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Abstract

Part of speech (POS) tagging, though considered to be preliminary to any Natural Language Processing
(NLP) task, is crucial to account for, especially in low resource language like Khasi that lacks any form of
formal corpus. POS tagging is context sensitive. Therefore, the task is challenging. In this paper, we attempt
to investigate a deep learning approach to the POS tagging problem in Khasi. A deep learning model called
Robustly Optimized BERT Pretraining Approach (RoBERTa) is pretrained for language modelling task.
We then create RoBERTa for POS (RoPOS) tagging, a model that performs POS tagging by fine-tuning the
pretrained RoBERTa and leveraging its embeddings for downstream POS tagging. The existing tagset that
has been designed, customarily, for the Khasi language is employed for this work, and the corresponding
tagged dataset is taken as our base corpus. Further, we propose additional tags to this existing tagset to
meet the requirements of the language and have increased the size of the existing Khasi POS corpus. Other
machine learning and deep learning models have also been tried and tested for the same task, and a com-
parative analysis is made on the various models employed. Two different setups have been used for the
RoPOS model, and the best testing accuracy achieved is 92 per cent. Comparative analysis of RoPOS with
the other models indicates that RoPOS outperforms the others when used for inferencing on texts that are
outside the domain of the POS tagged training dataset.

Keywords: Part of speech tagging; tagging; ROBERTa

1. Introduction

Khasi is an Austro-Asiatic language (Reddy et al. 2007), which is spoken by the people of
Meghalaya, one of the North Eastern States of India. There are evidences of a good number of
Khasi speakers in the neighbouring country Bangladesh. Khasi speakers are also found spread-
ing across the neighbouring states like Assam and others. As far as Natural Language Processing
(NLP) is concerned, the language is considered as low resource because of the paucity of electronic
resources. Despite the fact that it is low resource, some works pertaining to Khasi language have
been done in the area of part of speech (POS) tagging. The aim of the paper is to build a POS tag-
ger using a deep learning approach where a variant of the Bidirectional Encoder Representations
from Transformers (BERT) model (Devlin et al. 2019), Robustly Optimized BERT Pretraining
Approach (RoBERTa) (Liu et al. 2019), is pretrained and tested on language understanding for
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Khasi language. Then, by leveraging its embeddings, we fine-tune this pretrained model for the
purpose of POS tagging, and we refer to the fine-tuned model as RoBERTa for POS (RoPOS)
tagging. Other machine learning and deep learning based models have been tried and tested for
the same task, and a performance comparison has been undertaken to evaluate the efficiency of
RoPOS. Apart from this, the paper also proposes additional tags for inclusion into the existing
Khasi POS tagset to bridge the gap of brevity. Additionally, tags for some words in the current
tagged dataset have been modified so that they reflect their grammatical position more accurately.
RoPOS is pretrained using different tokenisation schemes, and it is found that the best accuracy
achieved is 92 per cent. In short, the paper’s main contributions include updation of the exist-
ing Khasi POS tagset, modifying the tags assigned to certain words of the existing tagged corpus,
increasing the size of the current POS tagged corpus and designing of a relatively more reliable
POS tagger. In the subsequent subsection, a brief background of the RoBERTa model is discussed.
We also include a brief description of the two tokenisation schemes that we have employed in this
work. The paper has been organised into different sections which are given as follows: Section 2
discusses the related relevant works, Section 3 gives a detailed description of the methodology
used, Section 4 discusses on the dataset acquisition and modification made in the proposed inves-
tigation, Section 5 elaborates on the experimental setup for implementation of RoPOS, Section 6
discusses on the experimental results obtained, Section 7 concludes with performance analysis of
the proposed model and, finally, Section 8 highlights the limitations of the proposed model along
with future research scope surfaced out.

1.1. Background

A brief description on the RoBERTa model and its architecture is given in the subsequent subsec-
tion. Following it is a discussion on the two tokenisation schemes that have been employed for the
two setups of RoPOS.

