni)
translators (best values are in bold).

BLEU TER chrF COMET
Language GglTr Bing Gmni GglTr Bing Gmni GglTr Bing Gmni GglTr Bing Gmni
Assamese 43.35 39.89 42.40 42.62 44.95 42.76 69.97 67.99 70.71 0.923 0.879 0.905
Bodo – 18.72 18.06 – 64.06 64.32 – 57.95 56.91 – 0.647 0.644
Marathi 32.40 28.53 33.39 52.41 55.05 51.93 64.55 62.31 64.78 0.801 0.792 0.803
Nepali 35.76 33.71 36.01 47.25 51.45 47.21 64.55 62.31 64.93 0.879 0.867 0.873
Tamil 29.89 29.37 30.01 56.96 57.23 57.02 69.04 68.93 69.05 0.925 0.921 0.924
Telugu 31.83 30.73 32.06 52.31 54.46 51.99 67.57 66.35 68.21 0.913 0.908 0.920

Prompt 1: Annotation Preserving Translation with Gemini 2.5 Flash

You are a professional machine translator given the following task: you will be
given a sentence with each token labeled with one of the following labels:

• Facility, OtherLOC, HumanSettlement, Station

• VisualWork, MusicalWork, WrittenWork, ArtWork, Software

• MusicalGRP, PublicCORP, PrivateCORP, AerospaceManufacturer, SportsGRP,
CarManufacturer, ORG

• Scientist, Artist, Athlete, Politician, Cleric, SportsManager, OtherPER

• Clothing, Vehicle, Food, Drink, OtherPROD

• Medication/Vaccine, MedicalProcedure, AnatomicalStructure, Symptom, Disease

The label will be ’O’ if the token doesn’t match any of the above labels.
You need to translate the given English sentence to Marathi and then also
propagate the labels based on the translation.
Also, note the following points before you begin:

1. DO NOT OUTPUT ANYTHING OTHER THAN THE TRANSLATED SENTENCE AND THE LABELS (even
the text that you understood the prompt).

2. TRANSLATE STEP-BY-STEP.

3. THE INPUT MAY CONTAIN ERRORS IN THE LABELS. YOU NEED TO CORRECT THEM. DO THIS
ONLY WHEN YOU ARE COMPLETELY SURE THAT THE LABEL IS WRONG.

4. FOLLOW THE SAME EXACT FORMAT AS THE INPUT SENTENCE IS GIVEN.

5. ALWAYS TRANSLITERATE PROPER NOUNS.

6. IF THERE ARE MULTIPLE TRANSLATIONS POSSIBLE FOR A GIVEN WORD, CHOOSE THE ONE
THAT IS GIVEN IN THE EXAMPLES. OTHERWISE, YOU CAN CHOOSE THE MOST POPULAR ONE.

Now I will give you examples for each label. You will be given the English part,
and you have to output the Marathi one.

Puducherry. Although there are 69 million official
Tamil speakers in India, it is estimated that more
than 86 million people speak Tamil in various parts
of the world. Telugu (ISO 639-1 code: te) is an
official language in Indian states Telangana and
Andhra Pradesh which is considered as mother
tongue by more than 81 million people. All these
six languages are included in the Eighth Schedule
to the Constitution of India (MHA, GoI, 2017).

4. Annotation Preserving Translation

Preservation of the meaning of a sentence and an-
notations of entity mentions are essential for correct
fine-grained named entity recognition (FgNER). For

example, in the sentence “The Who plays tonight",
“The Who" is a MusicalGRP. But, exclusion of ‘The’
may change the meaning of the sentence to an
interrogative sentence, or it may lead to an erro-
neous annotation of only ‘Who’ as a MusicalGRP.
Therefore, as shown in Table 1, in order to choose
the best translation service, we initially selected
three translation services based on their coverage
of languages: Google Translate (2025), Bing Trans-
lator (2025), and Google Gemini (2025). We ran-
domly chose three sets of 1000 English-to-Indian
language sentence pairs from the NLLB corpus
(Costa-Jussà et al., 2022) for each six languages.
The English sentence from each pair was trans-
lated into the respective target language sentence.
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Table 2: APTFiNER dataset statistics. Snt, Ent and Tkn means number of Sentences, Entities and
Tokens respectively. IAA(κ) gives inter-annotator agreement.

