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Abstract— Part-of-speech (POS) tagging is an essential and
foundational task in numerous Natural Language Processing
(NLP) applications, including machine translation, sentiment
analysis, text-to-speech conversion, speech recognition, text
summarization, question answering, information retrieval,
word sense disambiguation, and Named Entity Recognition.
POS tagging entails assigning the correct tag to each token in
the corpus, considering its context and the language's syntax.
An optimal POS tagger plays a crucial role in computational
linguistics. Its importance cannot be emphasized enough
because inaccuracies in tagging can greatly affect the
performance of complex natural language processing systems.
In this work, a deep learning algorithm, BiLSTM with CREF,
has been implemented for fine-grained Nepali POS tagging. The
Gensim’s Word2Vec word embedding has been trained on
sentences and has been used as the embedding layer while
creating the model. Additionally, BIiLSTM-CRF with
Word2Vec has been compared to the well-known models GRU,
LSTM, and BiLSTM. BiLSTM-CRF with the Word2Vec word
embedding performed the best and achieved a new state of the
art F1 score of 99.81% for fine grained Nepali text POS tagging
on the Nepali Monolingual Written Corpus.

Keywords— POS Tagging, Nepali Text, Natural Language
Processing, GRU, LSTM, BiLSTM, CRF.

I. INTRODUCTION

Natural Language Processing (NLP) is a subfield of
artificial intelligence that focuses on enabling interaction
among computers and spoken language. It encompasses the
creation of algorithms and methodologies that empower
computers to comprehend, interpret, and produce human
language in a meaningful and practical manner. Part-of-
Speech (POS) tagging constitutes a fundamental task within
NLP. It involves assigning POS tags (Noun, pronoun,
adjective, verb, adverb, preposition etc.) to each phrase in a
sentence of a natural language. The input for the algorithm
consists of a sequence of words in a natural language phrase
and a predefined set of POS tags. The output is the most
suitable POS tag assigned for each word in the sentence. POS
tagging provides valuable information about a word and its
neighboring words, which proves beneficial for various
advanced NLP tasks like speech and natural language
processing  applications, semantic analysis, machine
translation, text-to-speech conversion, text summarization,
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speech recognition, question answering, information retrieval,
word sense disambiguation, Named entity recognition and
more [3, 8, 10].

The Nepali language is characterized by its morphological
richness, with a notable feature being its intricate inflectional
system, especially within its verbal domain. In Nepali, a
single verb can exhibit over 20 distinct inflectional forms,
each encoding a range of morphological features including
gender, aspect, number, mood, honorifics, tense, and person

[1].
II. LITERATURE REVIEW

Several researches have been done in the field of POS
tagging for Nepali language. Some of them used statistical
model (HMM) for identifying the tags while some used
supervised machine learning model and some used supervised
deep learning model to train the model.

Tej Bahadur Shahi et al. [8] focused on SVM based POS
tagger for Nepali language which used the dictionary as a
primary resources. This dictionary was collected from the
Final Nepali Corpus which contained only 11147 unique
words. The POS tagging approaches like rule-based and
HMM cannot handle many features that would generally be
required for modeling a morphologically rich language like
Nepali. SVM was efficient, portable, scalable and trainable.
So, this paper proposes a SVM based tagger. The SVM tagger
constructed feature vectors for each word in the input and
classifies them into one of two classes using a One Vs Rest
approach. The SVM algorithm achieved an accuracy rate of
96.48% for known words, 90.06% for unknown words and
93.27% in overall. That means SVM tagger demonstrated
strong performance for known words. In comparison to rule-
based and Hidden Markov Model approaches, the SVM-
based tagger exhibits a slightly higher overall accuracy.