1.1.1. Robustly Optimized BERT Pretraining Approach—RoBERTa

The RoBERTa model proposed in Liu et al. (2019) has the same architecture as BERT (Devlin
et al. 2019) and may use a Byte-Pair Encoding (BPE) (Sennrich, Haddow, and Birch 2015) or a
Wordpiece (Schuster and Nakajima 2012) tokeniser. It builds on BERT with some modifications,
which include: eliminating the next sentence prediction objective, training on longer sequences,
dynamically modifying the masking pattern used on the training data and training longer on
larger batches and across more data. The pretraining strategy used in RoBERTa is masked lan-
guage modelling (MLM), but unlike BERT, the masking operation is dynamic. According to the
authors, with dynamic masking, there is an improvement on some NLP tasks. The basic architec-
ture is shown in Fig. 1. The input sequence is first tokenised through a mapping to the vocabulary
that gets constructed at the end of training of a compatible tokeniser on the corpus collected. In
the sections that follow, we show how the model’s overall performance is influenced by the tokeni-
sation technique that is used. As indicated in the figure, the tokens obtained are masked, where 15
per cent of them are replaced by the <mask> token. Then, they are embedded by projecting them
into some abstract feature space. Positional information is also embedded so that word ordering
in a sequence is maintained because tokens are fed into the model in parallel. They, then, pass
through the encoder block. There can be N such blocks. In this work we choose N = 6. Within the
encoder block, they pass through the multi-head attention layer, which is the core of transformer
models. The output goes through the Add and Norm layer, which adds the output to the original
vector and then normalises it. Output from the last encoder block goes through a linear layer that
generates the original sequence with <mask> tokens being replaced with words in the vocabulary
that have the highest probability.
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Figure 1. Bert Architecture (Image source: Thabah et al. 2022).

1.1.2. Tokenisation

Tokenisation is an important prepocessing step in any NLP task. Transformer models typically
have a vocabulary size of not more than 50,000, which is possible because of the tokenisation
schemes designed. We discuss here two schemes that we employ in our model, namely, BPE and
Wordpiece encoding tokenisation schemes. Both employ subword tokenisation, which is based

on the notion that rare words should be split into smaller, meaningful subwords, while common
words should remain unsplit.

« BPE: Sennrich et al. (2015) developed BPE, which learns merge rules to combine two sym-
bols from the base vocabulary to create a new symbol. It develops a base vocabulary out
of all the symbols that appear in the collection of unique words. It keeps doing this till the

vocabulary reaches a certain size. This size is a hyperparameter set before the tokeniser is
trained.

o Wordpiece Encoding: Wordpiece tokenisation, designed by Schuster and Nakajima
(2012), is very similar to BPE, with the difference that BPE chooses the most frequent
symbol pair, while the one that Wordpiece selects maximises the likelihood of the training
data once it has been added to the vocabulary.

2. Related work

In general, there has been scarcity of research work done in the field of NLP on Khasi language.
It is only as recent as 2018 that works on POS tagging and machine translation started. Tham
(2018) proposed a POS tagger using the Hidden Markov Model (HMM) on a corpus that consisted
of 86,087 tokens and achieved an accuracy of 95.68 per cent. Other tools available in NLTK for
tagging have also been discussed in the paper, with reported accuracy rates of 86.76 per cent for
BaselineTagger, 88.23 per cent for NLTK Bigram Tagger, 88.64 per cent for NLTK Trigram Tagger

https://doi.org/10.1017/nlp.2024.24 Published online by Cambridge University Press


https://doi.org/10.1017/nlp.2024.24

4 A. M. Mitri et al.

and 89.7 per cent for Natural Language Toolkit (NLTK) Tagger. Warjri et al. (2019) developed a
Khasi POS tagger based on the HMM model. For the task, a Khasi tagset consisting of fifty-four
tags has been designed. A manually tagged Khasi lexicon of around 7,500 tokens has been used on
the model, and a test accuracy of 76.70 per cent has been reported. Tham (2020) created a hybrid
POS tagger by integrating Conditional Random Field (CRF) with a HMM Khasi POS tagger in
order to reduce the HMM tagger’s tagging errors and reported a tagging accuracy of 95.29 per
cent, a 1.9 per cent improvement over the HMM tagger. Warjri et al. (2021) proposed a Khasi POS
tagger using the CRF method. As part of their work, a tagset has been designed, customarily, for
the Khasi language, and a corresponding POS tagged corpus of 71,000 tokens has been built. The
CRF model as designed yielded a test accuracy of 92.12 per cent and an F1-score of 0.91. Thabah
et al. (2022) used BERT, to get pretrained embeddings for Khasi, and they reported convergence
after 500 epochs of training and a training accuracy of 0.08. Because the tokenisation technique
used in this work creates a vocabulary that is comprised of all unique terms encountered in the
corpus, one disadvantage is the potential for unknown tokens to appear if they are not already
there in the vocabulary constructed.

