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Abstract. As technology continues to advance at a rapid
pace, there is a growing interest in Natural Language
Processing (NLP) tools and applications. However,
creating NLP tools that can effectively process natural
languages presents numerous difficulties. One crucial
aspect of NLP is Named Entity Recognition (NER), which
involves identifying and classifying named entities in a
text based on their surrounding context. Although there
has been extensive research, NER tagging still struggles
to accurately tag unfamiliar named entities. NER for
Sino-Tibetan languages, such as Bodo and Myanmar,
poses various challenges, including word segmentation,
lack of resources, and ambiguity. In this paper, we
review the state-of-the-art in NER for Sino-Tibetan
Languages, focusing on the methods, datasets, and
performances achieved. We also highlight underlying
issues and future directions for NER research in this
domain. Although there are not many works on NER
related to Sino-Tibetan languages available, we tried to
cover a good number of papers with a wide spectrum of
languages, so that this review could be best utilised by
researchers interested in NER studies and development
for language technologies for languages from this
group. As many as different works on Sino-Tibetan
NER studies have been covered. We also tried to
cover NER works with a variety of approaches and
techniques ranging from rule-based to machine learning,
deep learning, hybrid, and cross-lingual methods and
highlighting their relevance towards the specific linguistic
demands of Sino-Tibetan languages. Apart from these,
we also reviewed a brief status on the NLP tasks for
low-resourced languages, Bodo and Assamese. We
have analyzed and presented in a structured way all
the approaches, methods used, along with datasets,
performances and challenges encountered. We hope
that this paper can provide a comprehensive overview
and a useful resource for the research community
interested in NER for Sino-Tibetan languages.

Keywords. Named entity recognition, natural language
processing, Sino-Tibetan language, deep learning, low-
resource language.

1 Introduction

Artificial Intelligence (Al) is greatly influencing
modern life within today’s internet culture. One
such field in Al where progress has gradually
increased as needed is in Natural Language
Processing (NLP), as it helps process and
generate textual data to a large measure.
NLP deals with the analysis and generation of
natural language. It enables us to use various
applications in different domains that can enhance
human communication, information access, and
knowledge discovery.

However, NLP still faces many challenges,
such as the diversity and complexity of natural
languages, data scarcity and quality, and ethical
implications of language technologies. One of the
core tasks of NLP is Named Entity Recognition
(NER), which is the process of identifying and
classifying named entities from an unstructured
text. NER can be beneficial for various
applications, such as information extraction,
question answering, machine translation, and
sentiment analysis. NER also plays a vital role
in content moderation, where tasks like hate
speech detection and toxic comment identification
rely on accurate entity recognition as seen in
Assamese [4, 39]. Text summarization [23]
benefits from entity-aware processing that helps
retain key information [16, 7, 5]. The development
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of supporting resources like Assamese and Bodo
wordnets [52, 51, 6], lemmatizers [15] and stem-
mers [53] has significantly contributed to semantic
processing and NER. Tools such as syllable-based
word segmentation [46] and back-transliteration
systems [35] aid part-of-speech tagging, enabling
better adaptation of NER systems to low-resource
scenarios. Techniques like feature selection [40]
and multiword expression identification [45, 42,
41] further support precise boundary detection
for complex entities. The complex linguistic
characteristics of the Sino-Tibetan language family
make NER for these languages especially difficult.

Sino-Tibetan languages are a large and diverse
family of languages spoken by around 1.4 billion
people in Asia, mainly in China, India, and
Southeast Asia. Sino-Tibetan languages include
Chinese, Tibetan, and other related languages,
such as Bodo, Manipuri, and Myanmar etc. These
languages have various linguistic features and
challenges that make NER a difficult task, such
as word segmentation, orthographic variation,
tonal variation, and multilingualism. Among the
Sino-Tibetan languages, Chinese is the most
widely spoken and studied language, having
received the most attention and research in
NER. There are many methods, datasets, tools,
and evaluation metrics for Chinese NER, which
have achieved high accuracy and state-of-the-art
results.  These include both general-purpose
NER systems and domain-specific efforts, such
as in medical [27, 2, 58] and cybersecurity [17]
domains, which, though not directly aligned
with general-purpose NER, introduce valuable
architectures like BiLSTM-CRF, attention mecha-
nisms, and dictionary-based techniques that offer
transferable insights for low-resource languages
like Bodo. However, Bodo, a key focus of
this review, is the least resourced Sino-Tibetan
languages. It is spoken widely in Assam,
India and parts of neighbouring nations like
Nepal and Bangladesh. Given its unique
linguistic and cultural features, Bodo remains
unexplored to a great extent in foundational NLP
tasks. Assamese, an official language of Assam,
shares historical and linguistic connections with
Bodo and plays a supportive role in resource
creation for low-resource scenarios.  Studies
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in Assamese-Bodo Neural Machine Translation
(NMT) [56] emphasize the need for high-quality
bilingual corpora and resource modelling [1], both
of which are important for training robust NER
systems in low-resource settings. Corpus-building
efforts for Bodo [10] and Manipuri [34] highlight
valuable linguistic resources that can directly
support NER tasks. Foundational tools like
Part-of-speech (PoS) tagging and Word Sense
Disambiguation (WSD) play a critical role in
enhancing NER accuracy. PoS tagging has
been explored for Bodo [8], Manipuri [43] and
Assamese [55], while WSD approaches using
genetic algorithms and statistical methods have
shown potential for Assamese. These efforts
yield grammatical cues and semantic context
crucial for languages with complex morphological
and ambiguous structures, such as many in the
Sino-Tibetan family.  Recent work by Liu et.
al [30] offers an extensive overview of NLP work
done in Sino-Tibetan low-resource languages,
identifying the chronic under-representation of
these languages on key NLP tasks. Though
their work presents a general landscape view,
our attention is concentrated on Named Entity
Recognition (NER) in particular, which is a
fundamental NLP task not yet well-explored for this
language family.