Train Set Development Set Test Set
Language Snt Ent Tkn Snt Ent Tkn Snt Ent Tkn IAA(κ)
Assamese 53,160 90,489 796,912 5,848 9,959 87,693 1000 1,407 14,270 0.901
Bodo 23,571 36,977 406,782 2,591 4,043 44,708 1000 1,423 14,082 0.875
Marathi 97,752 172,635 1,400,010 10,753 18,993 153,982 1000 1,443 13,996 0.887
Nepali 67,096 110,068 948,504 7,382 12,091 104,321 1000 1,436 14,142 0.882
Tamil 58,330 100,254 773,419 6,420 11,031 85,094 1000 1,442 13,225 0.873
Telugu 65,477 109,597 843,701 7,205 12,073 92,835 1000 1,437 12,925 0.877

Figure 1: Entity type frequency distribution of the APTFiNER Marathi dataset.

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 experimen-
tal sets is presented in Table 1.

Zhang et al. (2023); Briakou et al. (2024); Tang
et al. (2025) have shown that the translation quality
of Large Language Models (e.g, Gemini) can be sig-
nificantly improved through prompting and step-by-
step reasoning. Utilizing such methods, with Gem-
ini 2.5 Flash, we have found the best translation
quality for Marathi, Nepali, Tamil, and Telugu, and
the second-best for Assamese and Bodo (Table
1). Therefore, we have selected Gemini 2.5 Flash
to create FgNER datasets for all six languages
by translating the MultiCoNER2 English dataset.
Prompt 1 shows that it is carefully designed to en-
sure high-quality translation while preserving the
integrity of the annotations. The advanced reason-
ing and translation capabilities of Gemini 2.5 Flash
were leveraged to achieve optimal quality in the
generated dataset, with the output translated sen-
tences constrained strictly to the BIO format. Fur-
thermore, the prompt explicitly addressed potential
sources of noise in both the source dataset and the
translation process, particularly those arising from
synonym variations.

5. APTFiNER dataset

As shown in Table 2, after the creation of the
dataset through the proposed method, 1000 sen-
tences are randomly selected for human annotation.
From the rest of the dataset, 10% is considered as
the development set and the remaining as the train-
ing set. To the best of our knowledge, this is the
first initiative to develop FgNER resources in the
MultiCoNER2 taxonomy for these six low-resource
languages.

5.1. Entity type frequency distribution

As shown in Figure 1, 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. On the
other hand, entity mentions belonging to very spe-
cific fine types, such as AerospaceManufacturer,
Symptom, AnatomicalStructure, Clothing etc., are
comparatively fewer in number. Similar trends are
observable across all six languages.
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Table 3: Comparison of performance of different models fine-tuned on APTFiNER and TAFSIL (Kaushik
et al., 2025) train sets and tested on TAFSIL test set.

DECENT model with XLM-RoBERTa-large base encoder
Train Dataset Micro Macro

Lang (No. of samples) P R F1(↑∆%) P R F1(↑∆%)
Marathi TAFSIL (126k) 49.36 83.73 62.10 50.89 81.93 62.28

(mr) APTFiNER (98k) 71.59 84.72 77.60(↑25.0) 72.87 84.76 78.35(↑25.8)
Tamil TAFSIL (464k) 50.67 81.01 63.41 51.67 81.12 64.02
(ta) APTFiNER (58k) 64.98 72.83 68.68(↑8.3) 67.94 73.01 69.47(↑8.5)

Telugu TAFSIL (392k) 52.06 81.34 64.22 52.47 82.82 64.94
(te) APTFiNER (65k) 65.72 73.01 69.18(↑7.7) 68.67 73.46 70.98(↑9.3)

DECENT model with IndicBERTv2-MLM-Sam-TLM base encoder
Train Dataset Micro Macro

Lang (No. of samples) P R F1(↑∆%) P R F1(↑∆%)
Marathi TAFSIL (126k) 48.57 82.81 61.23 49.33 81.49 61.46