Regarding POS tagging in other low resource Indian languages, a number of works have been
reported in the literature. In their paper, Nongmeikapam and Bandyopadhyay (2016) have used
genetic algorithm for selecting the best feature combination for use in the task of POS tagging
with CRF model. According to them feature selection is crucial to improving the performance
of the tagger. They reported an accuracy of 80.00 per cent Recall, 90.43 per cent Precision and
84.90 per cent Fl-score. Nunsanga et al. (2021) employed CRF method in POS tagging of the
Mizo Language. A Mizo tagset consisting of twenty-six tags has been presented, and the tagger
was able to achieve an accuracy of 89.42 per cent on a corpus of 30,000 words. Odia is another
Indian language that is low resource and an attempt to develop a POS tagger for it has been
made by Dalai, Mishra and Sa (2022). They have experimented with statistical as well as deep
learning based methods in their work and found that the deep learning Bidirectional Long Short-
Term Memory (bi-LSTM) network with character sequence feature using a pretrained word vector
yielded the best accuracy of 94.58 per cent. A comparative analysis of various POS taggers for the
resource scarce Bengali language has been reported by Jahara et al. (2021). They have employed
eight stochastic methods and eight transformation-based methods on a corpus of 7,390 lines. They
compared the performance of these methods on two tagsets—one consisting of eleven tags, while
the other consisting of thirty tags. An accuracy of 91.83 per cent has been reported using Brill
with CRF method on the former tagset and an accuracy of 84.5 per cent on the later. A problem
that has been highlighted in the paper is that the language has a complex morphology rendering
the POS tagging task challenging. A deep learning approach, as described by Pathak, Nandi and
Sarmah (2022) in their paper, has been utilised for the POS tagging task of the Assamese lan-
guage. Again, in this work, the bi-LSTM with CRF model has been used to build the tagger and
an accuracy of 86.52 per cent has been reported. Boro and Sharma (2020) discussed the POS tag-
ging challenges encountered in Assamese language in their study on POS tagging for Assamese.
The paper mentions that designing a tagger for Assamese is significantly more difficult because
the language is regarded as having a free form word order and a rich morphology. Even though
(subject-verb-object (SVO) is the most predominant form of word order, sentences can still be
constructed using other word orders including SOV, VOS, VSO, OVS and OSV. Another issue
that has been highlighted in their work is the tagging of ambiguous words where the same word
may be associated with more than one tag.

In general, in most of the papers in the literature, where limitations have been discussed, the
most pertinent issue in POS tagging that still needs to be addressed is the problem with ambigu-
ous words. To resolve this, more information is required which may be morphological, syntactic,
semantic, etc. However, such information is scarce for low resource languages. Hence, this issue
may be considered a challenge till date.
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3. Methodology
We outline the methodology that we adopt for this work in the following steps :

1. Pretrain a RoOBERTa model for Khasi language understanding using MLM approach:
For this step, a generic Khasi corpus used in Thabah et al. (2022), built from resources
available in the web such as newspaper articles, folklores, literary texts, the Khasi BiBle,
etc., has been used. The corpus has been cleansed further by reducing its size from 64.2 MB
to 53 MB. We train a RoBERTa on this corpus whose configuration and model set up are
discussed in Section 5. Two instances of the model have been trained where:

(a) For the first instance, a ByteLevel BPETokenizer (Sennrich et al. 2015), which is a BPE
tokeniser, has been used
(b) For the second instance, a BertWordpieceTokenizer (Schuster and Nakajima 2012),
which is a Wordpiece tokeniser, has been used (refer to Section 1.1.2).
The effect of choosing one tokenisation scheme over the other is discussed, in detail, in
Section 6. This pretrained model is saved as its embeddings will be extracted later for use
by RoPOS.

2. Identify new tags: An additional tag has been proposed for inclusion into the existing
Khasi tagset which is elaborated in Section 4.1.

3. Increase the size of the existing POS tagged dataset: For this, an additional 35,109 num-
ber of tokens have been manually tagged, thereby expanding the tagged corpus size from
71,000 to 106,109 tokens.

4. Build a POS tagger, RoPOS, by fine-tuning the pretrained model of step (1) above:
RoPOS’s basic architecture is shown in Fig. 3. RoPOS is trained using the tagged dataset
from Section 4. The problem is addressed as one of classification where RoPOS is trained
to predict the tags corresponding to the input sequence. Again, two instances of RoPOS
have been trained—(i) using ByteLevelBPETokenizer as a tokeniser of the input and (ii)
using BertWordpieceTokenizer. Before feeding the input to the model, some preliminary
steps have to be performed which are as follows:

- Eachline in the tagged dataset consists of a collection of word/tag pairs. From this set,we
extract the words and tags separately to form our data and labels for training.

- Tokenise the input texts using one of the tokenisers depending on the RoPOS instance
being trained. In both BPE and Wordpiece tokenisers, it is possible that during the
tokenisation process, a word may be broken up into more than one token (called subto-
kens). For example, the word ’jingngeit” after tokenisation is broken up into subtokens
jing” and ’'ngeit’, with BPE tokenisation and assigned two separate identifications from
the vocabulary. For the task of POS tagging where one whole word is assigned to one tag,
such a kind of tokenisation poses a problem. This is addressed by extending the length
of the labels to the length of the tokenised sentence as illustrated in Fig. 2. Whenever
an input word is broken into more than one subtoken, each of the subtokens is labelled
with the tag of the input word as in the case of the subtokens ’jing” and ’ngeit’ for the
input word ’jingngeit’. A similar alignment is performed on data tokenised through
Wordpiece tokenisation. Here, whenever a word gets decomposed into subtokens, all
of the subtokens, except the first, have been prefixed with ## to indicate that they are all
part of a bigger word as illustrated in Fig. 2.