With increasing needs for effective techniques
of natural language processing, specifically for
Sino-Tibetan languages, such as those that are
lesser resourced, like Manipuri, Tibetan, Mizo,
Bodo, Myanmar, and Kokborok, the need to review
Named Entity Recognition for these languages
has come up. It is, therefore, of interest in how
to deal with these linguistic and resource-poverty
unique challenges. Most Sino-Tibetan languages
do not have enough labeled datasets to train
good NER models. Many advancing areas remain
underexplored, like medical NER, network and
security domains, which are still at a very nascent
stage; hence, this sector requires individually
targeted research.  This paper presents the
very first extensive review of NER methods that
specifically apply to the Sino-Tibetan languages.

In contrast to existing reviews on NER, this paper
is unique because prior works tend to concentrate
most heavily on the well-examined English or
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Chinese; yet, in consolidating research over a
massive set of Sino-Tibetan languages, which
are less-resourced. This work categorizes and
analyzes approaches that cut across rule-based,
machine learning, deep learning, and cross-lingual
methodologies, not only categorizing methods that
work but also uncovering gaps within current
techniques, datasets, and tools that are particular
to Sino-Tibetan languages.

The rest of this paper is organized in the
following way: The Search Methodology outlines
the approach used to identify and select relevant
literature for this review. The Selected NER
Works on Sino-Tibetan Languages section gives
an overview of the existing research in NER for
Sino-Tibetan languages, concentrating on deep
learning architectures such as the Bi-LSTM-CRF
model.  The Performance Evaluation Criteria
for Named Entity Recognition (NER) section
discusses standard evaluation metrics and ag-
gregation strategies, highlighting considerations
specific to Sino-Tibetan languages. The Analysis
section offers a comparative summary of different
methods, with languages, datasets, and their
respective performance scores, along with a
graphical analysis at the end to analyze the
F-scores for different NER approaches for Sino-
Tibetan languages. The Issues and Challenges of
NER in Sino-Tibetan languages section presents
the challenges faced in developing NER for
Sino-Tibetan languages. Finally, the Conclusion
and Future Work highlights the most vital findings
and provides directions for future research on NER
for Sino-Tibetan languages.

2 Search Methodology

To identify and compile studies relevant for this
review, we performed a systematic literature
search on academic platforms like Google Scholar,
Semantic Scholar, IEEE Xplore, Scopus, and
ACL. The search spanned the year range from
2010 to 2025 and used keyword searches with
combinations of "Named Entity Recognition,” ’"NER
in Sino-Tibetan languages,” "deep learning for
NER,” "NER in low-resource languages,” and
language-specific keywords like "NER in Bodo,”
"NER in Manipuri,” "NER in Tibetan”. Although

Sino-Tibetan languages were our main area of
interest, we also included closely related low-
resource languages because of their applicability
in multilingual and cross-lingual NER studies.

These languages tend to depend on core NLP
building blocks such as part-of-speech tagging,
transliteration, and lexical resources that are
essential in NER system construction. Altogether,
70 papers were examined, and the results
are summarized in two tables of summaries:
Table 1 provides a breakdown of NER research
into Sino-Tibetan and low-resource languages,
whereas Table 2 categorizes representative NER
works by methodological approach.

3 Selected NER Works on Sino-Tibetan
Languages

NER is a key task in natural language processing
(NLP), and, in many ways, its development
varies across language families. For Sino-Tibetan
languages, where annotated corpora are limited
and complex linguistic structures are high, se-
lecting an appropriate method becomes critical.
While Chinese NER has advanced significantly
due to abundant data and tools, languages
like Tibetan, Manipuri, Mizo, Bodo, Kokborok,
and Myanmar remain underexplored. Table
3 shows the merits and demerits of different
NER approaches. These approaches have
evolved from rule-based methods to complex deep
learning architectures, with each offering distinct
advantages depending on resource availability and
language characteristics.

