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Part of Speech (POS) tagging has a preliminary role in building natural language processing applications.
This paper presents the development and evaluation of the first POS tagged corpus along with a Bi-
directional long-short memory (BiLSTM) network based POS tagger for Shahmukhi (Western Punjabi)
at this scale. A balanced corpus of 0.13 million words has been annotated which contains text from 14
different text domains. A Shahmukhi POS tagset has been devised by studying the applicability of the
CLE Urdu POS tagset and tagging guidelines have also been designed for annotation. A multi-step corpus
evaluation process has been employed for tagged corpus including grammar-based and n-gram based
consistency evaluations. The average inter-annotator agreement for all domains is 95.35% along with
an average Kappa coefficient of 0.94. The performance of the BiLSTM POS tagger has been compared with
the well-known language independent TreeTagger and the Stanford POS tagger. The accuracy of the tag-
ger has been further improved by employing transfer learning by training context-free (Word2Vec) and
contextualized (ELMo) word representations on a corpus of 14.9 Shahmukhi words which has been col-
lected from World Wide Web. The tagger performed with an f-score of 96.11 and the accuracy of 96.12%.
For a morphologically-rich and low-resourced language, these POS tagging results are quite promising.
© 2022 The Author(s). Published by Elsevier B.V. on behalf of King Saud University. This is an open access

article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

mainly used in Eastern Punjab whereas Pothohari, Lahandi and
Multani are used in Western Punjab. However, the Majhi dialect

Punjabi is an Indo-Aryan language and the 10th most spoken
language of the world with 150 million Punjabi speakers world-
wide (Ahmad et al., 2020; Simons and Fennig, 2017). It is widely
spoken in Pakistan, India, Canada, USA, England and other coun-
tries with Punjabi immigrants. Being a major language in Pakistan,
it is spoken by 44.15% population (PBS, 2017) of the country. It is a
morphologically rich language and has been influenced by other
languages such as Arabic, Urdu, Hindi, Persian, English and Sanskrit
(Humayoun and Ranta, 2010; Sharma, 2016). There are various dia-
lects of Punjabi. Majhi, Doabi, Powadhi and Malwai dialects are
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is spoken in both Eastern and Western Punjab and is considered
as the standard dialect of Punjabi (Kaur et al., 2017). The inimitable
peculiarity of Punjabi is that it is written in two mutually incoher-
ent scripts; Shahmukhi and Gurmukhi. Shahmukhi is mainly used
in Western Punjab of Pakistan. It is written in Perso-Arabic script;
which is right-to-left, cursive, context sensitive writing system
(Malik, 2006). On the other hand, Gurmukhi is written in left-to-
right syllabic script and is used in Eastern Punjab of India (Dua
et al., 2012; Saini and Lehal, 2011). The two incomprehensible
scripts create a wedge as most people from Western Punjab can’t
peruse Gurmukhi script. Similarly, a majority of Gurmukhi readers
from Eastern Punjab can’t understand Shahmukhi script. Interest-
ingly, they don’t have any issue to comprehend the verbal articula-
tion of the language (Lehal, 2009).

Despite a large number of speakers, in terms of computation,
Shahmukhi remains a low resourced language. However, a few
works have been done for Shahmukhi in recent years which
include; named entity recognition (Ahmad et al., 2020), analysis
of lexico semantic relationships of nouns (Akhter et al., 2019;
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Hashmi et al., 2019a) and verbs (Hashmi et al., 2019b), vocabulary
profile (Arslan et al.,, 2019) and stemming (Mateen et al.,, 2017).
Although, remarkable work has been done for Gurmukhi script
including; Punjabi machine translation (Malik, 2006), text summa-
rization (Gupta and Kaur, 2016), stemming (Gupta and Lehal,
2011), text to speech (Singh and Lehal, 2006), Part of Speech
(POS) tagging (Sharma and Lehal, 2011) and word sense disam-
biguation (Walia et al.,, 2019). Shahmukhi resources and tech-
niques are quite scant as compared to Gurmukhi. Most
researchers use transliteration between Shahmukhi and Gurmukhi
for various tasks such as to achieve POS tags for their Shahmukhi
text (Akhter et al., 2019; Hashmi et al.,, 2019a; Hashmi et al.,
2019b; Arslan et al., 2019). The transliteration encounters various
issues. Detailed analysis of the transliteration issues has been pre-
sented in Section 2.1. For low resourced Shahmukhi, POS tagging is
not explored as POS tagset, POS tagged corpora and POS taggers are
not available (Ahmad et al., 2020). POS tagging is an indispensable
preprocessing operation for any language to address many Natural
Language Processing (NLP) tasks such as speech synthesis, infor-
mation extraction, machine translation, syntactic parsing and sen-
timental analysis etc. Therefore, there is a need to develop
independent and balanced resources for Shahmukhi.

In this research, a Shahmukhi POS tagged corpus and a Bi-
directional Long-Short Term Memory (BiLSTM) network based
POS tagger is developed. In order to build Shahmukhi corpus,
online sources are used for corpus collection which are mentioned
in Table 3. Several preprocessing tasks have been performed for
corpus cleaning and preparation. A corpus of 14.9 million words
was collected and has been divided into 14 text domains that are
shown in Table 4. For devising a POS tagset for Shahmukhi, the
applicability of the CLE Urdu POS tagset (Ahmed et al., 2015) has
been studied and a suitable Shahmukhi POS tagset of 36 POS
classes has been devised. From 14 text domains, a balanced corpus
of 0.13 million words has been extracted for annotation. Multi-tier
corpus evaluation has been performed to develop a valid and accu-
rate POS tagged corpus. The corpus evaluation process starts with
completeness and correctness and followed by manual review of
the tagged corpus. Further to ensure consistency, grammar-based
and n-gram based consistency evaluations have been performed.
Inter-annotator agreement has been computed for all domains
and average agreement is 95.35% with 0.94 average Kappa value.
The final version of the annotated corpus has been used for taggers
training and testing. A BiLSTM neural network based POS tagger is
developed and has been evaluated on the POS tagged corpus. In
order to develop BiLSTM POS tagger, we performed a few experi-
ments with various features that are discussed in Section 6.2.
Transfer learning has been incorporated in the tagger training.

Two language-independent POS taggers; TreeTagger and Stan-
ford tagger have been trained. The TreeTagger performed with an
f-score of 85.11 and 85.77% accuracy whereas the Stanford tagger
performed with 94.36 f-score and 94.43% accuracy. Our BiLSTM
POS tagger outperformed both taggers with an f-score of 96.11
and an accuracy of 96.12%. For transliterating Shahmukhi text into
Latin characters, a transliteration scheme proposed by Kamran
Malik et al. (2010) has been used in all examples. The POS tagged
corpus is freely available online'. The division of the paper is as fol-
lows. Section 2 presents a comprehensive review of literature in the
field. Section 3 discusses corpus collection and preparation. In Sec-
tion 4, devised POS tagset for Shahmukhi is presented and tagging
guidelines are discussed. Section 5 comprises the annotation process
and discusses evaluation of the corpus. Section 6 presents our
BiLSTM POS tagger development and its training, other statistical

1 https://github.com/togeerehsan/Shahmukhi-POS-Tagging.
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POS taggers training and interpretation of taggers results. Section 7
concludes the paper by discussing findings.

2. Related work

Related work is presented in three sections; Section 2.1 pre-
sents work that has been done for Shahmukhi POS tagging, Sec-
tion 2.2 presents analysis of Gurmukhi and Urdu POS tagsets and
Section 2.3 discusses several POS tagging models which have been
trained on Gurmukhi and Urdu. We have studied Urdu POS tagging
because Shahmukhi and Urdu use identical script and grammatical
similarities also exist.

2.1. Shahmukhi POS tagging

In this section, we present the literature which highlights the
unavailability of Shahmukhi POS tagger. To achieve Shahmukhi
POS tagged text, researchers performed POS tagging by using Gur-
mukhi tagger. The tagging has been done by transliterating the
Shahmukhi text to Gurmukhi. Transliteration schemes for Shah-
mukhi and Gurmukhi have been proposed. Malik (2006) presented
Shahmukhi to Gurmukhi transliteration using character mappings
and dependency rules. Saini et al. (Saini et al., 2008) proposed
Shahmukhi to Gurmukhi transliteration scheme and achieved
accuracy of 91.37%. A Gurmukhi to Shahmukhi transliteration sys-
tem was proposed by Lehal (Lehal, 2009) with 98.6% accuracy at
word level. Despite of these transliteration schemes, it has been
observed that these aren’t used by researchers instead a software
named Akhar’> an Indic word processor has been used for
Shahmukhi-Gurmukhi transliteration.