The (sub)tokens that result from the tokenisation process are fed as input to RoPOS for it

to learn to predict the corresponding tags.

5. Comparative analysis: A comparison is made between the performance of the two
instances of RoPOS in relation to each other as well as in comparison to other machine
learning and deep learning models. The results and findings of this step are discussed in
Section 6.
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Table 1. List of borrowed words extracted from the corpus

pisa miej kolshor politik sorkar

ilekshon trok draibar bos kopi

laifi mahajon myntri dorbar khulom

ophis ophisar doktor nos skhim

baje tarik eksam jamin pas

histori sordar lak hajar prokram
Input sentence: ka Jingsngewtieng ka ba khraw ka la wan ha ki
labels (tags): 3PSF ABN 3PSF com ADJ 38pPS VFT TRV IN 3PPG
WordPiece Tokenized sentence: ka Jjingsngew #itieng ko ba khraw ka la wan ha ki
Aligned labels: 3PSF ABN ABN 3PSF com ADJ 38PS VFT TRV N 3PPG
BPE Tokenized sentence: ka Jjing sngew tieng ka ba khraw ka la wan ha ki
Aligned labels: 3PSF ABN ABN ABN 3PSF com ADJ 38P5 VFT TRV N 3PPG

Figure 2. Aligning labels to tokens.

4. Dataset

The tagset designed by Warjri et al. (2018) and the corresponding POS tagged corpus of about
71,000 tokens have been used as the baseline. To this, an additional 35,109 number of tokens that
are tagged manually has been added, thus expanding the POS tagged corpus size to 106,109. The
additional set has been taken from articles from the local daily, ‘U Rupang’.

4.1. New and modified tags

In the original tagset defined by Warjri et al. (2018), foreign words that appear in the corpus,
such as Sports’, ‘Association’, ‘Hills’ etc., have been tagged as FR (foreign word tag). Some for-
eign words, however, have evolved to become part and parcel of the Khasi language with their
spellings changed to meet the Khasi manner of pronunciation and articulation. Words like ‘sorkar’
and ‘pisa’ are words that have been adopted and adapted into Khasi but are derived or borrowed
directly or indirectly from other contact languages like Hindi or Assamese. In the same vein, words
like ‘kolshor’ and ‘politik’ for ‘culture’ and ‘politics’, respectively, come directly from English. In the
original tagset, such words have been tagged as FR. In this paper we propose tagging them as BR
(borrowed word tag), indicating that they have been borrowed and have become an intrinsic part
of the Khasi language. Table 1 lists the borrowed words found in the corpus. Another modifica-
tion that is proposed in this paper is in the way abbreviations have been tagged. Here, we propose
tagging all abbreviations with PPN, the proper noun tag instead of FR as in the original dataset.

In line with the above, some of the FR tags in the base corpus have been manually changed to
BR tags. Morphological break-up of certain words in the base corpus has been done to a certain
extent. Therefore, as a part of preprocessing, this morphological break-up of certain words has to
be done with the additional dataset to comply with the base corpus. At present there is no tool
for morphology, so this task has to be done manually on a corpus of 53 MB and a lot of time
has been spent in this painstaking task. For the experiments to follow, the dataset is split as in
Table 2.
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Table 2. Dataset for training, testing and validation

Train set Test set Validation set Total

Number of lines 1,807 452 399 2,658

Table 3. Hardware configuration

CPU Intel(R)Xeon(R) CPU@2.30 GHz
Main memory 13GB

GPU Tesla P100-PCIE

GPU CUDA cores 3,584

GPU memory speed 732 GB/s

GPU Memory 16 GB

Table 4. Parameter and hyperparameter setting for
pretraining ROBERTa

Parameter/hyperparameter Values
Batch size 8
Learning rate 0.00001
Shuffle True
Maximum sequence length 512
Embedding dimension 768

5. Experimental setup and implementation

The model has been implemented in the Pytorch framework developed by Paszke et al. (2019),
with computational resources from Google Colaboratory. Implementation of RoPOS is outlined

as a two-step process as follows:

« For pretraining of the language model, the generic Khasi corpus described in Section 3(1)

is used. Since RoBERTa uses MLM, we mask out 15 per cent of the input sequence dynam-
ically after tokenisation. Table 3 gives the hardware configuration on which the language
model has been trained on, and Table 4 specifies parameters and hyperparameters that
have been used. As described earlier, two instances of ROBERTa have been trained for ten
epochs each and the best model is achieved at an average loss of 0.02 for both the instances
and training accuracy of 98 per cent. As in Table 4, the maximum sequence length is set to
512, while Thabah et al. (2022) capped this length to forty. The models have been tested on
the word prediction task using the transformers pipeline where words are masked out at
random for the model to predict and it obtains comparable results as Thabah et al. (2022).
The aim of this pretraining step is to extract the model’s embeddings that it has learnt, in
order to use them for the POS tagging task.