The sections below outline these main ap-
proaches.

3.1 Rule-Based Approaches

Rule-based methods were the first approaches
used for Named Entity Recognition (NER) in
resource-scarce settings.  Such systems rely
on handcrafted linguistic rules and heuristics
to identify as well as categorize entities from
natural language. Typically, such systems include
morphological patterns, part-of-speech (PoS) tags,
gazetteers, suffixes, and syntactic cues to build
models that match specific entity forms. Their
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Table 1. List of Explored Sino-Tibetan Languages and Corresponding Number of NER Publications

Sl. No. Language No. of Papers

(Year-wise)

Remarks

1 Chinese 12 (2017-2024)

Extensive research using BiLSTM-CRF, at-
tention mechanisms, and transformer-based
models; includes general-purpose NER
as well as domain-specific applications in
medical and cybersecurity.

2 Manipuri 7 (2010—-2023)

Sustained research using CRF, BIiLSTM,
and hybrid methods; strong representation
despite being a low-resource language.

3 Bodo 2 (2024-2025)

Emerging research interest with a recent
paper using LSTM; remains largely underex-
plored.

4 Myanmar 4 (2017-2020)

Utilizes syllable- and character-based models
with CRF, HMM, and CNN-BiLSTM-CRF
tailored to syllabic structure.

5 Tibetan 3 (2010-2019)

Limited studies using CRF, Maximum En-
tropy, and rule-based methods; still under-
resourced for NER.

6 Kokborok 1 (2015)

Initial work using rule-based and MIRA-
supervised learning; represents early explo-
ration.

7 Mising 1 (2016)

SVM-based approach with a small annotated
corpus; limited follow-up research.

8 Mizo 1(2016)

Rule-based linguistic recognition attempted;
no substantial expansion observed.

form tends to utilize hand-crafted templates and
regular expressions that are linguistically tailored
to aspects such as honorifics, common suffixes, or
grammar forms.

Rule-based methods are especially attractive in
resource-poor contexts like those for the Sino-
Tibetan language family, where limited annotated
data is available for machine learning systems.

Their interpretability, language-specific cus-
tomizability, and minimal data requirements make
them suitable for initial development phases.
For example, a suffix-rule-based system attained
an Fi1-score of 83.18% for Kokborok with a
straightforward dictionary-based technique [48].

Parallelly, rule templates based on case-auxiliary
grammar were used for Tibetan NER [60], and
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rule-based systems for Mizo were designed from
news corpora based on entity-specific patterns [9].

These strategies demonstrate that with a good
understanding of the linguistic structure, decent
performance can be attained with few resources.

Yet, rule-based systems are apt to fail in coping
with ambiguity, irregularities, and exceptions in
syntax and often meet scalability issues when
extended to diverse domains or dialects.

In addition, rule sets are less practical for large
or dynamic applications because maintaining and
enlarging them is time-consuming, requiring deep
linguistic expertise.
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Table 2. Representative NER Works based on different approaches for Sino-Tibetan Languages

Remarks

Approach Representative Works
Rule-based [48] (2015), [9] (2016), [60]
(2010)

Rule-based systems offer high precision by us-
ing linguistic rules, gazetteers, and dictionaries.
However, they struggle with ambiguity, lack
scalability, and are difficult to maintain. Their
rigidity makes them less adaptable to unseen
data or evolving language usage.

Machine Learning-based [44] (2011), [54] (2010), [19]
(2016), [29] (2018), [25]
(2019), [32] (2017)

Machine learning methods like CRF and SVM
have proven effective for NER in low-resource,
morphologically rich languages. Their success
relies heavily on well-designed linguistic features
such as affixes, context, and PoS tags.
CRF excels at sequence labeling, while SVM
performs well in complex entity types like
multiword and reduplication.  Careful feature
engineering and language-specific adaptation
are key to achieving strong NER performance.

Deep Learning-based [37] (2024), [28] (2023), [62]
(2019), [47] (2017), [33]
(2020), [24] (2020)

Deep learning models like BiLSTM-CRF, CNN-
LSTM, and GRU-CRF capture contextual and
sequential patterns using word- and character-
level embeddings. Attention and GCNs improve
recognition of multiword and nested entities.
These models perform well for agglutinative
and low-resource languages but struggle with
transliterated or rare entities and require
significant computational resources.

Hybrid-based [21] (2023), [57] (2023), [18]
(2022), [2] (2022), [61]
(2020), [17] (2021), [58]
(2019), [22] (2013),
[59](2019), [20] (2016)

Hybrid approaches combine linguistic features
with deep learning models to boost accuracy.
They handle agglutinative languages and OOV
issues well using character-level embeddings,
but struggle with multiword and transliterated
entities. Overall, they balance structure and
context effectively.