Transliteration from Shahmukhi to Gurmukhi and then back to
Shahmukhi itself is a challenging task. For instance, transliterating
from Shahmukhi to Gurmukhi face the issue of recognition of
Shahmukhi text without diacritical marks. Shahmukhi text is nor-
mally written without short vowels which leads to potential ambi-
guity. For example, word S, rkH when written with short vowel

zabar it becomes verb 4_(; rakH ‘keep’ but when short vowel paish

is used it acts as noun %_{; rukH ‘tree’. This pose a great challenge to

identify the right text. Multiple mappings of Shahmukhi characters
in Gurmukhi exist, which increase transliteration errors. For
Instance, Shahmukhi characters ‘¢ and ‘¢’ have multiple mappings
in Gurmukhi. Shahmukhi character ‘¥ could be mapped to Gur-
mukhi characters ‘v’ and ‘o’ resulting in different Gurmukhi words
(Saini and Lehal, 2011). For Gurmukhi character’s Roman translit-
eration, we have used Gurmukhi to Roman transliteration system
developed by Singh et al. (Singh and Sachan, 2019).

Similarly, when transliterating from Gurmukhi to Shahmukhi, it
faces issues of difference between orthography and pronunciation,
transliteration of proper noun, missing nukta (dot) symbol in Gur-
mukhi text and multiple character mappings (Lehal, 2009). Orthog-
raphy and pronunciation makes transliteration challenging. For
example, Shahmukhi character ‘¢’ is transformed to ‘,$™ such as
word JLs xyAl ‘idea’ result in word JL¢S™ kHyAl. Moreover, multi-
ple mappings create ambiguity as there are certain Gurmukhi char-
acters which are mapped to multiple Shahmukhi characters.
Gurmukhi character ‘z’ could be mapped to ‘3, ‘Y, ‘1;’ and ‘='. Like-
wise, Gurmukhi character ‘t’ has two mappings in Shahmukhi ‘}’
and ‘. For instance, for Gurmukhi word taakt correct Shahmukhi
word is - s\l tAqt ‘strength’ but due to multiple mappings, translit-
eration could result in wrong text such as - S, LS, Lslb, =S W
Ls" W, Lsl, and - 3l In Shahmukhi, some proper nouns are written
using typical spellings for which general rule based mapping yields

2 http://www.akhariwp.com/.
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wrong text. Formation of transliteration rules for such words is
challenging as general rule based mapping does not work. Further
for nukta symbol, though five consonants ‘sh’, ‘khh’, ‘ghh’, z’ and f
have been added to basic 35 Gurmukhi characters but normally
Gurmukhi users don’t make distinction between nukta and with-
out nukta character while writing such as mostly Gurmukhi char-
acter ‘khh’ with nukta is replaced with character ‘kh’ without nukta
resulting in wrong transliterated Shahmukhi text. Moreover, there
are no exact equivalent mappings for certain Shahmukhi charac-
ters in Gurmukhi script such as for ‘¢’ and ‘. Manual cleaning of
the corpus is required to address highlighted transliteration issues.
A corpus based study on Lexico Semantic Relations (LSR) of Shah-
mukhi nouns was performed by Hashmi et al. (2019a). Shahmukhi
was transliterated to Gurmukhi for POS tagging. LSR of Shahmukhi
verbs has been studied by Hashmi et al. (2019b). In this work,
Shahmukhi was transliterated to Gurmukhi for POS tagging. After
annotation, transliteration was performed from Gurmukhi to Shah-
mukhi, and the corpus was manually reviewed to resolve translit-
eration issues.

Arslan et al. (2019) worked on the Vocabulary Profile (VP) of
Shahmukhi. This was a corpus based study in which a corpus of
two million was developed for selecting nouns in order to develop
synsets. With respect to semantic categories the list of 1,000 nouns
was developed in English. The retrieved list of nouns was trans-
lated from English to Gurmukhi and then Gurmukhi to Shahmukhi.
Transliteration was used for POS tagging as POS tagger for Shah-
mukhi wasn’t available. Transliteration issues were encountered
between Gurmukhi and Shahmukhi and corpus was cleaned man-
ually. Shahmukhi’s synsets of nouns were studied in Akhter et al.
(2019). Transliteration was used for POS tagging.

Named Entity Recognition (NER) and classification for Shah-
mukhi is studied by Ahmad et al. (Ahmad et al., 2020). They devel-
oped a corpus of 318,275 tokens. They manually tagged named
entities and released the first NER corpus of Shahmukhi. They high-
lighted the unavailability of the Shahmukhi POS tagger.

The studies in which Shahmukhi-Gurmukhi transliteration has
been performed are mentioned in Table 1. They worked on verbs,
nouns and vocabulary profile of Shahmukhi and for these tasks
POS tagged corpus is required in order to identify the parts of
speech. These studies have used transliteration to achieve POS
tagged corpus due to unavailability of Shahmukhi POS tagger. Dur-
ing Shahmukhi-Gurmukhi bidirectional transliteration, aforemen-
tioned transliteration issues were encountered by researchers.
Manual cleaning of the corpus has been performed to develop a
valid corpus which makes transliteration complex and time con-
suming as well. Therefore, there is need to develop independent
resources for Shahmukhi. POS tagging is not only required for tasks
mentioned in Table 1 and NER but it is also a pivotal task for other
natural language processing applications.

2.2. Gurmukhi and Urdu POS tagsets

A few POS tagsets have been devised for Urdu (Hardie, 2003;
Sajjad and Schmid, 2009; Ahmed et al, 2015) and Gurmukhi
(Singh, 2008; Kumar and Josan, 2012; TDIL, 2014). NLP tasks that
practice Hardie (Hardie, 2003) Urdu POS tagset and G. Singh
(Singh, 2008) Gurmukhi POS tagset encounter some challenges like
morpho-syntactic ambiguity and data sparseness due to a large
number of tags in them. Sajjad and Schmid’s (Sajjad and Schmid,
2009) Urdu POS tagset comprise inadequate analysis of verbs as
there was only one tag for verb (Mukund et al., 2010). It is deliber-
ated as purely syntactic which has paucities in morphological and
functional features. These issues limits its usage to only POS task
and considered unsuitable for other NLP tasks such as parsing
(Abbas, 2014). Whereas, the CLE Urdu POS tagset (Ahmed et al.,
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2015) accuracy is considered quite sufficient, linguistically sound
and covers all linguistic aspects. It also covers challenges that were
created by previous tagsets during computational processing of the
language. In the CLE Urdu POS tagset, special contemplation has
been provided to morpho-syntactic categories (Khan et al., 2019).
For instance, verbs are adequately classified into morphological
POS classes; infinitive and finite verbs followed by syntactic classes
of verb auxiliaries; modal, tense, aspectual and progressive.

Gurmukhi POS tagsets include reduced number of Gurmukhi
POS tagset developed by TDIL® which was used by Kaur et al.
(2014) to elevate the Gurmukhi POS tagging accuracy. Another Gur-
mukhi tagset was devised by Kumar and Josan (2012). In TDIL tagset,
pronouns were comparatively well categorized whereas in Kumar
and Josan (2012)'s tagset there was a single tag for all types of pro-
nouns. The TDIL tagset also has separate tag for Reciprocal Pronoun
(PR_RCP) for which example apasa 'our own’ is provided in tagset
documentation®. Shahmukhi script exhibits it similar to the CLE
Urdu POS tagset and Reflexive Apna (APNA) tag is applicable. Fur-
thermore, in the TDIL tagset separate POS class for Indefinite Pro-
nouns (PR_PRI) has been defined for word such as kisE 'to whom'.
For these words, the CLE Urdu POS tagset tags Personal Pronoun
(PRP) and personal Demonstrative Pronoun (PDM) are applicable
instead of PR_PRI. In TDIL tagset there were two tags for wh-
words; Wh-words Pronoun (PR_PRQ) and Wh-words Demonstrative
(DM_DMQ). In Kumar and Josan (2012)’s tagset, they also defined a
separate tag for question words. The CLE Urdu POS tagset has well
categorized pronouns classes which are acutely applicable to Shah-
mukhi script as wh-words or question words tags from both tagsets
also act pronouns like Urdu. Whereas, subordinate conjunction,
coordinate conjunctions, adverb and adjective tags in the Gurmukhi
tagsets somehow could be mapped to Shahmukhi script and to some
extent are identical to the CLE Urdu POS tagset as well.