(mr) APTFiNER (98k) 70.32 80.51 75.02(↑22.5) 74.50 80.59 77.39(↑25.9)
Tamil TAFSIL (464k) 50.12 80.13 62.91 51.03 80.86 63.12
(ta) APTFiNER (58k) 61.73 70.64 66.86(↑6.3) 63.34 73.04 68.08(↑7.9)

Telugu TAFSIL (392k) 50.96 80.93 63.92 51.03 81.55 64.32
(te) APTFiNER (65k) 64.85 72.43 68.43(↑7.1) 66.80 72.23 69.39(↑7.9)

5.2. Gold dataset

Volunteer annotators, who have a minimum edu-
cation 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 2, 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 0.87 for each language.

6. Experimental Setup

The state-of-the-art approach for sequence la-
beling tasks involves fine-tuning pre-trained lan-
guage models (PLMs) with the NER datasets
(Pathak et al., 2022; Murthy et al., 2022; Litake
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), In-
dicBERTv2 (IndicBERTv2-MLM-Sam-TLM) (Dod-
dapaneni et al., 2023), MuRIL (muril-large-cased)
(Khanuja et al., 2021), XLM-RoBERTa (XLM-
RoBERTa-large) (Conneau et al., 2020) for FgNER
using the Hugging Face Transformers (Wolf et al.,
2020). The models were fine-tuned as per the fol-
lowing 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 Se-
qEval metrics, and the best performance is deter-
mined by the F1-score.

Entity mentions in datasets constructed using
the distant supervision paradigm are often linked
to multiple entity types based on knowledge base
properties, although typically only one type is con-
textually appropriate (Ling and Weld, 2012; Choi
et al., 2018; Kaushik et al., 2025). To address
this label noise, state-of-the-art models such as
LITE (Li et al., 2022) and DECENT (Sierra-Múnera
et al., 2023) approach fine entity typing as a Natural
Language Inference (NLI) task and employ nega-
tive sampling to enhance performance. Following
the experimental setup followed by Kaushik et al.
(2025), we adopted the best-performing two vari-
ations of DECENT (Sierra-Múnera et al., 2023) to
accommodate Indian languages by changing its
base encoder from RoBERTa-large (Liu, 2019), to
XLM-RoBERTa-large (Conneau et al., 2020), and
IndicBERTv2-MLM-Sam-TLM (Doddapaneni et al.,
2023). The hyperparameters for DECENT-based
models are: learning rate for encoder: 5e-6, learn-
ing rate for head: 5e-4, dropout probability for head:
0.5, epochs: 2, batch size: 16, negative oversam-
pling rate: 31, and prediction threshold: 0.9.

7. Results & Analysis

This section covers the analyses performed on the
APTFiNER dataset: comparison with state-of-the-
art (SOTA) baseline, human evaluations, analysis
of PLMs’ performance fine-tuned on APTFiNER,
entity-wise performance of fine-tuned models, and
entity error analyses. The best model performance
values (F1 scores) for every language are in bold,
and the second-best values are underlined.
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Table 4: Performance of different models fine-tuned on APTFiNER 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

Assamese (as)

mBERT 52.74 57.54 55.03 47.16 51.30 48.15
IndicBERTv2 59.30 63.76 61.45 54.68 59.43 56.25
MuRIL 62.62 67.98 65.19 58.85 66.27 62.31
XLM-RoBERTa 62.18 67.94 64.93 59.72 66.03 61.81

Bodo (brx)

mBERT 44.89 50.83 47.73 40.66 50.82 44.58
IndicBERTv2 50.21 52.53 51.36 46.65 51.07 48.76
MuRIL 54.73 58.73 56.66 51.15 52.89 51.60
XLM-RoBERTa 49.69 53.15 51.35 45.17 50.26 47.58

Marathi (mr)

mBERT 54.08 57.49 55.73 48.01 54.54 51.06
IndicBERTv2 60.82 64.49 62.60 56.40 61.29 57.83
MuRIL 67.92 72.54 70.15 61.30 67.54 63.83
XLM-RoBERTa 60.67 65.67 63.07 54.52 62.73 58.38