Next is implementing the POS tagger, RoPOS, whose structure is shown in Fig. 3. A sin-
gle linear layer is added that is used for prediction of the tag for each token in the input
sequence. Within the model, the embeddings generated by the pretrained RoBERTa model
are extracted and the embedding dimension, of size 768, is obtained from the pretrained
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Figure 3. Basic structure of RoPOS model.

model’s hidden_size attribute. The hyperparameter configuration of Table 5 is used for
both instances of RoPOS. Before training RoPOS, the POS tagged dataset is prepared and
preprocessed with label alignment as described in Section 3(4).

The accuracy and loss plots of the RoPOS over time for fifty epochs using BPE tokenisation
and that using Wordpiece tokenisation for twenty epochs are shown in Fig. 4.

A training and test accuracy of 85 per cent and 83 per cent, respectively, is achieved for RoPOS
with BPE while that of 95 per cent and 92 per cent for RoPOS with Wordpiece tokenisation.
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Table 5. RoPOS model parameter and hyperparameter

setting

Parameter/hyperparameter Values
Batch size 8
Learning rate 5e-5
Dropout 0.5
Shuffle True
Maximum sequence length 200
Number of classes 61
(a) model accuracy model loss
85 — train
18 - validation
80 1.6 1
75 141
z
3 2 1.2 1
g% :
1.0 1
65 0.81
60 — train 0.6
validation
0 4 8 12 16 20 24 28 32 36 40 44 48 3 8 12 16 20 24 28 32 36 40 44 48
epoch epoch
with BPE tokenization
(b) model accuracy model loss
% = frain
175 validation
%0
150
8
. 125
8 o 9
5 8 100
g 5
075
10
050
5 i
= tain
o et 025

91011 121314151617 1819
epoch

910111213141516171819
epoch

with wordpiece tokenization

Figure 4. Accuracy and Loss of RoPOS.

5.1. Different machine and deep learning based models

Various machine learning and deep learning models have been experimented and imple-
mented for the same task. The models that have been considered include Logistic Regression
(Pranckevi¢ius and Marcinkevicius 2016), Naive Bayes (Bulusu and Sucharita 2019), Random
Forest (Jahara et al. 2021), Support Vector Machine (Ekbal and Bandyopadhyay 2008), simple
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Table 6. Deep learning models’ configuration

Input dimension 111,425
Length of word vector 200
Batch size 10
Learning rate 0.01

a b
(@ model accuracy ( )100 model accuracy
100
098 098
096 096
0 094
94 .
>
E 8 092
o 092 3
L % 090
090
088
088 086
- ftrain = train
086 validation 084 validation
0 2 H 6 8 0 2 a 6 8
epoch epoch
Bi-LSTM LSTM
(c) model accuracy (d) model accuracy
098 /-/"
096 - 098
094 096
>
g 092 % 00
S 090 o
L]
® 092
088
0.86 090
= ftrain = ftrain
084 validation 088 validation
0 10 20 30 40 50 0 2 4 6 8
epoch epoch
RNN GRU

Figure 5. Accuracy plots of deep learning models.

Recurrent Neural Network (RNN) (Jordan 1997), LSTM (Hochreiter and Schmidhuber 1997), bi-
LSTM (Fei and Tan 2018) and a Gated Recurrent Unit (GRU) (Cho et al. 2014). The approach
to solve the problem of POS tagging in all of these models is one of classification with as many
classes as there are tags in the tagset. The models have been implemented in Google Colab using
the keras API (Chollet 2018) and Pytorch framework (Paszke et al. 2019).