Kumar and Josan’s (Kumar and Josan, 2012) tagset, includes
four POS classes for nouns; Common Noun (NN), Proper Noun
(NNP), Compound (NNC) and Compound Proper Noun (NNPC).
Whereas, the TDIL tagset categorises noun into Common Noun
(N_NN), Proper Noun (N_NNP) and Location Noun (N_NST). From
these both tagsets, common and proper noun tags are applicable
to Shahmukhi. Although, the N_NST tag in TDIL syntactically
behaves like common noun in Shahmukhi similar to CLE Urdu
POS tagset. In Gurmukhi script some lexical items are joined and
behave as single lexical item whereas in Urdu and Shahmukhi they
are considered as separate lexical items. For instance, the word
mUm batl 'candle’ is written joined in Gurmukhi and for compound
nouns like these (Kumar and Josan, 2012)’s Gurmukhi POS tagset
assigns NNC tag. In Shahmukhi and Urdu, we can’t join these words
and common noun tag is more applicable to them as word segmen-
tation is identical among Urdu and Shahmukhi. Correspondingly
for verbs and auxiliaries, similar challenges are opposed. As hUyE
gA 'will be’ is written as separate lexical items in Shahmukhi and
Urdu and verb and auxiliary tags are assigned to them respectively.
In Gurmukhi, they are written as single lexical item and a single
verb tag is assigned. To analyze examples provided in Gurmukhi
tagsets guidelines, we used Google translator for translation.

For symbols, Kumar and Josan’s (Kumar and Josan, 2012) tagset
comprises too many tags. The Main Verb (VBM) category also has
been subcategorized into tense and person POS. For tagging, tense
and person POS tags are used in conjunction with VBM tag. Conse-
quently, more than two tags are used in conjunction which
increase the size of the tagset. Both tagsets also have defined sep-
arate tags for foreign fragments residual and unknown words. The
CLE Urdu POS tagset also provides POS class for Foreign Fragment

3 http://punjabipos.learnpunjabi.org/TagSet.aspx.
4 http://www.tdil-dc.in/tdildcMain/articles/134692Draft%20P0S%20Tag%20stan-
dard.pdf.
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Table 1
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Overview of Shahmukhi POS tagging by using Gurmukhi POS tagger after transliterating Shahmukhi to Gurmukhi.

References Transliteration VP Verb LSR Noun LSR Noun synsets Gurmukhi POS Tagger Shahmukhi POS Tagger
Hashmi et al. (2019a) %4 X X %4 X %4 X

Akhter et al. (2019) %4 X X X v %4 X
Hashmi et al. (2019b) 17 X 7 X X 17 X

Arslan et al. (2019) %4 I X X X %4 X

(FF) but instead of unknown words tag, it provides obvious POS
classes. Conclusively, the script barrier and lack of documented
work, it’s hard to study the applicability of Gurmukhi POS tagsets
for Shahmukhi in more details. Whereas, the script of Urdu and
Shahmukhi is same and both share a large vocabulary (Bhurgari,
2007; Hasan et al., 2015). Grammatical similarities also exist
including morphological richness, case markers, complex predicate
structures and copula constructions. In future, Urdu grammar
could also help in syntactic analysis of Shahmukhi due to syntactic
structure similarities and applicability. By considering all discussed
parameters, the CLE Urdu POS tagset has been considered as
benchmark for devising a Shahmukhi POS tagset.

2.3. Existing Gurmukhi and Urdu POS taggers

POS taggers have been developed by using rule-base, proba-
bilistic, hybrid, machine and deep learning approaches. Stochastic
taggers are based on techniques like Conditional Random Field
(CRF) (Lafferty et al., 2001), Hidden Markov Model (HMM)
(Charniak et al., 1993), Support Vector Machines (SVM) (Giménez
and Marquez, 2004), Maximum Entropy (ME) (Ratnaparkhi,
1996), and Decision Tree (DT) (Schmid, 2013).

M. Kaur et al. (Kaur et al., 2014) improved Gurmukhi POS tagger
performance by using a reduced tagset and an HMM based model.
A corpus was collected from cyberspace which contained 42,000
words. They used a tagset which was proposed by Technical Devel-
opment of Indian Languages (TDIL)’ consisting 36 tags. As large tag-
set used by Sharma and Lehal (2011) resulted in data sparseness
problem. The proposed model reported 92-95% accuracy.

A statistical bi-gram model for Gurmukhi POS tagging was
developed by Mittal et al. (2014). They used a tagset proposed by
TDIL. Online resources were used to collect the corpus of 2,400 sen-
tences consisting of 10,000 words. They achieved 92.16% POS accu-
racy without unknown words. A hybrid rule-based and CRF based
approach was proposed by Sharma (2016) for Gurmukhi POS tag-
ging. A tagset of 36 classes was used as proposed by TDIL. A corpus
of 28,000 to 42,000 words was used. The tagger performed with
92% accuracy. An SVM based tagger for Gurmukhi was developed
by Kumar and Josan (2016). A Punjabi POS tagset containing 38
classes was proposed by Kumar and Josan (2012). A corpus of
54,000 words was used for training and testing the accuracy of
the tagger. An average accuracy of 89.90% was reported. A statisti-
cal POS tagger for Urdu was proposed by Anwar et al. (Anwar et al.,
2007). The tagger was based on n-gram Markov and subsequently
backoff model. EMILLE corpus was used for training and testing.
Experiments were performed using two tagsets, the first tagset
contained 250 tags and the second one had 90 tags. Backoff model
with small tagset gave a best accuracy of 95%.

Sajjad and Schmid (Sajjad and Schmid, 2009) experimented
with four state of the art probabilistic POS taggers for Urdu: TnT
tagger, TreeTagger, SVM tagger and Random Forest (RF) tagger
and compared their performances. A corpus of 110,000 words

5 http://www.tdil-dc.in/tdildcMain/articles/134692Draft%20P0S%20Tag%20stan-
dard.pdf.
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was collected from cyberspace. A tagset with 42 tags was used
for annotation. It was concluded that SVM tagger performed better
which yielded an accuracy of 95.66%.

For Urdu, Ahmed et al. (Ahmed et al., 2015) proposed a POS tag-
set. It has 12 major categories with subdivisions ensuing in 35 syn-
tactic classes. The tagset was used to annotate 100 thousand words
from the CLE Urdu Digest Corpus (Urooj et al., 2014) and 96.8%
accuracy was reported which is quiet promising for a morpholog-
ically rich language.

A CRF based POS tagger for Urdu was proposed by Khan et al.
(2019) and results were evaluated against SVM. Two benchmark
datasets were used; CLE dataset (Urooj et al., 2014) and BJ dataset
(Jawaid et al., 2014). Two tagsets were used one of 35 syntactic
classes and other one of 37 syntactic classes. The reported accuracy
for CLE and BJ datasets were 86.95% and 93.56% respectively. The
work presented in Khan et al. (2019) has been further extended
by Khan et al. (Khan et al., 2019). In this research, the effectiveness
of machine and deep learning approaches was studied. The models
were evaluated on two benchmark datasets: CLE dataset and B]
dataset. The models which were evaluated include; CRF, SVM,
HMM, n-gram Markov model, and two variants of Recurrent Neural
Network (RNN). These two variants of RNN comprise of simple
LSTM-RNN and LSTM-RNN with CRF. It was yielded by experiments
that on CLE dataset CRF based model performed better with 83.52%
accuracy. In contrary, on BJ dataset LSTM-RNN model performed
better by reporting 88.7% accuracy. Nasim et al. (Nasim et al.,
2020) used two state-of-the-art taggers: CRF and BiLSTM with
CRF. These two models mainly were used for sequential tagging.
Both models attained an accuracy of 96%.

Ehsan and Butt (Ehsan and Butt, 2020) worked on dependency
parsing for Urdu. They presented a comparative study of training
two dependency parsers; BIiLSTM parser (Kiperwasser and
Goldberg, 2016) and MaltParser (Nivre et al., 2007). Both parsers
were trained on two dependency treebanks of Urdu; CLE-UTB
(Ehsan and Hussain, 2020; Ehsan and Hussain, 2019; Ehsan,
2022) and HUTB-UTB®. The CLE-UTB used a tagset of 40 tags and a
corpus of 148,000 tokens having 7,854 sentences. They further
developed a POS tagger which was based on BiLSTM networks. The
tagger performed with a best accuracy of 96.3% on CLE-UTB. The
POS tagging is also helpful for training shallow parsers (Ehsan
et al., 2022). Table 2 summarizes the POS tagging approaches that
are presented for Gurmukhi and Urdu.