Sarbin Sayami et al. [5] addressed the implementation and
comparison between multiple deep learning based POS
taggers for Nepali text. The examined approaches include
GRU, LSTM, BiLSTM and mBERT. These models were
trained and assessed using Nepali English parallel corpus
labeled with 43 POS tag and including almost 88000 words
which were collected from Madan Puraskar Pustakalaya. The
design of that Nepali POS Tagset was influenced by the
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PENN Treebank POS Tagset. The dataset was separated into
three sections: training, devel opment and testing. The
accuracy of basic GRU, RNN, LSTM and BiLSTM was
96.86%, 96.84%, 96.48% and 97.27% respectively.
Consequently, the BiLSTM exhibited superior performance
compared to the other three RNN variants.

Ashish Pradhan et al. [3] presented a comprehensive study
and comparing two techniques, HMM and GRNN, for POS
Tagging in Nepali text. The POS taggers aimed to address the
issue of ambiguity in Nepali text. Evaluation of the taggers
was performed using corpora from TDIL (Technology
Development for Indian Languages) which contained a total
of 424716 tagged words with 39 tags, tags followed the
guidelines of ILCI (Indian Languages Corpora Initiative), BSI
(Bureau of Indian Standard), with implementation carried out
using Python and Java programming languages, along with
the NLTK Toolkit library. The achieved accuracy rates were
as follows: 100% for known words (without ambiguity),
58.29% for ambiguous words (HMM), 60.45% for ambiguous
words (GRNN), and 85.36% for non-ambiguous unknown
words (GRNN). Although the GRNN tagger achieved the ac
curacy as high as the HMM Tagger, it failed or became
unstable when the training dataset was greater than 7000
words, while the HMM Tagger was trained with more than
400000 words with corresponding tags. A total of 4000 words
were used for testing on both HMM and GRNN taggers.

I. Shrestha, S. S. Dhakal [1] applied three deep learning
models: BiGRU, BiLSTM, and BiLSTM-CREF for fine grain
POS tagging in the Nepali text. It used Nepali National
Corpus (NNC). It has 17 million semi-manually and manually
tagged words with 112 POS tags. Their findings revealed that
deep learning models effectively capture fine grained
morphological attributes such as number, gender, person, and
honorifics inherent in incredibly inflectional languages such
as Nepali, given a substantial dataset. The research
experimented with two types of embeddings: randomly
initialized Bare embedding and pre-trained multilingual
BERT. Surprisingly, training with randomly initialized Bare
embedding outperformed models trained with massive pre-
trained multi-lingual BERT embedding on Nepali
downstream tasks such as POS tagging. Among the models
tested, BILSTM-CRF utilizing the Bare embedding achieved
the highest performance, setting a new state of the art F1
score of 98.51% for fine grained Nepali POS tagging. This
study contributes significantly to the advancement of NLP
techniques tailored specifically for the Nepali language

Despite the extensive research on POS tagging for the
Nepali text using various deep learning models such as
BiLSTM, GRU, and LSTM, and traditional techniques like
HMM and SVM, there exists a noticeable research gap that
demands attention. The current literature predominantly
focuses on addressing the challenges posed by the
morphologically rich and complex nature of Nepali, with a
primary emphasis on achieving high accuracy rates. However,
the persistently high false positive rates in existing POS
tagging models for Nepali present a significant challenge.
Most studies utilize deep learning algorithms with coarse-
grained tagsets, and while some explore fine-grained tagsets,
the issue of false positives remains inadequately addressed.
Furthermore, there is a lack of comprehensive comparative
studies evaluating the effectiveness of these models,
particularly in the context of reducing false positives. This
research gap underscores the need for a more nuanced

approach, considering the unique linguistic features of Nepali,
and a more in-depth exploration of fine-grained tagsets. The
proposed study aims to fill this gap by introducing a
BiLSTM-CRF model with Word2Vec embeddings on fine-
grained tagsets, specifically designed to mitigate the
persistent challenge of false positives in Nepali POS tagging.
Additionally, it seeks to provide a comparative analysis with
existing models such as GRU, LSTM, and BiLSTM,
shedding light on the relative effectiveness of the proposed
model in addressing the identified issues.