Cross-lingual [49] (2020), [31] (2019), [38]
(2025)

Cross-lingual methods enable zero/few-shot
NER in low-resource Sino-Tibetan languages
by transferring knowledge from high-resource
languages using shared embeddings. Their suc-
cess depends on translation quality, alignment
accuracy, and linguistic similarity. Prompt-based
approaches offer better tagging performance
than direct translation methods.

3.2 Machine Learning-Based Approaches mation with the introduction of Machine Learning

The development of Named Entity Recognition
(NER) systems underwent a significant transfor-

(ML), particularly for morphologically rich and
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low-resource languages. ML techniques enable
greater flexibility and scalability by introducing
data-driven methods that learn patterns from
annotated corpora, in contrast to rule-based
systems, which rely on expert-driven lexicons and
handcrafted linguistic rules. This change enabled
NER systems to outperform their rule-based
predecessors in handling ambiguity, linguistic
variation, and domain transfer.

Several early and promising ML techniques were
explored across languages in the Sino-Tibetan
family. Among the most popular were Conditional
Random Fields (CRF), Support Vector Machines
(SVM), Maximum Entropy (ME), and Hidden
Markov Models (HMM). These models learn
patterns from annotated datasets with a specified
set of features like word prefixes, suffixes, PoS
tags, and context windows. When Feng et al. [14]
used the HMM, ME, and CRF models on the
Chinese 863 NER task, they found that CRF
performed best, outperforming both HMM and
ME in terms of accuracy and scalability, with
F1-scores of 84.39% and 80.68% on simplified
and traditional Chinese, respectively. Similarly,
Lay et al. [25] used a small annotated corpus
to implement an HMM-based NER system in
the Myanmar language. The system showed
promising outcomes despite resource constraints,
highlighting the feasibility of HMM in low-resource
settings. In addition, Hussain et al. [19], built an
SVM-based NER system for the Mising language
based on a 50,000 word annotated corpus with
an F1 score of 87.77%.  Similarly, Manipuri
systems based on CRF also performed well when
feature engineering was carefully managed [44].
However, the adoption of ML approaches has
generated a new requirement for annotated
datasets.  ML-based systems mainly rely on
labeled training data, whereas rule-based systems
rely on linguistic knowledge. In environments
with limited resources, like many Sino-Tibetan
languages, where annotated corpora are either
nonexistent or very rare, this dependency presents
a major bottleneck.  Nevertheless, ML-based
approaches set the stage for further developments
in NER, offering a bridge between rule-based
systems and more complex deep learning models.
Their adaptability and comparatively lower compu-
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tational requirements make them a continued area
of interest, particularly in situations where deep
learning is impractical.

3.3 Deep Learning-Based Approaches

Deep learning has revolutionized NER by au-
tomating feature extraction and modeling long-
distance dependencies. Architectures like BiL-
STM, GRU, CNN, and Transformers dominate
modern NER systems. These models learn
contextual representations from raw text and
often use pre-trained embeddings or language
models like BERT, ALBERT, and RoBERTa.
For Sino-Tibetan languages, these approaches
have demonstrated promising results. A Bodo
NER system LSTM model achieved 99.62%
accuracy, reflecting its strength in sequence
modeling [37]. In Chinese NER, architectures
such as the Lattice-Transformer-Graph [28] and
CNN-LSTM-CRF [59] push the limits of the F1
scores above 95%. The challenges are abundant
despite these advances. It is a major challenge
of data scarcity where annotated datasets for
languages such as Bodo, Mizo have few. This
problem was mitigated by using techniques like
data augmentation and transfer learning; in this
way, the models become more generalizing to
the low-resource language. In 2023, Tang
et al. [57] introduced a BERT-Bi-LSTM-AM-CRF
model for Chinese NER that combines BERT
embeddings with Bi-LSTM layers and attention
mechanisms to improve contextual understanding
and tagging accuracy; the F1 improvements over
MASR and People’s Daily datasets are highly
significant. Similarly, Hu et al. [18] have proposed
a multi-level ALBERT-BILSTM-CNN-CRF model
that is superior to Lattice-LSTM-CRF because it
contains the multi-layered contextual embedding
mechanism. In clinical NER, An et al. [2] proposed
a MUSA-BILSTM-CRF model with multi-head
self-attention to deal with complex Chinese clinical
terms to show a significant improvement in
benchmark datasets like CCKS. Mo et al. [33] were
the first authors who utilized CNN-Bi-LSTM-CRF to
adapt a syllable-based Myanmar NER model.