3. Shahmukhi Corpus

Fig. 1 shows the methodology of the development of the Shah-
mukhi POS tagged corpus and Neural POS tagger. At first step, a
corpus containing 14.9 million Shahmukhi words has been col-
lected from Word Wide Web. Then corpus has been normalized
by performing Unicode normalization and cleaning. A smaller ver-
sion of the corpus has been selected for annotation with respect to
14 text domains. The applicability of an Urdu POS tagset has been
studied and a tagset has been proposed for Shahmukhi. Annotation

8 https://github.com/UniversalDependencies/UDUrdu-UDTB.
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Table 2
Summary of POS tagging models, corpora and results for Gurmukhi and Urdu.
References Approach/ Model Dataset Tagset Language  Results/Accuracy
(Kaur et al., 2014) Statistical:HMM 42,000 words TDIL tagset of 36 Gurmukhi  92-95% accuracy
tags
(Mittal et al., 2014) Statistical:Bi-gram 2400 sentences 36 tags proposed Gurmukhi  92.16% accuracy
model having 10,000 by TDIL tagset
tokens
(Sharma, 2016) Hybrid:Rule-based Corpus of 28,000 to 36 classes Gurmukhi  92% accuracy
and statistical:CRF 42,000 words
(Kumar and Josan, 2016) Statistical: SVM Corpus of 54,000 38 tags Gurmukhi  89.90% accuracy
words
(Anwar et al., 2007) Statistical:n-gram EMILLE Corpus: Two tagset one Urdu 95% accuracy
Markov model Training corpus with 250 Tags and
having 1000 words  other of 90 tags
(Sajjad and Schmid, 2009) Statistical:RF Tagger,  Corpus of 1,10,000 42 tags Urdu SVM tagger performed best with 95.66% accuracy
TreeTagger, SVM and  collected from
TnT tagger cyberspace
(Ahmed et al., 2015) Statistical CLE Urdu Digest 35 tags Urdu 96.8% accuracy
corpus of 100 K
words
(Khan et al., 2019) Statistical: CRF CLE dataset and B]  Two tagsets one Urdu 86.95% accuracy on CLE dataset and 93.56% accuracy
evaluated dataset with 35 tags and on BJ dataset
one with 37 tags
(Khan et al., 2019). Statistical: CRF, HMM, CLE dataset and B]  Two tagsets: CLE Urdu For CLE dataset CRF model performed better with
SVM RNN: LSTM and  dataset tagset and Sajjad 83.52% accuracy and on BJ dataset LSTM-RNN model
LSTM with CRF tagset performed better with 88.7% accuracy
(Nasim et al., 2020) Statistical: CRF RNN: Dataset by(Jawaid Sajjad tagset 42 Urdu 96% accuracy
BiLSTM CRF et al,, 2014) tags
(Ehsan and Butt, 2020) RNN: BiLSTM tagger Corpus of 1,48,000 40 tags Urdu 96.3% accuracy

tokens having
7,854 sentences

Raw Corpus
Unicode
Normalization

Corpus
Normalization

Corpus

Collection Y
Text
Normalized Clearning
Corpus
Y

Text Domains
Applicability of CLE

Urdu POS Tagset

 —
Corpu.s < Manual POS Proposed
Evaluation Annotation Tagset
Train set
Shahmukhi
BLSTMPOS | —»| FOS Taggers
Evaluation
Tagger
Evaluation set

Fig. 1. Methodology of the development of the Shahmukhi POS tagged corpus and
Neural POS tagger.

Guidelines were prepared for manual annotation. Several evalua-
tion techniques have been employed to ensure a valid annotated
corpus. Finally, the annotated corpus has been divided into train
and evaluation sets to train neural and other statistical POS
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taggers. In this section, Section 3.1 discusses corpus collection
whereas in Section 3.2 corpus preparation process is presented.

3.1. Corpus collection

Corpora are essential resources for NLP tasks. To build bench-
mark corpora for Western and Asian languages, the online sources
including; News, Wikipedia, Emille dataset, novels, short stories
and articles have been widely acknowledged as primary sources
(Anwar et al., 2007; Hashmi et al., 2019a). In this work, a Shah-
mukhi corpus of significant size has been collected. There are very
few Shahmukhi textual sources on the Internet, as mostly online
Shahmukhi source have data in graphic format which couldn’t be
utilized for language processing. The Shahmukhi text corpus has
been collected from several online available sources which are
shown in Table 3.

Among these online sources Wichaar and Bhulekha are news
websites. Punjabi Stories comprises Shahmukhi short stories writ-
ten by a number of writers. Well-known sources Wikipedia and
EMILLE significantly contribute to corpus size. The text crawling
has been performed using Cyotek webcopy’.

3.2. Corpus preparation

For corpus preparation, first step was to parse the crawled data
and acquire substantial amount of raw Shahmukhi text. As the data
crawled from the websites was in the html format. A corpus of
almost 14.9 million tokens and 797 thousand sentences was
obtained from sources in UTF-8 format. Table 3 shows detail statis-
tics of the collected corpora with respect to sources. Further, fol-
lowing tasks have been performed for corpus preparation:

7 https://www.cyotek.com/cyotek-webcopy.
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Table 3
Online sources used for corpus collection and number of tokens and sentences each
source contribute to the corpus.

Sr.# Sources No. of Tokens No. of Sentences
1 Wichaar® 2,239,974 126,069
2 Bhulekha” 937,619 28,051
3 Punjabi Stories® 1,718,177 105,031
4 EMILLE? 5,218,157 315,021
5 Punjabi Wikipedia® 4,883,034 223,762
Total 14,996,961 797,934

http://www.wichaar.com/.

https://bhulekhatv.com/
http://www.punjabikahani.punjabi-kavita.com/Punjabi-StoriesShahmukhi.php.
https://cqpweb.lancs.ac.uk/emillewpun/.

https://pnb.wikipedia.org/wiki/.

" an T o

3.2.1. Unicode normalization

The Shahmukhi alphabets are not standardized yet. Conse-
quently, the collected corpus from online sources comprise of Uni-
codes from various languages. Accordingly, it was necessary to
map the corpus to unified Unicodes for consistency throughout
the corpus. Shahmukhi is generally written by using Urdu alphabets
(Bhurgari, 2007; Hasan et al., 2015). Therefore, the corpus has been
charted to Unicodes which exist in an Urdu keyboard released by
CLE®. A utility was built to generate report of Unicodes that don’t exist
in the CLE keyboard and necessary mappings were made. For exam-
ple, " (0627 + 0653) and ‘sJ' (0643) has been mapped to ‘|’ (0622)
and ‘<" (06A0) respectively. Though some characters which don’t
had particular mappings were removed such as”, T, ‘and ¥ etc.

3.2.2. Cleaning

For corpus cleaning, word tokenization has been overlooked
and sentence segmentation has been performed. Symbols like °/,
-, } X, ¢ and + etc. have been handled as separate tokens. The word
tokenization was performed manually during the POS tagging.
Non-printable characters were removed and all duplicated files
were discarded.

3.2.3. Text domains/genres

Based on the contents, the corpus of 14.9 million words has
been divided into 14 text domains. Text domains with detailed
statistics are shown in Table 4. Text data available in EMILLE and
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Punjabi Wikipedia had plain text so both are handled as separate
text domains and labeled as Emille Dataset and Pnb Wikipedia
respectively.

4. POS tagging

POS tagging is complementary element for any language. For
formulating Shahmukhi POS tagset and tagging guidelines, the
CLE Urdu POS tagset has been considered as benchmark and its
applicability has been studied. The CLE Urdu POS tagset is consid-
ered linguistically sound and covers all linguistic aspects as dis-
cussed in Section 2.2. The following sections present devised
Shahmukhi POS tagset, tagging guidelines and annotation chal-
lenges that are faced during annotation of Shahmukhi.

4.1. POS tagset

The devised Shahmukhi POS tagset entails 12 major POS cate-
gories with 36 subcategories. The major categories remain same
as of the CLE Urdu POS tagset. However, one additional tag Pronom-
inal Suffixes (PRX) in the pronoun class has been added. Table 5
shows the devised POS tagset with respect to categories. Noun cat-
egory has been divided into two subcategories common and proper
noun whereas noun modifiers incorporate six subcategories; adjec-
tives, quantifier, cardinal, ordinal, fraction and multiplicative. Verb
and auxiliary verbs evince two and four subcategories respectively.
Pronouns category encompasses maximum subcategories than
other POS categories as there are eight subcategories under pro-
noun. Tagset comprises a single tag for each category of residual
and interjection. Adverb, symbol, particle and adposition each
encompass two categories. Conjunction have four subcategories;
coordinate, subordinate, pre-sentential and SCKar. Conclusively, tag-
set covers all morpho-syntactic categories of Shahmukhi.

4.2. Tagging guidelines

The following sections give a comprehensive analysis of POS
tagset classes with the help of Shahmukhi examples.

4.2.1. Verbs
Verb is subcategorized into Main Verb Infinitive (VBI) and Main
Verb Finite (VBF). VBI are verbs with infinitive forms such as khAnA

jidUN baca panj sAl dA hOndA aE tE  oUhdE  zihn vic
when child.M.Sg five year case.Gen.M.Sg be.Pres.3.M.Sg be.Pres.3.Sg then pron.3.Sg mind case.Loc
NN NN CD NN PSP VBF AUXT SC PRS NN PSP

ale3 s LUl o3 05 s u‘j\uf CHsp 2|

DHAI hzAr alfAz z2xIrh kran dI gunjAS hOndI ak

2.5 thousand words save do case.Gen.F.Sg capacity be.Pres.3.F.Sg be.Pres.3.Sg

FR CD NN NN VBI PSP NN VBF AUXT

‘When a child reaches the age of five then he has the capacity to memorize two and a half thousand words

in his mind.