The configuration shown in Table 6 is the one that has been used for the deep learning mod-
els, viz., RNN (with sixty-four RNN units), LSTM (sixty-four LSTM cells), bi-LSTM (128 LSTM
Cells) and GRU (sixty-four recurrent units). The tokeniser from Keras API has been used for
all of the deep learning models. The vocabulary has 111,425 distinct words because tokenisation
is done word by word, making it significantly larger than the subword tokenisation outlined in
Section 1.1.2. The accuracy plots of these models trained for a varied number of epochs are shown
in Fig. 5.
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Table 7. Machine learning models’ configuration

Model Parameters

Logistic Regression C=5

Naive Bayes alpha =0.1, fit prior = False

SVM C =10, kernel =sigmoid, coef0 = 0.1
Random Forest MaXfeatures = [0g2

Table 8. Reported accuracy

Training accuracy (%) Test accuracy (%)
RoPOS with BPE Tokenisation 85 83
RoPOS with Wordpiece Tokenisation 95 92
Bi-LSTM 99 98
LST™M 99 98
RNN 97 97
GRU 99.3 98
Logistic Regression 97 93
Random Forest 97 93
SVM 95 93
Naive Bayes 95 91

Overfitting has been handled by adding a dropout layer to all the deep learning models. For
RoPOS, we add two dropout layers before the embeddings are fed to the final linear layer. The
model improve with this configuration which can be seen in the train and validation accuracy
plots. Cross validation during training helps us decide on early stopping of the training.

Table 7 shows the parameter values that have been chosen for the machine learning models.
For Logistic Regression we find that the regularisation parameter, C, gives better accuracy and
convergence when set to value 5 while for SVM C = 10, gives a better accuracy value.

6. Results and discussion

Table 8 displays the accuracy values of the various models that have been implemented for POS
tagging.

For evaluating each of the models’ performance while inferencing, they have been tested on
a random article that has not been included in the training, test or validation set but one from
the same domain. The classification reports of RoPOS using BPE scheme of tokenisation and
that using Wordpiece tokenisation are shown in Tables 9 and 10. It is clear from the reports that
the model that makes use of Wordpiece tokenisation performs better. As mentioned earlier in
Section 3, when BPE tokenisation is used, the word §ingngeit’ is broken into the subtokens §ing’
and ‘ngeit’. Although the term fjing’ may not show up anywhere in the corpus as an indepen-
dent word, the word ‘ngeit’ will. The model learns one tag for ‘ngeit’, as an independent word and
another different tag for ‘ngeit’ as a subword. With Wordpiece tokenisation, on the other hand,
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Table 9. RoPOS with BPE: classification report on a random article

Precision Recall F1l-score Support

3ppg 1.00 1.00 1.00 8

3psf 1.00 1.00 1.00 22

add 0.50 1.00 0.67 1
adj 0.50 1.00 0.67 1
adp 1.00 1.00 1.00 1
adt 1.00 1.00 1.00 2
br 1.00 1.00 1.00 1
cav 1.00 1.00 1.00 2
cmn 0.47 0.91 0.62 22
co 1.00 1.00 1.00 3
coc 1.00 1.00 1.00 6
com 1.00 1.00 1.00 16
dmp 1.00 0.67 0.80 3
dtv 1.00 1.00 1.00 1
fr 0.35 0.30 0.33 23

idp 0.00 0.00 0.00 0

qnt 1.00 0.33 0.50 3
rfp 1.00 0.67 0.80 3
spa 1.00 1.00 1.00 1
suc 0.00 0.00 0.00 2
sym 0.91 0.94 0.93 33
trv 0.50 0.44 0.47 9

vft 1.00 0.91 0.95 11

Accuracy 0.76 265
Macro avg 0.80 0.80 0.78 265

Weighted avg 0.78 0.76 0.75 265
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Table 10. RoPOS with Wordpiece Encoding: classification report on a random article

Precision Recall F1l-score Support

3ppg 1.00 1.00 1.00 8
3psf 1.00 1.00 1.00 22
3psm 1.00 0.45 0.62 11
abn 1.00 1.00 1.00 5
ad 0.88 1.00 0.93 7
add 0.50 1.00 0.67 1
adj 1.00 1.00 1.00 1
adp 1.00 1.00 1.00 1
adt 1.00 1.00 1.00 2
br 1.00 1.00 1.00 1
cav 1.00 1.00 1.00 2
cmn 0.81 0.95 0.88 22
co 1.00 1.00 1.00 3
coc 1.00 1.00 1.00 6
com 1.00 1.00 1.00 16
dmp 1.00 1.00 1.00 3
dtv 1.00 1.00 1.00 1
fr 0.91 0.91 0.91 23
idp 0.00 0.00 0.00 0
in 1.00 1.00 1.00 24
itv 0.60 0.75 0.67 4
mod 0.00 0.00 0.00 1
pop 1.00 1.00 1.00 5
ppn 0.93 0.79 0.86 34
gnt 1.00 0.33 0.50 3
rfp 1.00 0.67 0.80 3
spa 1.00 1.00 1.00 1
suc 1.00 1.00 1.00 2
sym 1.00 0.94 0.97 33
trv 0.88 0.78 0.82 9

vft 1.00 1.00 1.00 11

Accuracy 0.93 265
Macro avg 0.83 0.82 0.82 265

Weighted avg 0.95 0.93 0.93 265
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Table 11. Fl-score, Precision and Recall while inferencing on texts from the same domain (Newspaper Articles)