A model architecture proposed achieved an F1
score of 91.3%. Such an architecture captures
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features unique to Myanmar syllable-based. Jimmy
et al. [21] Achieved 98.19% F1 using BiLSTM-CRF
with character-level embeddings for Manipuri,
which showed the power of character plus
word embeddings in rich morphological variation
languages. Despite their efficacy, Deep learning
models are data-hungry and computationally
intensive, making them less feasible for extremely
low-resource languages without further adaptation.
The Bi-LSTM-CRF model is found to be extremely
effective model for NER in Sino-Tibetan languages.
It captures the context of past and future words
as it has bidirectional processing and makes use
of two types of embeddings: character-level and
word-level [37]. These will reduce morphological
variations and generalize more for rare words.

A CRF layer when added, enforces valid label
sequences, so that the model optimizes its overall
prediction accuracy. The combination is seen to
be the most accurate compared to all the other
models in NER for Sino-Tibetan languages. Fig. 1
shows the general architecture of NER using Deep
Learning.

3.4 Hybrid Approaches

Hybrid systems for Named Entity Recognition
(NER) have evolved from initial integrations of
rule-based and statistical approaches to more
sophisticated architectures that blend conventional
linguistic expertise with contemporary machine
learning techniques, including deep learning.
These approaches combine the strengths of
multiple techniques to attain superior performance
compared to any singular approach. These
methods are particularly appropriate for languages
with moderate resources where domain expertise
and linguistic intuition can significantly enhance
data-driven learning. An early instance is the
semi-hybrid NER system for Nepali developed
by Dey et al. [12] which integrated rule-based
techniques like gazetteer lookups and handcrafted
rules with a statistical Hidden Markov Model
(HMM). The approach involved the creation of
a stemming module, a PoS tagger, and a
rule-enhanced HMM-based NER module. This
system achieved promising results in identifying
entities like persons, locations, and organizations,

\
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| |[Word Embeddings, Character-level embedidngs, PoS]
Tag

r-.. - - - -"-"-" - - - - — — — — \
I [ Context Encoder ] |
! |
l [ LSTM, Bi-LSTM, CNN, Transformer ] |
e ————— )
r- - - - -" - -" - - - - — — — — \
I [ Tag Decoder ] |
! |
l [ Softmax, CRF, RNN ] |
{ /

Fig. 1.
Learning

General architecture of NER using Deep

illustrating how hybrid systems can compensate
for limited annotated resources through the
incorporation of linguistic structure.  Another
noteworthy contribution is by Kaur et al. [22]
developed a hybrid NER model for Manipuri by
combining CRF with heuristic rules, achieving an
impressive F1 score of 93.3% even with limited
annotated data. A more advanced hybrid system
was put forward by Jia et al. [20] for Tibetan person
name identification, which combined a Maximum
Entropy model with Conditional Random Fields.
The system uses boundary word information,
name dictionaries, and syntactic information to
recognize Tibetan names, which is a task
complicated by the absence of word boundaries,
heavy use of common nouns as names, and
extremely variable length of names.

The system performed better (F1 ~ 93.05%)than
either model alone when the outputs of the two
models were combined linearly. Better general-
ization was made possible by this combination,
which lessened the shortcomings of both models:
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the high precision of CRF and the high recall
of the Maximum Entropy model. Such methods
show how linguistic patterns like suffix lists or
syntactic hints can be embedded into learning
structures to enhance entity boundary and type
recognition. Nevertheless, even though they are
useful, hybrid models tend to entail sophisticated
design decisions and need meticulous calibration
to maintain uniform performance over language va-
rieties. They need careful integration of rule-based
modules with machine learning components so as
not to introduce redundancy, and their performance
could vary based on the uniformity of language use
across domains or dialects.

3.5 Cross-Lingual and Multilingual Approaches

Cross-lingual techniques use data and models
from high-resource languages English or Chinese,
to assist named entity recognition (NER) in low-
resource languages like those in the Sino-Tibetan
branch. This method presents a unique strategy
because of its orientation towards multilingual
knowledge transfer as well as low-resource
adaptation. Such methods typically employ
multilingual pre-trained models (e.g., mBERT,
XLM-R) or bilingual word embeddings to develop
shared semantic representations that support tag
transfer between languages. For example, Yu et
al. [31] employed Tibetan-Chinese cross-lingual
embeddings with a BiLSTM-CRF model for en-
hancing Tibetan location name recognition. Zhu et
al. [62] presented the CAN-NER model that made
use of a Convolutional Attention Network without
lexicons and achieved competitive performance
on Chinese corpora. A recent experiment of
Bodo NER and PoS tagging evaluated Google's
Gemini 2.0 Flash Thinking Experiment model’s
zero-shot cross-lingual transferability [38]. Both
translation-based English-to-Bodo tag projection
and prompt-based approach using parallel English-
Bodo sentence pairs were tested. The latter
proved to be better, particularly for NER, as
it facilitated stronger contextual anchoring and
more successful tag transfer. Despite their
potential, cross-lingual models continue to be
confronted by perennial challenges from trans-
lation mistakes, grammar divergences, ill-aligned
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multi-word entities, and semantic mismatches,
particularly for morphologically complex languages
with scarce resources. However, these techniques
offer a promising basis for bootstrapping NER
in low-resource environments and indicate the
necessity for emerging innovations like prompt
engineering, few-shot fine-tuning, and community-
driven resource creation.