8 http://www.cle.org.pk/software/localization/keyboards/CRULPphonetickb2Lv1.0.
htmls.
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‘to eat’ and calnA ‘to walk’. Verb forms that show tense are tagged
as VBF. In (1) hOndA ‘happen’ is VBF and kran ‘to do’ is VBIL
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4.2.2. Auxiliary verbs

Auxiliaries are subcategorized into Aspectual (AUXA), Progres-
sive (AUXP), Modal (AUXM) and Tense (AUXT). AUXA refers to
the verb that appears after the main verb like jAndI ‘go’ in (6)
and cukE ‘done’ in (2). AUXP marks something which is in progress
like rhl ‘becoming’ in (3) and AUXM indicates capability, willing-
ness or possibility such as sakdE ‘can’ in (4). AUXT shows the tense
of the action as aE ‘is’ in (3).
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4.2.3. Nouns

Noun class has been divided into two subcategories: Common
Noun (NN) and Proper Noun (NNP). Examples of common nouns
are kuRyAN ‘girls’, bOIl ‘language’ and dunyA ‘world’. Nouns that
show adverbial nature are called spacio-temporal nouns which
refers to space and time such as althE ‘here’, hun ‘now’, jidUN
‘when’ and bAhr 'outside’ are also tagged as NN such as in (5) althE
is tagged as NN. Named entities and abbreviations are assigned tag

(2) el ) & PO o ol
asIN ak kitAb paRH cukE alN
pron.1.P1 pron.2.Sg book.F.Sg read do.Perf.F.Pl be.Pres.3.Pl
PRP PDM NN VBF AUXA AUXT
‘We have read this book.
3) s Lo Sk C [ g3 2|
pUrl dunyA ak pinD bandI jA rhl ak
whole world.F.Sg one village.M.Sg become.Pres.3.F.Sg go live.F.Sg be.Pres.3.Sg
JJ NN CD NN VBF AUXA AUXP AUXT

‘The whole world is becoming a village.

NNP. In (6) panjAbI ‘Punjabi’ and panjAb ‘Punjab’ are NNP.

(4) o b s s
tusIN jA  sakdE alU (5) ) sy 2|
pron.2.P1 go  can.Pres.M.Pl be.Pres.3.Pl oU althE rehndA all
PRP VBF AUXM AUXT pron.3.Sg here live.Pres.3.M.Sg be.Pres.3.Sg
“You can go. PRP NN VBF AUXT
‘He lives here’
6) o= ol TR o
panjAbl panjAb vic bOII jAnd ak

Punjabi.F.Sg Punjab.M.Sg case.Loc speak go.Pres.3.F.Sg be.Pres.3.Sg

NNP NNP PSP

‘Punjabi is spoken in Punjab’

VBF AUXA

AUXT
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4.2.4. Pronouns

In the CLE Urdu POS tagset, pronouns are divided into seven cat-
egories based on their syntactic nature; Personal Pronoun (PRP),
Demonstrative Pronoun (PDM), Relative Demonstrative Pronoun
(PRD), Relative Personal Pronoun (PRR), Reflexive Pronoun (PRF)
and Reflexive Apna Pronoun (APNA). However, we have added
additional subcategory in pronoun POS classes; Pronominal Suf-
fixes (PRX). PRX are objective and possessive pronouns to nouns.
In Shahmukhi PRX are E’, ‘nl’, ‘nE’, ‘sU’, ‘vE’ and ‘aE’. In (10) jE’
is PRX. PRX words sometimes act as auxiliary and take AUXT tag.
(Butt, 2007) have discussed in detail about the role of pronominal
suffixes in Punjabi.

PRP appears as the head of a noun phrase and replaces the noun
such as asIN ‘we’ and tusIN ‘you’ are tagged as PRP in (2) and (4)
respectively. PDM appears before a noun as its specifier such as
ah ‘this’ in (7). PRS spectacles the possession such as sAdA ‘our’
and alsdA ‘his’. The word tuhADA ‘yours’ is PRS in (9). PRR and
PRD refer to the relative pronouns. In (9) vargA ‘like’ is PRR. PRD
refers to the noun which is immediately followed by it like jEs
‘which’ in (8). APNA refers to the self relation with the noun. PRF
refers to oneself. The words apnA ‘own’ in (7) and apE ‘himself in
(11) are APNA and PRF respectively. Similar to Urdu, in Shahmukhi
interrogative words also act as pronouns, quantifiers and adverbs
such as kUn ‘who’, kitnA ‘how much’ and kI ‘what’ respectively.
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(10) ! ) 4 sl =
asdal vic kIhh cAhndA jE
actual case.Loc what want.Pres.3.Sg be.Pres.3.Sg
NN PSP RB VBF PRX
‘What does (he) actually want?’
(11)  old ) LeST -
tusAN  apE akhyA sl
pron.2.P1 yourself say.Perf.M.Sg be.Perf.M.Sg
PRP PRF  VBF AUXT

“You said it by yourself!

4.2.5. Nominal modifiers

Nominal modifiers give information about nouns. They com-
prise Adjectives (J]) such as word pichlE ‘previous’ in (17), Quanti-
fiers (Q): sabh kujh ‘everything’ in (12), Cardinal (CD): panj ‘five’ in
(1), Ordinal (OD): pahll ‘first’ in (14), Fraction (FR): DHAI in (1) and
multiplicative (QM): dUgnl ‘double’ in (13).

(7)ol ldaz ol s e L) 2
ah caRHdA panjAb vI mErA apnA hE
pron.2.Sg rising Punjab also pron.1.Sg mine be.Pres.3.Sg
PDM JJ NNP PRT PRS APNA VBF
‘This rising Punjab is also my own.
(8) w05 ! Y £ o u,d:\—} o1
jEs  din asl lIAhOr gyE tE  vaps ayE
that day.M.Sg pron.1.Pl Lahore go.Perf.M.Pl and back come.Perf.M.P1
PRD NN PRP NNP VBF CC NN VBF
‘The day we went to Lahore and came back’
9) o B e e ol o € o ¢
sagUN tuhADA anjAm vI  oUs bandE vargA hOvE gA
0] pron.2.Sg end also pron.3.Sg person.M.Sg like  be.Pres.Sg be.Fut.M.Sg
SCP PRS NN PRT PDM NN PRR VBF AUXT

‘Though your end will also be like that person’
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(12) 5 ol - £ & B P o €
fEr oUh sabh kujh mitl dA dhEr ban gyA
then pron.3.Sg all some sand.F.Sg case.Gen.M.Sg heap.M.Sg become go.Perf.M.Sg
RB PRP Q Q NN PSP NN VBF AUXA
‘Then that everything became a heap of soil’
(13) Sue  dol & o o5 &Se o
jidukE as3ll gintl as tUN dUgnl akE
while real count.F.Sg pron.Sg case.Com double.F.Sg be.Pres.Sg
SCP JJ NN PRP PSP QM VBF
‘While the actual count is double than that.
the case. In both languages, case markers normally appear after
(14) | Jr, B1P) & noun or pronoun and act in similar manner (Ahmed, 2007; Butt
aEl  pahll vAr sl and King, 2003). (Khan, 2009) worked on case system of South
this first time be.Perf.F.Sg Asian languages and mentioned Punjabi case markers; nominative,

PRP OD NN VBF

‘This was first time.

ergative nE, accusative nUN, dative nUN, instrument nAl, ablative
tUN, genitive dI and locative vic. In Urdu, case markers appear as
separate lexical items and the CLE Urdu POS tagset marks them
as PSP. After analyzing the identical behavior of Shahmukhi case
markers, same guidelines have been adopted for Shahmukhi tag-
ging. Examples of PSP are vic ‘in’ (locative case marker) in (1)

P

(15) ;
bilA

=5

kiskE

EEe
pkHErU

4o
vjah

oy
nulN

pron.3.Sg bird.M.Sg case.Acc without reason.F.Sg

PDM NN PSP PRE

‘Do not kill a bird without a reason.

NN

a Ll

nhEN mArnA

not  kill.Inf.M.Sg
NEG VBI

4.2.6. Adverbs

Adverbs are divided into Common Adverb (RB) and Negative
Adverb (NEG). RB examples are fTAfaT ‘immediately’, sukhyAN
‘easily’ and lagpag ‘almost’. The word fEr ‘then’ is RB in (12). NEG
marks negations such as nhEN ‘not’ in (15).