Precision Recall Fl-score
Macro Weighted Macro Weighted Macro Weighted
average (%) average (%) average (%) average (%) average (%) average (%)

RoPOS with BPE 80 78 80 76 78 75
Tokenisation

RoPOS with Wordpiece 83 95 82 93 82 93
Tokenisation

Bi-LSTM 92 96 88 94 89 94
LSTM 93 98 91 97 92 97
RNN 78 91 73 89 73 89
GRU 92 98 90 96 90 96
Logistic Regression 89 95 89 94 87 94
Random Forest 87 96 87 95 86 95
SVM 85 96 86 93 84 94
Naive Bayes 83 97 84 94 82 95

because the symbols ## prefix each of the subtokens (except the first), the model is able to learn
that ‘ngeit’ and ##ngeit” are two different tokens with two different tags without any ambiguity.
As a result, while inferencing, the performance improvement shown in the RoPOS Classification
report of Table 10 could be attributable to this fact. Further, the F1-score, Precision and Recall for
the other models implemented are as listed in Table 11. These scores are obtained while inferenc-
ing, using a random article that is not part of the training, validation or test but from the same
domain. Tables 12 and 13, on the other hand, provide the set of scores produced by the mod-
els while inferencing on text from two other domains, the Bible and Khasi literary texts, that are
different from the domain on which the models have been trained on.

In general, it is seen that the deep learning models perform better than the other models.
Table 11 reports the scores of the various models for one random article from the same domain
as the training set. Considering the fact that the article has imbalanced data, as indicated by the
support counts, and that each class has equal importance, the LSTM model has a higher overall
macro average F1-score.

However, when the models are used for inferencing on a random text that is not from the
domain on which they have been trained which is the newspaper domain, we observe that RoPOS
(with Wordpiece tokens) performs better than the other models. This is shown in Table 12, where
the text has been taken, randomly, from the Bible domain and in Table 13, from the domain of
Khasi literary texts which is indicated by the higher macro average F1-scores of the model in each
of these cases. In this work, the macro average Fl-score is a measure that is considered because
the corpus has imbalanced data and each of the tags are of equal importance. This, relatively, high
macro average Fl-score may be attributed to the fact that RoPOS’ input vectors are pretrained
embeddings that have captured the semantic as well as syntactic features of the language to some
degree. Therefore, its performance is more consistent and better on generic data that is outside of
the training domain or in other words it generalises better.

Another benefit of RoPOS is the vocabulary size. The vocabulary size selected for the experi-
ments in the paper is 30+k for RoPOS and 111,425 for the other deep learning models. Due to
the way the vocabulary has been constructed, the likelihood of unknown words even with a fresh
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Table 12. F1-score, Precision and Recall while inferencing on out of domain texts taken from the Bible

Precision Recall Fl-score

Macro Weighted Macro Weighted Macro Weighted
average (%) average (%) average (%) average (%) average (%) average (%)

RoPOS with BPE 83 93 84 91 83 91
tokenisation

RoPOS with Wordpiece 87 97 87 94 86 95
tokenisation

Bi-LSTM 79 95 78 94 78 94
LST™M 79 94 78 93 78 93
RNN 73 89 71 87 71 88
GRU 85 95 85 94 84 94
Logistic Regression 80 94 80 95 80 95
Random Forest 79 95 79 98 79 94
SVM 78 94 78 92 78 93

Naive Bayes 69 96 69 91 69 93

Table 13. F1-score, Precision and Recall while inferencing on out of domain—literary Khasi texts

Precision Recall Fl-score

Macro Weighted Macro Weighted Macro Weighted
average (%) average (%) average (%) average (%) average (%) average (%)

RoPOS with BPE 79 85 7 83 78 84
tokenisation

RoPOS with Wordpiece 88 94 92 89 88 91
tokenisation

Bi-LSTM 83 92 82 92 82 92
LSTM 88 93 87 91 86 92
RNN 52 73 52 66 51 68
GRU 84 92 81 90 81 90
Logistic Regression 81 90 83 89 81 89
Random Forest 80 89 82 85 79 86
SVM 86 94 86 92 84 92

Naive Bayes 75 90 78 84 76 85

set of data is almost 0, which may not be the case with the others. This is a performance issue
because there is no limit to new words particularly in the domain of newspaper articles, where
foreign words, especially English, appear randomly in the text. Increasing the size of the vocab-
ulary, therefore, entails an increase in the vectors’ dimensions thereby increasing the size of the
parameters of the model.
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Table 14. Observed performance of RoPOS with Wordpiece

Percentage of noise (%) Observed accuracy (%)
2 92.02
5 91.9
10 91.8
15 91.3
20 91.3
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Figure 6. Confusion Matrix on inferencing with RoPOS (with Wordpiece tokens) on a random article from the newspaper
domain.