4 Performance Evaluation Criteria for
Named Entity Recognition (NER)

Evaluation metrics are essential to quantify the
efficacy and reliability of Named Entity Recognition
(NER) systems, offering insights into model
performance on different datasets and languages.

For Sino-Tibetan languages, where linguistic
features differ drastically, standardized evaluation
criteria assist in benchmarking performance and
guide improvements.

4.1 Evaluation Metrics

Evaluating Named Entity Recognition (NER)
systems generally relies on traditional classification
metrics:

— Precision: The ratio of accurately predicted
named entities to the total of predicted entities.
It describes the accuracy of the model in
identifying proper entities.
TP

Precision = —————. 1
recision TP FP (1)

— Recall: The ratio of accurately predicted
named entities to the true amount of entities in
the corpus. It shows the success of the model
in identifying all proper entities.

TP

Recall = m . (2)

— F1-Score: The harmonic mean between pre-
cision and recall, a single number balancing
between the two.

Precision x Recall

F1— =2 .
Seore X Precision + Recall )
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Table 3. Merits and Demerits of NER approaches for Sino-Tibetan languages

Approach Merits Demerits
Rule-based approach - effective for low-resource lan- - requires extensive manual rule cre-
guages ation

- incorporates linguistic insights
specific to each language

- simple to interpret and imple-
ment

- struggles with language ambiguity
and exceptions

- poor scalability across domains and
dialects

Machine learning approach

- learns patterns from annotated
data

- generally outperforms rule-
based methods

- adaptable with adequate train-
ing data

- requires significant annotated data,
often scarce

- time-consuming feature engineering
- limited performance on rare entities or
OOV words

Deep learning approach

- captures rich contextual infor-
mation

- achieves state-of-the-art per-
formance

- leverages pre-trained models
for better adaptation

- data and computation-intensive

- complex and challenging to interpret
- pre-trained models may not be
available for all languages

Hybrid approach

- utilizes both rule-based and
data-driven learning

- effective in low-resource set-
tings

- adaptable to specific language
needs

- complex design and implementation
- requires careful balance of rule and
data-driven components

- performance varies by language
and dependent on effective component
integration

Cross-lingual approach

- leverages high-resource lan-
guages like Chinese to aid
low-resource languages

- effective for sharing represen-
tations across languages

- beneficial for low-resource
language adaptation

- language-specific nuances may not
transfer well

- performance relies on similarity
between source and target languages
- requires careful source selection

1187

Here: These metrics were standardized in cooperative
tasks such as CoNLL-2003 [50], which predomi-
nantly are used by NER research on Sino-Tibetan

— TP (True Positives): Correctly predicted languages such as research on Tibetan, Burmese,

named entities. and Chinese dialects.

— FP (False Positives): Incorrectly predicted
entities (not present or misclassified).

Such standardized metrics may, however, not
capture the semantic accuracy of prediction or en-
tirely capture partially matched entity boundaries,
a factor most important in morphologically dense
languages.

— FN (False Negatives): Entities that are in the
ground truth but not detected by the model.

Computacion y Sistemas, Vol. 29, No. 3, 2025, pp. 1179-1195
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4.1.1 Aggregation Methods

— Macro-average: This method computes met-
rics independently for each class and aver-
ages the results with equal weight to each
class irrespective of how many instances it
has. This approach is handy when measuring
performance against different types of entities,
particularly in covering how well the model can
deal with minority classes.

— Micro-average: This is a method that
aggregates predictions over all classes before
calculating metrics, with equal weight to
each single instance irrespective of its class.
This approach is appropriate for imbalanced
datasets where overall performance on all
instances takes precedence.

4.2 Entity-Level and Token-Level Evaluation
Evaluation can be conducted at:

— Entity Level: Demands a strict match of both
entity boundaries as well as types. It is more
restrictive and is employed in the standards of
the majority of benchmarks (e.g., CoNLL).

— Token Level: Evaluates correctness at the
token level, beneficial for the study of
partial recognition and boundary mismatches,
primarily suitable for morphologically rich
languages with complex tokenization.

4.3 Exact Match and Partial Match Metrics

NER evaluation in morphologically intricate Sino-
Tibetan languages tends to be aided by partial
match metrics (e.g., MUC-6 scoring [21]), which
award partial credit for predictions with overlapping
or partially accurate entity boundaries. This is
useful in languages such as Tibetan and Burmese,
where boundary uncertainty is typical owing to
agglutinative morphology.