4.2.7. Adpositions

Adpositions have two subcategories; Preposition (PRE) and
Postposition (PSP). Shahmukhi PRE examples are: bGEr ‘without’,
sivAE ‘except’ and fT ‘per’. In (15) bilA ‘without’ is PRE. Indo-Aryan
languages, Urdu and Punjabi use clitics and postpositions to mark

and tUN ‘from’ (ablative case marker) in (13).

4.2.8. Conjunctions

Conjunctions are divided into four categories. Subordinate Con-
junction (SC) comprises word that joins the dependent clause with
the independent/parent clause. Whereas, Coordinate Conjunction
(CC) joins two independent clauses such as tE ‘and/then’ in (8) is
CC and in (1) is SC. Pre-sentential Conjunction (SCP) mark words
which appear at the start of a sentence for instance jidukh ‘while’
in 13. Subordinating Conjunction Kar (SCK) appears at the end of
non-finite clause such as kE in (16).
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(16) o 1 e 5L Jees O S &
ahO !  onhE madad kar kE misAl qAEm kar ditl
Yes ! pron.3.Sg help do case.Gen example.F.Sg set do  give.Perf.F.Sg
INJ PU PRP NN VBF SCK NN JJ VBF AUXA

“Yes! He set an example by helping.

4.2.9. Interjection

It is an abrupt remark that expresses an impulsive feeling or
reaction. It mostly transpires at the start of the sentence such as
ahO ‘yes’ in (16). Multiword words such as mASA Allah ‘God has
willed it’, subhAn Allah ‘glory be to God’ and x0S2 amdId ‘welcome’
are assigned a single tag IN]J.

4.2.10. Particles

Particles are subcategorized into general Particle (PRT) and a
language specific particle (VALA). Both particle subclasses of the
CLE Urdu POS tagset are applicable to Shahmukhi script as well.
In (7) vl ‘also’ is PRT. VALA particle usually appears after noun, pro-
noun, adjectives and infinitive verbs. In (17) vAIE is VALA which
appears after possessive pronoun tuhADE ‘yours’ and refers to pos-
session. Whereas, when it is used after VBI it corresponds to an
action that is about to start.

4.2.12. Residual

Residual has a single tag Foreign Fragment (FF) for all words
from foreign languages such as in (18) ‘donate’ from English lan-
guage is tagged as FF. Though in Shahmukhi corpus, words from
Urdu language aren’t considered as FF and are tagged with the
same tagset because both languages have identical script and share
lots of vocabulary. Syntactic structure of sentences is also similar.
Hence, same tagset is applicable for both languages.

4.3. Annotation challenges

The following sections discuss some annotation challenges that
are faced during annotation of the Shahmukhi.

4.3.1. Word segmentation
Shahmukhi script uses Perso-Arabic script which is cursive in
nature. Due to this feature, word segmentation problems arise.

(17) d&& 5> 28
pichlE dO kamrE
last two room.M.Pl

JJ CD NN

3\ iy o

tuhADE vAIE hen
pron.2.Pl yours be.Pres.M.P1
PRS VALA VBF

‘The last two rooms were yours.

4.2.11. Symbols

Symbols have two subcategories; Punctuation (PU) and Com-
mon Symbols (SYM). In (18) parenthesis () and sentence end mar-
ker *

> are PU SYM comprises symbols like */, s and x etc.

Space omission and space insertion are two major issues in Shah-
mukhi script. Space insertion mostly occurs when space is inserted
between compound words when they are supposed to appear as
single lexical item. For instance, ,§ J,l nAvalkAr ‘novelist’ is cor-
rect compound word. if segments aren’t joined then space inser-
tion issue prompts and consequently J,i nAval ‘novel’ and )K
kAr ‘car’ give different meanings. Some Shahmukhi writers use

(18) ¢! &) Gole ey ols ( donate ) § 4> -
unhE apnl  sArl zmln dAn ( donate ) kar dItI .
pron.3.Sg his all land.F.Sg donate ( donate ) do  give.Perf.F.Sg period
PRP APNA JJ NN NN PU FF PU VBF AUXA PU

‘He donated all of his land.

344



A. Tehseen, T. Ehsan, H.B. Liaqat et al.

dash between compound words to join them but its not a common
practice. The tokenization has been performed manually during
the POS annotation. We have used Zero Width Non-Joiner (ZWN]J)
to join the word segments in annotation.

4.3.2. Complex predicates

Structure in which noun, adjective and quantifier occur in verb
phrase followed by a light verb is known as complex predicate.
Shahmukhi and Urdu have same structure of complex predicate
as Urdu complex predicate structure also comprise noun + light
verb, adjective + light verb and quantifier + light verb (Butt,
1995). In Shahmukhi and Urdu, words that are followed by a light
verb to make complex predicate structure turned into verb when
translated into English. For example, (19) shows noun + light verb
complex predicate structure. Word yAd ‘memorize’ is although NN
in Shahmukhi followed by a light verb kar but after translating it
into English, it becomes verb ‘memorized’.
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as lexical ambiguity. For example, word | aE takes tags NN, NNP,
VBF, AUXA, AUXT, PRP and PDM as well. Such as in 5 its tag is
AUXT, in 3 it is PDM, in 13 VBF and in 14 it is PRP. In order to
address lexical ambiguity the context of the word is determined
and it is analyzed what tag should it carry based on that particular
context.

5. Tagging evaluation

For annotation, a balanced portion of 130,003 words was ran-
domly extracted from a corpus of 14.9 million words. This extrac-
tion has been performed in a way that it covers data from all 14
domains. Detailed statistics of the selected tokens and sentences
against each domain are shown in Table 4. The annotation of the
selected corpus has been performed manually. During tagging,
word segmentation issues were encountered which were manually

nkE sabaq

=
bacE

child.M.Sg case.Erg lessen.M.Sg memorize do

NN PSP NN

oL 5 v

yAd kar IyA
take.Perf.M.Sg

NN VBF AUXA

‘The child memorized the lesson.

4.3.3. Verb phrases acting as adjective

Verb phrases act as adjectives frequently as they appear in place
of adjective giving additional information about noun such as in
(20) caRhdE hUYE ‘rising’ is verb phrase which is acting as adjective
to noun sUrj ‘sun’. In Urdu, verb phrases also act as adjective
(Sajjad, 2007). We decided to tag them as verb phrase independent
of noun because it consists of multiple tokens. Therefore, in (20)
verb phrase caRhdE hUYE ‘rising’ is tagged VBF and AUXA respec-
tively instead of JJ.

resolved. We used ZWN] between word segments to handle extra
space problems. The corpus has been annotated according to
guidelines provided in Section 4. Fig. 2 shows the process of anno-
tation evaluation.

After manual annotation of the corpus, the next step was the
evaluation of the corpus. For manually annotated corpora, corpus
evaluation is always an imperative and even critical concern due
to elusiveness in the manually annotated corpus. A multi-step cor-
pus evaluation has been performed. At first, we performed com-
pleteness and correctness followed by the manual review of the
whole annotated corpus. Moreover, the inter-annotator agreement
has been computed against each domain. Further for consistency,

| K

(20) Ldem Lo o .p L__@.{JJ > 2|
caRhdE hUyE sUrj nUN vikhy A jA sakdA ak
rising  be.Perf. M.Pl sun.M.Sg case.Acc see.Perf.M.Sg go can.Pres.3.M.Sg be.Pres.Sg
VBF AUXA NN PSP VBF AUXA AUXM AUXT

‘The rising sun can be seen.

4.3.4. Lexical ambiguity

For POS tagging, the contextual information of word is essential
as a word may have different tags based on its context. Same tag
couldn’t be assigned to a word in every context, this issue is known

grammar-based and n-gram based consistency evaluations have
been performed. The following sections describes corpus evalua-
tion processes in detail.
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Table 4
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Text domains with total number of tokens and sentences and correspondingly selected number of tokens and sentences extracted for tagging.