III. METHODOLOGY

In this chapter, we present the proposed method for
determining the POS tags of the provided text. The following
figure provides an overview of the tagging process.
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Y
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Fig. 1. Proposed methodology for POS tagging

A. Data Collection

This research study has implemented morphologically
annotated Nepali National Corpus (NNC). NNC is collection
of xml files, has over 17 million words with 112 Nelralec
tagset. Each xml files are in same format, sentences wrap
within “s” element with “n” attribute and words are wrap
within “w” element with “ctag” attribute. Ctag represents
POS tag of crossponding word. The corpus is divided into
two main parts: the core corpus (core sample) and the general
corpus. The core sample (CS) is a compilation of Nepali
written texts from 15 diverse genres, with each text
containing 2000 words. These texts were published between
1990 and 1992. On the other hand, the general corpus (GC)
comprises written texts gathered from various sources,
including the internet, newspapers, books, publishers, and
authors.

B. Pre-processing
1) Extract Sentences and POS Tags from XML files:
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Nepali monolingual written corpus files are in XML
format. We cannot use XML files as input to train a deep
learning model. Therefore, we first extract sentences and their
corresponding parts-of-speech tags in list form. For example:

all_sentences = [["HTIIU&T", 'ﬁlﬁ', ':l\_rﬂ_CF‘, ’Q%T', G ’Tl:f‘,
fyuefieer, ufdag, (drearer, ', 3/, 28, 117, ...]

all pos_tags = [[NN, I, 'RR', 'VQ', 'NN', 'VI', NN, TX"],
['NP', 'YM', 'NN', MM, 'YF1, ...]

2) Train Word2Vec word embedding on sentences:

Word2Vec is a popular word embedding technique in the
fields of NLP and ML. It is used to represent words as dense
vectors in a continuous vector space, with words with similar
meanings clustered together. Word2Vec models are trained
on large text corpora and are capable of capturing semantic
relationships between words. To achieve this, we first created
a Word2Vec model using Gensim in Python. We then passed
all sentences as an argument to the created model, resulting in
the embedding model.

3) Create Vocabulary and POS Tag Mapping:

Vocabulary and POS tag mappings convert words and
tags into numerical indices for deep learning models. For
vocabulary and POS tag mappings, we firstly create vocab set
and pos_tags set set for unique words and unique POS tags
respectively. Then create word to_idx dictionary to maps
each unique word in the vocabulary to a unique index. And
same for the tag_to_idx. Then create idx_to_tag dictionary. It
is reverse of the tag to_idx dictionary. We also use 'UNK'
token to handle out-of vocabulary words or tags that are not
present in the initial training data. Following are sample of
the word_to idx and tag_to_idx dictionaries.

word_to_idx = {'Wﬁ?f‘: 1, CICICRIE 2, '@@@_’f: 3,

qhal 4, ...}

tag to_idx = {IE: 1, 'VVTNI": 2, 'DGF: 3, 'PTH" 4,
YQ' 5, ..}

4) Convert Words and Tags to Indices:

It is the process where we converted words and POS tags
to their corresponding numerical indices using the mappings
created earlier (word to idx and tag to idx). Each inner list
represents a sentence, and it contains numerical indices
corresponding to the words or POS tags in that sentence.

Following are the sample of sentences indices and
pos_tags indices list of lists.
sentences_indices = [[24283, 33809, 29171, 17993,

31405, 11612, 27897, 29351], [39860, 14035, 16097, 37307,
102061, ...]

pos_tags indices = [[20, 89, 25, 24, 20, 43, 20, 88], [44,
39, 20, 55, 46], ...]

5) Pad Sequences:

A Padding sequences refers to the process of making all
input sequences in a dataset of the same length by adding
special tokens (usually with a value of 0) to the shorter
sequences. This is typically done to facilitate the training of
neural networks, as they usually expect inputs of uniform
length. Following are the sample of
padded_sentences_indices and padded pos tags indices list
of lists. Let, length of longest sentence is 10.

padded_sentences_indices = [[0, 0, 24283, 33809, 29171,
17993, 31405, 11612, 27897, 29351], [0, 0, 0, 0, 0, 39860,
14035, 16097, 37307, 10206], ...]

padded pos tags indices =[[0, 0, 20, 89, 25, 24, 20, 43, 20,
88],[0,0,0,0,0, 44, 39, 20, 55, 46], ...]