Impact of noise In POS tagging, the relevant noise in the corpus is mistagged words where words
appearing in the same syntactic or semantic context are annotated differently, Marquez (1999).
Problems arise when the test corpus itself has mistagged words. In such a case, the real and the
observed accuracy will not be the same. Here, the real accuracy is the performance of the tagger
on a noise-free test set while the observed accuracy is the performance of the tagger on a noisy
test set. To investigate how a noisy test set affects the performance of RoPOS, we create six sets
of test data, starting from one extreme where the test set is noise-free to the other extreme where
the test set contains approximately, 20 per cent noise. In between these two extremes, are test sets
with, approximately, 2 per cent, 5 per cent, 10 per cent and 15 per cent noise. These noisy test
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Figure 7. Confusion Matrix on inferencing with RoPOS (with Wordpiece tokens) on a random text from the Bible domain.

sets have been created by, deliberately, assigning wrong annotations to ambiguous words. The
observed performance of RoPOS (with Wordpiece encoding) on these sets is shown in Table 14.
Here, we considered 20 per cent (approximately), as the maximum noise. From the table, it is seen
that, for test sets containing up to, approximately, 20 per cent noise, the observed performance of
the model ranges between 91.3 per cent to 92.02 per cent with respect to accuracy, while the real
performance is 92.07 per cent.

7. Conclusion

From the results obtained and discussed in Section 6, it is clear that Wordpiece encoding is a
better tokenisation scheme than BPE for this work. It is also observed that all the other models
exhibit excellent performance on training and testing data compared to RoPOS (with Wordpiece
tokens) but when they are used to infer on texts that are not from within the training domain,
their performance degrade. This could be because there is less randomness or unpredictabil-
ity in the train and test datasets, which is mostly true for the newspaper articles utilised in this
work. RoPOS (with Wordpiece tokens), on the other hand, displays a more consistent perfor-
mance when we utilise it for inferencing both inside and outside of domain texts. The pretrained
embeddings are contextualised and are more robust for use as inputs to the model than the raw
token ids. RoPOS’ performance will improve with the increase in the size of the POS tagged
dataset. Therefore, because of its, relatively, consistent performance, it may be concluded that
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Figure 8. Confusion Matrix on inferencing with RoPOS (with Wordpiece tokens) on a random article from the domain of Khasi
Literary texts.

RoPOS (with Wordpiece tokens) is a reliable model to consider for POS tagging as it exhibits
generalisation.

8. Limitations and future scope

One aspect of RoPOS that may be considered as a drawback is the fact that the length of the input
to the model is not only limited by the maximum sequence (sentence) length that we cap RoPOS
with, but it is also further limited by the length of the tokens and/or subtokens that results from
the process of tokenisation. This has been discussed in Section 3(4) where the tokenised input
sequence length may be equal to or greater than the length of the original input sentence. Another
limitation is that, more often, the model misclassifies certain types of nouns such as the com-
mon nouns, <CMN>, and proper nouns, <PPN>, and the foreign word tag, <FR>. The tagging
of proper nouns is not always accurate, for example, it is common in Khasi to have Wonderful,
Preacher, and English words of the like, as the name of a person. Such nouns have been tagged as
<FR>, the foreign word tag and vice versa. The confusion matrices obtained after inferencing on
articles taken from three different domains are shown in Figs. 6, 7 and 8. In all of the three con-
fusion matrices, most of the misclassification is on the nouns and foreign words. Such ambiguity
can be minimised if the embeddings could be pretrained on a larger corpus. Another possible way
of minimising this is to incorporate Named Entity Recognition (NER) tags which may be a future
work as there is no standard NER corpus built for Khasi. Since pretrained embeddings are the
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core behind RoPOS, it is beneficial to improve upon them by pretraining upon a larger corpus.
Thus, corpus collection and cleaning is an important future work. Next is, increasing the size of
the POS tagged dataset. This task will no longer be tedious as RoPOS can be used for preliminary
tagging and then manually validating them for correctness. With the availability of a significant
volume of POS tagged dataset, a future work extension would be designing a shallow parser on
this specific dataset. As not much work has been done in this area other than POS tagging, such
extension work is a requirement. Additionally, this will support subsequent NLP tasks such as text
summarisation, NER, Question Answering and others. Another area that has room for improve-
ment is the tagging of borrowed words with the <BR> tag. Based on the usage context, this tag
may be further classified to specify the precise POS of the borrowed word.
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