Sr.# Domains No. of Tokens No. of Sentences Selected Tokens Selected Sentences
1 Artists 80,208 3,857 11,988 519
2 Business and Economy 58,819 2,263 8,629 310
3 Comics 45,713 2,108 5,810 307
4 News 956,403 29,357 17,297 576
5 Sports 45,080 1,627 5,966 217
6 Short Stories 2,527,736 162,214 12,894 859
7 Science and Technology 36,449 1,316 5311 206
8 Women 47,512 2,076 6,415 293
9 Novels 96,482 7,087 6,810 402
10 Punjabi Language 112,631 4,588 17,058 695
11 Articles 550,541 27,441 11,087 532
12 Classics 338,196 15,217 12,663 518
13 Emille Dataset 5,218,157 315,021 3,734 208
14 Pnb Wikipedia 4,883,034 223,762 4,341 204

Total 14,996,961 797,934 130,003 5,846
Table 5
Devised Shahmukhi POS tagset. Normalized COFpUS
Sr.# Main Category Sub-categories POS Tag
1 Noun Common noun NN
Proper noun NNP
2 Verb Main Verb Infinitive VBI
Main Verb Finite VBF Designing
3 Auxiliary Aspectual AUXA Manual POS Annotation
Verbs Model AUXM Annotation o
Progressive AUXP Guidelines
Tense AUXT
4 Pronoun Personal PRP
Demonstrative PDM
Possessive PRS
Relative demonstartive PRD Annotation Evaluations
Relative personal PRR
Reflexive PRF
Reflexive Apna APNA Complete.ness Inter-Annotator
Pronominal suffixes PRX Evaluation Agreement
5 Nominal Adjective il
Modifiers Quantifier Q
Cardinal cD Grammar-based N-Gram based
Ordinal oD Evaluation Evaluation
Fraction FR
Multiplicative QM
6 Adverb Common RB
Negation NEG
7 Adposition Preposition PRE
Postposition PSP
8 Conjunction Coordinate conjunction CC POS Tagged
Subordinate conjunction SC Corpus
Subordinate conjunction kar SCK
Pre-sentential SCP
9 Interjection Interjection INJ
10 Particle Common PRT Fig. 2. Annotation evaluation methodology.
Vala VALA
11 Symbol Common SYM
Punctuation PU
12 Residual Foreign Fragment FF the next phase, we checked the correctness of tags. It was assured

5.1. Completeness and correctness

In this evaluation step, it was verified that every word should
have a tag and that assigned tag should be from the devised POS
tagset. At first, we build a utility to assure completeness of word’s
tags. For tagging, we used slash (/) delimiter between words and
tags. It was inspected that no space is inserted between words
and tags instead of slash (/). Furthermore, we encountered some
tokens whom tags were mistakenly missing. After identifying them
we manually assigned tags to the missing words as our utility
returned the filename and line number on which issue befell. In
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that tags which have been assigned should be from the devised
tagset. For instance, an annotator mistakenly wrote PRH instead
of PRF it was highlighted by the utility for correction. At this step
of evaluation, it wasn’t checked whether the assigned tags are syn-
tactically correct or not. Syntactically correct assignment of tags
has been tackled in Section 5.3 and Section 5.4.

5.2. Inter-annotator agreement

To evaluate the quality of annotation, we measured the Inter-
Annotator Agreement (IAA) by agreement similarity and Cohen’s
Kappa (Cohen, 1960). To compute it for all 14 text domains, the ref-
erence corpus of 10% was randomly selected from each domain.
The statistics of reference corpus according to domains is shown



A. Tehseen, T. Ehsan, H.B. Liaqat et al.

in Table 6. Two annotators annotated the reference corpus inde-
pendently. Agreement percentage which is the most basic measure
of IAA has been computed by dividing the total number of tags on
which the two annotators agree to the total number of tags. Agree-
ment may overestimate the IAA reliability as it doesn’t account for
chance agreement (Artstein and Poesio, 2008). To overcome this
overestimation the Kappa coefficient proposed by Cohen (1960)
has been computed for all domains as it recompenses chance
agreement. Scale proposed by Landis and Koch (1977) has been
used to interpret the Kappa coefficient; values <0 indicates poor
agreement, 0.01-0.20 as slight, 0.21-0.40 as fair, 0.41- 0.60 as
moderate, 0.61-0.80 as substantial, and 0.81-1.00 leads to almost
perfect agreement. The statistics of the IAA similarity and Kappa
coefficient for all text domains are shown in Table 6. IAA similarity

Table 6
Statistics of the reference corpus, inter-annotator agreement similarity and Kappa
value against each domain.

Sr.  Domains #Tokens #Sentences  Similarity = Kappa
# (%)
1 Artists 1,225 32 95.6 0.94
2 Business and 762 21 98.2 0.97
Economy
3 Comics 880 30 95.4 0.94
4  News 2,272 51 96.8 0.96
5  Sports 762 21 95.1 0.94
6  Short Stories 2,281 81 95.8 0.95
7 Science and 678 20 96.3 0.95
Technology
8  Women 917 30 95.3 0.94
9  Novels 1,028 46 95.7 0.95
10  Punjabi Language 2,824 70 95.1 0.94
11 Articles 1,718 54 94.5 0.93
12 Classics 2,115 50 91.5 0.90
13 Emille Dataset 641 20 95.4 0.95
14  Pnb Wikipedia 671 20 94.6 0.93
Total and 19,882 577 95.35 0.94

Accumulative
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has been recorded highest 98.2% for the Business and Economy
domain whereas for the Classics genre score was lowest 91.5%. Clas-
sics domain comprises text which have more ambiguities and
entails more words from Hindi which make tagging challenging
and more disagreements between annotators. For all domains,
average similarity was 95.35% which is more than satisfactory
and indicates annotation reliability (Nguyen et al., 2018). Similarly,
Kappa coefficient is above 0.90 for all domains which encompass
perfect agreement according to Kappa coefficient scale for all gen-
res. Highest Kappa value was reported for Business and Economy
and News domains 0.97 and 0.96 respectively. Kappa value was
lowest for Classics domain 0.90 due to aforementioned reasons.

5.3. Grammar-based consistency evaluation

In the grammar-based consistency evaluation, lexical items that
have multiple tags were analyzed and erroneous tags were cor-
rected. POS grammar was extracted from annotated corpus entail-
ing lexical items, corresponding tags assigned to it and the total
number of tags in non-increasing order. To maintain consistency
throughout the corpus, lexical items with a respective list of tags
were analyzed. Syntactically incorrect tags were identified and cor-
rected. Table 7 demonstrates the percentage of words against each
POS category before executing grammar-based consistency evalu-
ation and after its execution. For instance, there were almost
10.5% words with two POS tags whereas after applying grammar-
based consistency evaluation this percentage was decreased to
7.8%.

Table 8 demonstrates the word statistics against each POS cat-
egory and the sample POS grammar generated on the evaluated
corpus. There are three words which carry seven POS tags and their
instances are 1,497 in the corpus. Similarly, 142 words comprise
three POS tags with 14,288 instances. Table 8 shows sample POS
grammar for word 9> dO ‘two’ and CD, VBF and AUXA are correct
tags for it. It takes tag CD (cardinal) when its contextual meaning
is ‘two’, VBF (finite verb) when acts as verb and evinces meaning

Table 7
Statistics of the words before and after performing grammar-based consistency evaluation.
Before After

Category # of Words Percentage (%) # of Words Percentage (%)
Eight POS words 1 0.007 0 0.000
Seven POS words 1 0.007 3 0.021
Six POS words 6 0.042 2 0.014
Five POS words 7 0.049 5 0.035
Four POS words 44 0.311 28 0.198
Three POS words 213 1.508 142 1.005
Two POS words 1,487 10.531 1,115 7.896
One POS words 12,360 87.541 12,824 90.821

Table 8

Word statistics with instances against tags categories and sample POS grammar containing correct POS tags against words with number of unique tags.

Word Statistics Against Each Category Sample POS Grammar

Category #Words #Instances Sample Word POS Tags Count
Seven POS words 3 1,497 aE ‘pronoun’ PRP, PDM, VBF, AUXA, AUXT, NNP, NN 7
Six POS words 2 459 s’ VBF, AUXT, PRT, PRX, NNP, PRP 6
Five POS words 5 4,610 tE ‘and’ CC, SCP, SC, PSP, NN 5
Four POS words 28 12,606 dOVAN ‘give’ VBF, AUXA, OD, NN 4
Three POS words 142 14,288 do ‘two’ CD, VBF, AUXA 3
Two POS words 1,115 34,409 leHandE ‘West’ NNP, JJ 2
One POS words 12,824 987,475 varHE ‘year’ NN 1
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‘give’ and AUXA (aspectual auxiliary) when appears after verb. Tags
such as PSP, SC and AUXT are incorrect for 2 dO as it doesn’t acts
as postposition, conjunction and tense auxiliary. Grammar-based
consistency evaluation works in semi-automatic way. POS gram-
mar is generated by the utility and implausible tags are manually
corrected. A single lexical item is independently analyzed in
grammar-based consistency evaluation whereas N-gram based
consistency evaluation also considers N words to maintain consis-
tent annotation.