C. Algorithms

1) GRU:

A GRU is a type of RNN architecture that have shown
effectiveness in various NLP tasks, including POS tagging.
GRU has two gates, an update gate and a reset gate, which
control information flow in and out of the hidden state [5].
The update gate helps retain relevant information from the
past while the reset gate helps update the hidden state with
new information. GRUs can result in fewer parameters,
making them computationally more efficient and easier to
train, especially in scenarios with limited data. GRUs share
parameters across different positions in a sequence which
allows the model to generalize patterns learned at one
position to other positions, which is beneficial for tasks like
POS tagging where similar linguistic patterns may occur at
different positions in a sentence. Pre-trained word embedding
can be used as input to a GRU model for POS tagging,
leveraging transfer learning. The GRU can then adapt to the
specific POS tagging task, benefiting from the semantic
relationships captured by pre-trained embedding. GRUs have
demonstrated competitive performance in various NLP tasks,
and they are considered a state-of-the-art choice for certain

applications, especially in cases where computational
efficiency is crucial.
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Fig. 2. GRU model [13]

2) LSTM:

LSTM is a type of RNN architecture that have been
widely used in NLP tasks, including POS tagging. LSTMs are
designed for sequential data processing, which aligns well
with the nature of POS tagging. In POS tagging, the order of
words in a sentence is crucial for understanding the syntactic
structure. LSTMs also have a memory cell that can retain
information over long sequences, allowing the model to
capture dependencies between words that are separated by
significant distances within a sentence [10]. This is crucial for
accurately assigning POS tags. Pre-trained word embedding
can be used as input to an LSTM model for POS tagging,
leveraging transfer learning. The LSTM can then adapt to the
specific POS tagging task, benefiting from the semantic
relationships captured by pre-trained embedding. LSTM can
also handle variable-length sequences, making them suitable
for POS tagging tasks where sentences have different lengths.
LSTM have demonstrated state-of-the-art performance in
various NLP tasks, including POS tagging. They have been
widely adopted and have shown effectiveness in capturing
complex linguistic patterns.
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Fig. 3. LSTM cell with gating controls [14]

3) BiLSTM:

BiLSTM is well-suited for POS tagging tasks due to their
ability to capture contextual information from both the past
and the future. BILSTM can capture long-term dependencies
in sequential data [5]. The bidirectional nature of BiLSTM
helps in understanding the syntactic and semantic context in a
more holistic way [10]. This is particularly important in POS
tagging, where the correct assignment of a POS tag often
relies on the broader linguistic context. POS tagging can be
challenging when words have multiple possible POS tags
depending on the context. BILSTM, by considering both past
and future context, are better equipped to handle such
ambiguity and make more informed predictions. BILSTM can
handle variable-length sequences, making them suitable for
POS tagging tasks where sentences have different lengths.
BiLSTMs have demonstrated state-of-the-art performance in
various NLP tasks, including POS tagging [1]. They are
widely used in research and industry due to their effectiveness
in capturing complex linguistic patterns.
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Fig. 4. Architecture of the BILSTM network [14]

4) BiLSTM-CRF:

BiLSTM-CRF is commonly used for POS tagging due to
its capacity to capture bidirectional contextual information,
making it effective in modeling long-range dependencies
within a sequence. The combination of BILSTM layers and a
CRF layer addresses the need for accurate POS tagging,
where the context of a word within a sentence and
dependencies with neighboring words play a crucial role. The
bidirectional processing allows the model to consider both
preceding and succeeding words, while the CRF layer
explicitly models label dependencies, contributing to the
architecture's success in sequence labeling tasks. Its consistent
state-of-the-art results on POS tagging benchmarks
underscore its effectiveness in handling the complexities of
natural language processing tasks requiring nuanced
understanding of contextual relationships and sequential
dependencies.
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Fig. 5. BiLSTM-CREF structure [15]

IV. RESULTS AND ANALYSIS

This chapter deals with analyzing the results of the
BiLSTM-CRF with Word2Vec and established models like
GRU, LSTM, and BILSTM. For all four models, the dataset
has been split into a 70:15:15 ratio for training, validation and
testing, respectively.