Nepali (ne)

mBERT 53.33 60.39 56.64 48.78 56.93 52.01
IndicBERTv2 57.16 64.30 60.52 51.36 60.69 55.17
MuRIL 63.79 70.15 66.82 60.73 68.44 63.93
XLM-RoBERTa 60.86 67.78 64.14 55.12 65.30 59.30

Tamil (ta)

mBERT 47.55 53.20 50.22 43.33 49.76 46.26
IndicBERTv2 52.71 57.42 54.97 49.37 53.08 50.72
MuRIL 58.96 65.32 61.98 55.29 62.32 57.50
XLM-RoBERTa 54.49 60.59 57.38 52.07 58.25 54.61

Telugu (te)

mBERT 52.23 57.52 54.75 47.71 53.23 50.37
IndicBERTv2 55.33 61.19 58.11 50.57 57.28 53.30
MuRIL 62.95 69.23 65.94 59.95 66.90 62.82
XLM-RoBERTa 59.24 63.96 61.51 55.09 59.50 56.72

7.1. Comparison with SOTA baseline

To the best of our knowledge, the only existing
FgNER datasets in Indian languages are Multi-
CoNER2 (Fetahu et al., 2023) for Hindi and Bengali,
and TAFSIL (Kaushik et al., 2025) for Hindi, Marathi,
Sanskrit, Tamil, Telugu, and Urdu. Accordingly, we
used the Marathi, Tamil, and Telugu TAFSIL dataset
in the MultiCoNER2 taxonomy and fine-tuned DE-
CENT model variants as described in section 6. As
shown in Table 3, models fine-tuned on APTFiNER
outperform TAFSIL by a large margin. Although
the APTFiNER dataset is smaller in size, F1 scores
improve by about 8% in both Tamil and Telugu, and
25% in Marathi. These results demonstrate both
the effectiveness of our method and the high quality
of the generated dataset.

7.2. Human evaluation

To establish the reliability and quality of the gen-
erated dataset, we conducted a human evaluation
following the XSTS methodology (Licht et al., 2022).
This method assesses meaning preservation by re-
quiring annotators to rate translated sentences on a
1-to-5 scale. In line with previous research (Costa-
Jussà et al., 2022; Gala et al., 2023; Brahma et al.,
2023), 100 sentences per language were rated by

Table 5: Human evaluation of APTFiNER dataset.
XSTS: Crosslingual Semantic Text Similarity.

Language XSTS
Assamese (as) 3.72
Bodo (brx) 3.45
Marathi (mr) 3.93
Nepali (ne) 3.88
Tamil (ta) 3.73
Telugu (te) 3.86

two native-speaker annotators, all of whom pos-
sess at least an undergraduate degree. The con-
sistently high XSTS scores, as detailed in Table 5,
affirm the high quality of the APTFiNER dataset.

7.3. Performance of PLMs on unseen
languages

All four multilingual encoder models (mBERT, In-
dicBERTv2, MuRIL, and XLM-RoBERTa) are pre-
trained on Marathi (mr), Nepali (ne), Tamil (ta),
and Telugu (te). Whereas, except for IndicBERTv2,
none of the other PLMs are pre-trained on Bodo
(brx). Yet the performance of all the PLMs after fine-
tuning on APTFiNER dataset is quite satisfactory
(Table 4). Similarly, although mBERT was not pre-



7674

Figure 2: Entity-wise F1 Scores of Marathi dataset.

trained on Assamese (as), its performance after
fine-tuning is good. This is due to the script similar-
ity of Assamese with Bengali (Bengali-Assamese
script) and Bodo with Marathi (Devanagari script),
on which all of these PLMs are pre-trained. MuRIL,
pre-trained exclusively on 16 Indian languages, out-
performs other PLMs. These results emphasize the
importance of language-specific pre-training and
task-specific fine-tuning with a high-quality dataset.