Standard benchmarking datasets such as those
given by MUC-6 [11], ACE [13], and CoNLL
shared tasks [50] have shaped evaluation practices
significantly. Recent surveys and reviews (e.g.,
IEEE TKDE 2020 [26]) shows that these standard
practices to Sino-Tibetan languages need to take
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Performance (F1_Score)

Fig. 2. F-Score Analysis of NER Models for Sino-Tibetan
Languages

careful note of language-specific characteristics
like tokenization, boundary uncertainty, and
annotation conventions.

5 Analysis

In this section, we conduct a close comparative
examination of the existing techniques used in
Named Entity Recognition (NER) for Sino-Tibetan
languages with regard to their adaptability and
performance in low-resource settings.

Table 4 illustrates a number of approaches
with datasets, target languages, and performance
metrics in the form of F-scores, recall, and
precision placed in a systematic manner to have a
proper perception of the strengths and weak points
of each approach.

This table presents how models, for instance,
Bi-LSTM-CRF, CNN, and hybrid architectures
are being utilized to boost the performance
of NER across all limited-resource languages.
Figure 2 provides a graphical representation
for the F-scores of different NER models for
Sino-Tibetan languages to enable making fast
visual comparisons on how these models handle
complexity due to languages.

This analysis both points out progress in model
accuracy and shows the challenges that remain,
such as increasing annotated datasets and adapt-
able architectures suitable for morphologically rich
languages from the Sino-Tibetan family.
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Table 4. Comparison of NER Methods, Datasets, and Performances for Sino-Tibetan Languages

Reference Authors & Year Language Dataset Methods Performance
[27] Liu et al. (2024) Chinese EPIC: Epidemiological Inves- Three-stage annotation method F1 score: 89.2%
tigation of COVID-19 dataset and SECCSF method for CNER
for CNER
[37] Narzary et al. Bodo Bodo PoS dataset (TDIL) LSTM + Character-level features  Acc: 99.62%; Prec:
(2024) 99.75%; Rec: 98.74%;
F1:99.35%
[57] Tang et al. (2023) Chinese MASR and People’s Daily Multi-task F1: 95.86%; Recall:
datasets BERT-BILSTM-AM-CRF 96.01%; Precision:
95.73%
[21] Jimmy et al. (2023) Manipuri  Manipuri NER Corpus BiLSTM + CRF + Word / Char F1: 98.19%; Cluster
Embeddings Acc: 88.14%
[18] S et al. (2023) Chinese  Real datasets Albert + Bi-LSTM + CNN + CRF  F1: 93.65%
[2] An et al. (2022) Chinese = CCKS2017-CNER & MUSA-BILSTM-CRF F1: 9197 (2017);
CCKS2018-CNER 91.81 (2018)
[17] B et al. (2021) Chinese  Network Security Domain BERT-BILSTM-CRF F1:93.81%
[61] Q et al. (2020) Chinese  OntoNotes4, Weibo NER, BiLSTM-CRF + Attention F1: 74.44% (ON);
Chinese Resume 59.63% (Weibo);
95.58% (Resume)
[33] Mo et al. (2020) Myanmar 170k NEs, 60k sentences CNN-BiLSTM-CRF F1: 89.54% (10-fold
CV)
[62] Zhu et al. (2019) Chinese  Weibo, Resume, OntoNotes, CAN model F1: 59.31-94.94%
MSRA
[58] Wang et al. (2019) Chinese  CCKS-2017 Task 2 Dictionaries + BILSTM-CRF F1:  91.24%; Prec:
90.83%; Rec: 91.64%
[47] Ouyang et al. Chinese  People’s Daily Bi-LSTM + Word Embedding F1:92.47%
(2017)
[24] Laishram et al. Manipuri  Sanghai Express Bi-LSTM + Word Embedding + F1 (MNE): 94.98%
(2020) PoS Clusters
[19] Hussain et al. Mising 50K word corpus SVM (12 tags) F1: 87.77%; Rec:
(2016) 90.58%; Prec: 85.14%
[22] Kaur et al. (2013) Manipuri ~ Manipuri Document CRF + Gazetteer Rules F1:  93.3%; Rec:
92.26%; Prec: 94.27%
[44] Nongmeikapam et Manipuri  Manipuri Corpus CRF F1: 83.33%; Rec:
al. (2011) 81.12%; Prec: 85.67%
[48] Patra et al. (2015)  Kokborok 30k words (Bible, news) Rule-based+Supervised (MIRA) F1:  69.2% (Rule);
83.18% (Sup)
[29] Liu et al. (2018) Tibetan 249 training sentences CRF + Active Learning F1: 10.7—54 (Conf);
46.5 (NE-feat)
[36] Nandar et al. Myanmar ALT Parallel Corpus CRF F1:  92.62% (syll);
(2020) 84.88% (char)
[25] Lay et al. (2019) Myanmar Raw Corpus HMM F1: 97.21%; Acc:
95.23%
[32] Mo et al. (2017) Myanmar News Articles CRF Prec: 50%; Rec:
57.14%; F1: 53.33%
[59] Wu et al. (2019) Chinese  MSRA CNN-LSTM-CRF Fi1: 94.6% (B3);
93.9% (B4)
[49] Peng et al. (2020)  Chinese  Legal, OntoNotes, MSRA TL-NER F1: 80.44% (Legal);
91.42% (MSRA)
[20] Jia et al. (2016) Tibetan Tibet Daily CRF & MaxEnt F1: 92.38% (CRF);
91.55% (ME)
[54] Singh et al. (2010)  Manipuri ~ Web Corpus SVM F1: 94.07% (RMWE);
93.96% (MNE)
[31] Ma et al. (2019) Tibetan Location Name Dataset Bi-LSTM-CRF F1:79.01%
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6 Issues and Challenges of NER in
Sino-Tibetan languages