A. Experiment using BiLSTM-CRF with Word2Vec

Layer (type) Output Shape Param #
input_2 (InputLayer) [(None, 383)] 2]
embedding_2 (Embedding) (None, 383, 188) 4843486
bidirectional 2 (Bidirecti (None, 383, 288@) 168388
onal)
time_distributed_2 (TimeDi (None, 303, 164) 26904
stributed)
dropout_2 (Dropout) (None, 383, 184) 5]
crf_layer (CRF) [(None, 383), 21638
(Mone, 3282, 183),
(MNone, },
(183, 103)]
activation_2 (Activation) (None, 383, 183) a

Total params: 4246734 (16.28 MB)
Trainable params: 4246734 (16.2@ MB)
Non-trainable params: 8 (8.88 Byte)

Fig. 6. Summary of BILSTM-CRF with Word2Vec

BiLSTM-CRF with Word2Vec model with 10 epochs,
128 batch size, 0.3 dropout, Adam optimizer, 0.001 learning
rate, sparse categorical crossentropy loss function gave
99.81 % F1-score and 99.82 % accuracy.

Accuracy over Time

P—
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0.995 -

0.990 -
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0.985

0.980 +
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Validation Accuracy

0.975

T T T T T
0 2 4 6 8
Epoch

Fig. 7. (a) Accuracy over time of BILSTM-CRF with Word2Vec model
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Fig. 1(b) Loss over time of BILSTM-CRF with Word2Vec model

Figure 7 shows that the training and validation accuracy
are increasing over epochs. Training accuracy is higher than
the validation accuracy. After the 3rd and 4th epochs
validation accuracy and training accuracy increases slowly
respectively. Training and validation loss are decreasing over
epochs. That means it minimizes the error in the model.

Precision: ©.9982
Recall: 8.9982

F1 Score: 8.98381
Accuracy: 8.9982

Fig. 8. Precision, Recall, F1 score and Accuracy

Figure 8 shows that Precision, Recall, F1 Score and
Accuracy of BILSTM-CRF model, all are above 99%.
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Fig. 9. Precision, Recall, F1 score and Accuracy

Figure 9 shows that while testing the BiLSTM-CRF
model with user input, the model has been able to capture fine
grained morphological properties such as number, gender,
person, and honorifics.

B. Comparing Results between GRU, LSTM, BiLSTM and

BiLSTM-CRF with Word2Vec
100.00%
GRU BiLSTM

99.95%
99.90%
99.85%
99_80%
99.75%
99.70%
99.65%
99.60%
99.55%
99.50%
99.45%
BILSTM-CRF L5TM

m Train_Accuracy  m Val_Accuracy Test_Accurey
Fig. 10. Comparison between BiLSTM-CRF with Word2Vec and
established models GRU, LSTM, and BiLSTM based on Train_Accuracy,

Val_Accuracy and Test Accuracy

BiLSTM-CRF LSTM GRU BiLSTM

2.50%
2.00%
1.50%
1.00%
0.50%
0.00%

m Train_Loss

m Val_Loss Test_Loss

Fig. 11. Comparison between BiLSTM-CRF with Word2Vec and

established models GRU, LSTM, and BiLSTM based on Train_ Loss,
Val_Loss and Test_Loss

TABLE L. COMPARISON BETWEEN BILSTM-CRF WITH WORD2VEC
AND ESTABLISHED MODELS GRU, LSTM, AND BILSTM BASED ON
TRAIN_LOSS, TRAIN._ ACCURACY, VAL _LOSS, VAL_ACCURACY, TEST_LOSS
AND TEST_ACCURACY