7.4. Entity type specific performance
As shown in the Figure 2, 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, Aerospace-
Manufacturer, Clothing, AnatomicalStructure etc.
are fewer in number, the model could 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. De-
tails of this performance are discussed in the 7.5
Error Analysis section.

7.5. Error Analysis
Fine-grained NER task is particularly challenging,
as the type of an entity mention can vary signifi-
cantly depending on its contextual usage. To under-
stand these challenges better, we conducted an er-
ror analysis using two complementary approaches.
First, Table 6 presents the distribution of entity-
level errors as percentages of the total predicted
entities. The most frequent errors include bound-
ary errors (e.g., “Iron Giant" labeled as ArtWork
(a movie) instead of “The Iron Giant"), entity type

Table 6: Entity errors in terms of the percentage of
predicted entities for different languages fine-tuned
on MuRIL. Abbreviations: BM: Boundary Mismatch,
TM: Types Mismatch, SP: Spurious errors.

Language BM TM SP
Assamese (as) 20.5 9.9 9.5
Bodo (brx) 22.2 16.6 8.1
Marathi (mr) 14.6 5.5 7.3
Nepali (ne) 13.5 7.3 7.7
Tamil (ta) 18.5 6.0 10.1
Telugu (te) 14.3 5.9 9.0

mismatches (e.g., “Cough" categorized as Disease
instead of “Symptom"), and spurious errors (e.g.,
“Cricket" identified as an entity even though Sport
is not defined in the MultiCoNER2 taxonomy).

Additionally, we examined the fine-grained types
that are frequently co-predicted. For this analy-
sis, we selected Bodo (brx), as it exhibits the high-
est percentage of entity type mismatch errors, as
shown in Table 6. Figure 3 illustrates that fine-
grained types such as Artist, Athlete, Politician etc.
are often confused with OtherPER. Similar obser-
vation is evident in Figure 2 as discussed in sec-
tion 7.4, as the entity-wise F1 score for OtherPER
is comparatively lower. Beyond these closely re-
lated entity types, most fine-grained entity types
are learned by the models with relatively little con-
fusion.

8. Conclusion

In this work, we employed an annotation preserv-
ing translation method on Gemini 2.5 Flash to
construct APTFiNER, a high-quality fine-grained
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Figure 3: Entity type confusion matrix of Bodo (brx) language

named entity recognition (FgNER) dataset. The
APTFiNER dataset consists of over 411 thousand
sentences, 697 thousand entity mentions, and 5.8
million tokens in total. To the best of our knowl-
edge, this is the first FgNER dataset encompass-
ing the six low-resource languages: Assamese,
Marathi, Nepali, Tamil, Telugu, and vulnerable lan-
guage Bodo. Extensive human evaluations and
experimental results validate the high quality of
the dataset along with the importance of language-
specific pre-training and task-specific fine-tuning.
We believe that APTFiNER, along with its fine-
tuned models, will substantially advance research
in FgNER for low-resource languages and foster
broader progress in multilingual NLP.

9. Limitations

As the dataset was developed through translation,
it is inherently susceptible to errors introduced by
machine translation systems. Moreover, the scale
and quality of the translated datasets are bounded
by the characteristics of the source corpus. As

the MultiCoNER2 English dataset was created us-
ing Wikipedia and Wikidata, the generated dataset
APTFiNER may lack certain linguistic nuances,
geographical references, and cultural elements
specific to regions where these low-resource lan-
guages are predominantly used. In the future, we
plan to evaluate the performance of various large
language models (e.g., GPT-4, Gemini, DeepSeek,
LLaMA, Mixtral, etc.) on the FgNER task for low-
resource languages to further assess and enhance
model generalization.

10. Ethics Statement

The annotations were generated using the openly
accessible MultiCoNER2 dataset and tested
against TAFSIL2 released under CC-BY-4.03,

2https://hf.co/datasets/
prachuryyaIITG/TAFSIL

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

https://hf.co/datasets/prachuryyaIITG/TAFSIL
https://hf.co/datasets/prachuryyaIITG/TAFSIL
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
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MIT4 licenses, respectively. 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.
The APTFiNER 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/aptfiner5

under MIT license.
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