The following issues and challenges of NER in
Sino-Tibetan languages are identified.

— Lack of resources: Sino-Tibetan languages
are often low-resource and under-resourced
languages, which means there is a scarcity of
annotated data, linguistic tools, and research
for NER. Annotation of data manually is costly
and time-consuming and may require the
collaboration of native speakers and linguistic
experts [54].

— Linguistic complexity: Sino-Tibetan languages
have already contributed a great amount of
linguistic complexity to orthography, morphol-
ogy, syntax, and semantics. It is tough
to identify the word segmentation, named
entity boundary detection, and classification
of named entity types in these languages.
In some languages, the morphology is
rich and agglutinative, which may generate
lots of variants of the same entity. In
some languages, the entity classes may be
ambiguous and inconsistent; therefore, more
fine-grained and normalized annotation might
be required.

— Cultural diversity: Sino-Tibetan languages
process varying scripts, dialects, and cultural
features. These affect the recognition and
categorization of named entities. For instance,
there are few languages that lack word
boundaries, capitalization, and punctuation
characters; hence, it might be difficult to
detect the entity boundaries. There are
languages with varying naming conventions,
honorifics, or transliterations that can impact
the entity recognition and normalization of
named entities. Certain languages possess
various types and domains of named entities,
which can involve additional domain-specific
knowledge and resources.

— Named entity schemes and categories: Sino-
Tibetan languages possess a diversified and
extensive range of named entities, which may
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not be represented by existing NER schemes
or categories.

— Domain Adaptation: Sino-Tibetan texts span
across various domains, such as news,
literature, religion, and social media, networks
having different styles, vocabularies, and
named entity types [3]. There could be
different domain-specific rules for different
languages for NER, which may be difficult due
to their unique linguistic features. The com-
plexity of the language makes it challenging
to create effective handcrafted rules for entity
recognition [21].

— Multilingualism: Some texts like Manipuri texts
often contain words or names from other
languages, such as Bengali, which require
different recognition methods and resources
[48].

— Evaluation of methods and resources: No
well-defined evaluation metrics, datasets,
baselines, and benchmarks are available
regarding NER in Sino-Tibetan languages,
due to which a comparison between the
effectiveness and efficiency evaluation of
different methods and resources becomes
hard to realize [48].

— Ethical and social issues: NER for Sino-
Tibetan languages may face some ethical and
social problems, such as privacy and security
of the named entities, biasness of the methods
and resources, impact or responsibility of the
NLP applications, etc.

7 Conclusion and Future Work

The reviewed works highlight significant progress
in applying NER techniques to Sino-Tibetan lan-
guages, especially through deep learning models
such as Bi-LSTM-CRF, attention mechanisms,
and hybrid approaches.  Such methods are
effective in capturing contextual cues and label
dependencies, though challenges remain, such
as limited annotated data and high computational
demands. That is, deep learning models have
high accuracy, but resource requirements limit
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their applicability. In contrast, machine learning
methods like CRF and SVM offer a practical
balance between performance and resource
requirements, and rule-based systems remain
valuable when linguistic rules and gazetteers are
available. The future of NER research prioritize the
development of resource-efficient, adaptable mod-
els, explores robust data augmentation strategies,
and leverages transfer learning and multilingual
training for better cross-lingual generalization.

Our focal point in our research continuum
lies in creating large, annotated datasets for
Bodo, a lesser-resourced Sino-Tibetan language.
An equally promising future research direction
might be the possibility of transfer learning
from related richer-resource languages to further
enhance NER capabilities across the Sino-Tibetan
language family.
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