Models Train Train Val_ Val Test Test

_Loss _Acc Loss _Acc _Loss _Acc

BiLSTM- 0.0031 0.9994 0.0086  0.9982  0.0086  0.9981
CRF with
Word2Vec

LSTM 0.0080  0.9981 0.0215  0.9966  0.0220  0.9964

GRU 0.0039  0.9990 0.0152  0.9971 0.0153  0.9969

BILSTM 0.0046  0.9991 0.0172  0.9977  0.0175  0.9976

Table I presents a comparative analysis of various models
trained on a dataset, showcasing their performance metrics
across training, validation, and test sets. Four models are
evaluated: BIiLSTM-CRF with Word2Vec embedding,
LSTM, GRU, and BiLSTM. In terms of training loss,
BiLSTM-CRF with Word2Vec achieved the lowest value of
0.0031, indicating better fitting to the training data compared
to the other models. Similarly, it attained the highest training
accuracy of 0.9994, suggesting superior learning capability.
However, when considering validation and test sets, its
performance slightly degraded, with a validation loss of
0.0086 and a test loss of 0.0086, accompanied by validation
and test accuracies of 0.9982 and 0.9981, respectively.
Among the other models, BILSTM and GRU also
demonstrate competitive performances, with relatively lower
training losses and high accuracies. LSTM, on the other hand,
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exhibits slightly higher losses across all datasets, indicating

comparatively poorer performance.
99.85%
90.65% ‘ ‘ | ‘
o Precision Reca F1 5 Accuracy
Fig. 12. Comparison between BiLSTM-CRF with Word2Vec and

GRU
established models GRU, LSTM, and BiLSTM based on precision, recall,
f1 score and accuracy

mBiLSTM-CERF mLSTM BiLSTM

TABLE II. COMPARISON BETWEEN BILSTM-CRF WITH WORD2VEC
AND ESTABLISHED MODELS GRU, LSTM, AND BILSTM BASED ON
PRECISION, RECALL, F1 SCORE AND ACCURACY.

Models Precision Recall F1 Score Accuracy
BiLSTM-CRF 0.0031 0.9994  0.0086 0.9982
with Word2Vec

LSTM 0.0080 0.9981  0.0215 0.9966

GRU 0.0039 0.9990  0.0152 0.9971

BILSTM 0.0046 09991  0.0172 0.9977

Table II shows that the "BiLSTM-CRF with Word2Vec"
model performs the best across all metrics, with high
precision, recall, F1 score, and accuracy. The BiLSTM and
GRU models also perform well, though slightly lower than
the BILSTM-CRF with Word2Vec. The LSTM model
demonstrates the lowest performance among the models listed
in terms of precision, recall, F1 score, and accuracy.

V. CONCLUSIONS AND FUTURE WORKS

In this work, we applied BILSTM-CRF with Word2Vec
model to achieve fine-grain POS tagging in Nepali. This
study showed that hybrid model BiLSTM-CRF with
Word2Vec captured fine grained morphological properties
such as person, number, gender, and honorifics embedded
within words in largely inflectional languages such as Nepali.
This study also able to improve accuracy by reducing false
positive rate in fine grain POS tagging in Nepali text. The
POS-tagged Nepali National Corpus, which contains over 17
million words, and the NELRALEC tag sets, which include
112 fine-grained POS tags was used for modelling the POS
tagger. Additionally, we assessed how well the BILSTM-CRF
performed with Word2Vec in comparison to the well-known
models GRU, LSTM, and BiLSTM. BiLSTM-CRF with
Word2Vec achieved better result compare with the state of
the art models with F1 score of 99.81% for fine grained
Nepali POS tagging.

Although our models have demonstrated remarkable
results in identifying fine-grained tags, there is still much
work to be done in the future.

a. Utilize a balanced and up-to-date systematic dataset
to make more robust Nepali POS tagger.

b. Address ambiguous words that possess different
contextual meanings within a sentence.

c.  Develop strategies to handle unknown words.

d. To test and validate the model with bigger dataset for
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better learning.
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