5.4. N-gram based consistency evaluation

In N-gram based consistency evaluation, identical strings that
are annotated differently were analyzed. A certain word that
occurs more than once can have different tags referred as variation.
This variation could be of two types; ambiguity and error. Ambigu-
ity due to lexically possible multiple tags and error as the tagging
of a word could be inconsistent athwart comparable occurrences.
There will be more chances for the variation to be an error if the
context which is composed of words is similar. If in n-gram of
words, a word is annotated differently in another occurrence of
the identical n-gram, it is referred as variation n-gram. The word
that exhibits the variation is stated as the variation nucleus. As if
we take insight of two occurrences of the 4-gram variation, (21)
and (22). The word oUh ‘she’ is variation nucleus as it shows vari-
ation. It is tagged as PRP in (21) which is correct as the personal
pronoun 'oUh’ is not referring to the noun which is immediately
followed by it. Whereas, in (22) it is incorrectly tagged as PDM.

(21) IS sals

ol

Ca

oUh skUl  jAndI sl
pron.3.F.Sg school go.Pres.3.F.Sg be.Perf.F.Sg
PRP NN  VBF AUXT
‘She went to school’

(22) IS il ™
oUh skUl  jAndI sl
pron.3.F.Sg school go.Pres.3.F.Sg be.Perf.F.Sg
PDM NN  VBF AUXT

‘She went to school

For automatic detection of variation n-gram, we have used
DECCA? tool developed by Dickinson and Meurers (2003). DECCA
works independent of the language and the tagset of the corpus.
Moreover, no additional resources such as lexica are required. After
automatic detection of the variation n-grams, human intervention is
required to identify manually whether variation nucleus exhibit an
error or it's due to ambiguity. Hence, DECCA works in semi-
automatic way. For each variation n-grams, DECCA also provides fre-
quencies of instances. This frequency is used to determine the like-
lihood of an error as for higher frequency there are less chances of
error. Variation n-grams with less frequency are more likely to com-
prise erroneous tag.

For our corpus, the length of the longest generated variation n-
grams was of 33 words. We have evaluated from Bi-grams to 6-
grams. For generating n + 1 grams, the DECCA has been executed
on n-grams updated corpus. Detailed statistics of the total varia-
tion n-grams generated for Bi-gram to 6-gram and correction made
for each of them is shown in Table 9. Variation n-grams automat-
ically generated by DECCA have been manually rectified. There

9 http://sifnos.sfs.uni-tuebingen.de/decca/.
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Table 9
Statistics of the variation n-grams generated against Bi-grams to 6-grams and number
of corrections made against each.

N-grams # of Variation n-grams # of Corrections
Bi-grams 2,131 271
Tri-grams 1,067 46
4-grams 217 6
5-grams 36 1
6-grams 15 0

Total 3,466 324

were 271 true annotation errors in Bi-grams among 2,131 variation
Bi-grams generated. 5-grams were the last n-grams that contained
the true tagging error. We also reviewed 6-grams for rectification
but didn’t find any annotation error in them. So, we decided to per-
form consistency evaluation till 6-grams. Total 324 corrections are
made.

6. Statistical POS tagging

After corpus evaluation, its final version was divided into train-
ing and evaluation set with a standard 80:20 ratio. This distribu-
tion was performed randomly across all domains. The evaluation
set was equally divided into two sets; test set and development
set. The statistics of this distribution are given in Table 10. Training
set has been used for taggers training. Development set also known
as validation set has been used in our BiLSTM POS tagger. Sec-
tion 6.2 presents the development and training of our BiLSTM tag-
ger whereas Section 6.3 discusses the training of two statistical
POS taggers; TreeTagger and the Stanford tagger. Furthermore,
POS results are presented in Section 6.4.

6.1. BiLSTM POS tagger

RNNs are considered ideal for multi-dimensional sequential
data processing (Deng, 2014; Du et al., 2020). Our proposed model
is based on BiLSTM which is a variant of RNN. As for sculpting
sequence labelling, BiLSTMs perform quite proficiently as com-
pared to traditional machine learning algorithms. The architecture
of the proposed model is shown in Fig. 3. A BiLSTM consists of two
LSTM layers one reads the sequence labelling in the forward direc-
tion while on the other hand second reads in backward direction.
In doing so, BiLSTM provides additional context to the network
for a specific time frame that can efficiently use of past and future
features as well. The input sequence of N words x;,x5,. . .,X, is given
as input. For each input vector x;.,, a few instances of the vector h;.
» are presented in Fig. 3. To perform multi-class classification, a
softmax non-linearity function employed at output layer which
returns POS tags t,to,. . .,t, for each input sequence of N words x;,
X2,..,Xp. We extended our model with transfer learning as pre-
trained word embeddings were also incorporated for a few exper-
iments. Word embeddings also play a vital role in improving
sequence tagging performance. Furthermore, character embed-
dings were utilized which are considered a key signal to improve
model performance by learning the morphology of the language.
To evaluate the performance of the model, we performed a few
experiments with and without word and character embeddings.

For our Shahmukhi BiLSTM POS tagger development, we per-
formed a few experiments with little amendments in our basic
model shown in Fig. 3. We started with one BiLSTM layer. To accel-
erate the tagging results, transfer learning was incorporated. Pre-
trained word embeddings have been used to improve the tagging
results. Fig. 4 shows the architecture of the bi-directional LSTM
based POS tagging model. The training data has shahmukhi words
and POS tags in the CoNLL format. The training data is converted in
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Table 10
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Statistics of the tagged corpus against domains and its division into train, test and development sets.

Sr.# Domains #Train Tokens #Train Sentenctes #Dev Tokens #Dev Sentences #Test Tokens #Test Sentences #Tokens # Sentences
1 Artists 9,797 415 1,304 52 887 52 11,988 519
2 Business and Economy 6,727 248 963 31 939 31 8,629 310
3 Comics 4733 246 523 31 554 30 5,810 307
4 News 13,884 461 1,630 57 1,783 58 17,297 576
5  Sports 4,844 174 626 21 496 22 5,966 217
6  Short Stories 10,259 687 1,309 86 1,326 86 12,894 859
7 Science and Technology 4,372 165 484 21 455 20 5311 206
8  Women 5,103 234 582 29 730 30 6,415 293
9 Novels 5,524 322 576 40 710 40 6,810 402
10  Punjabi Language 13,570 556 1,729 69 1,759 70 17,058 695
11 Articles 9,043 428 965 52 985 52 11,087 532
12 Classics 9,990 414 1,239 52 1,434 52 12,663 518
13 Emille Dataset 3,124 166 306 21 304 21 3,734 208
14  Pnb Wikipedia 3,507 163 435 21 399 20 4,341 204
Total 104,477 4,679 12,671 583 12,761 584 130,003 5,846
with the value of 0.2. The model has been trained for 25 epochs
- - - - with batch size of 64.
hy hs hy hs We extended the tagging experiments by including character
embeddings in our proposed model. At first, we tried with merely
. . . one BiLSTM layer and character embeddings. Later on, we experi-
h; hy hs mented one BiLSTM layer with character embeddings and our
<] LST™M LSTM < LSTM LsT™M [ pre-trained word embeddings as well. Further, we performed
training with two BiLSTM layers. Our Shahmukhi BiLSTM POS tag-
ger performed better with single BiLSTM layer incorporating char-
. . . acter embeddings and pre-trained word embeddings. BiLSTM
2 hs hy works with fixed length of sentence. Sentence length was set to
> LS LSTM N LST™ LSTM o> 181 for all experiments, which was the length of the longest sen-
tence in the test set. Results of experiments are discussed in Sec-
I I T T tion 6.4. Annotation of large datasets is costly in terms of time
- - - - and expertise. Therefore, we trained BiLSTM based model along
X2 X3 X4 X5

Fig. 3. Bi-directional long-short term memory model for sequence labeling.

the form of vector encodings and fed to the input layer. The vector
encodings contain word embeddings and pre-trained word repre-
sentations. Pre-trained word representations have been used for
transfer learning by using context-free and contextualized word
representations. The vector representations have been concate-
nated to achieve a single vector against each token. These vectors
are further fed to hidden BiLSTM layers. We have experimented
with one and two hidden BiLSTM layers each having 256 units.
Hidden layers produce contextual representations which are fur-
ther given to a dense output layer with softmax activation function
to perform multi-class classification. The Adam optimizer has been
used with the learning rate of 0.001. A dropout layer was added

Train samples Input layer

with word representations on an unannotated corpus of 14.9 mil-
lion words. That was all the available Shahmukhi Unicode text on
the Internet as per best of our knowledge. However, some other
transformer network architectures like BERT and GPT are available
but they are mostly used as pretrained models and require a lot of
data to train. In future, we will develop a larger corpus for Shah-
mukhi and will train transformers for POS tagging and other lan-
guage processing tasks.

6.2. Transfer learning

The neural models are capable of producing state of the art
results but they require more data for training. It is very costly to
annotate a huge data set for a language, specially a low-
resourced language like Shahmukhi. Therefore, transfer learning

Hidden layers

——

Predicted labels

[€) [e) o . :@ Q
W, POS; ol 18] -+ |8] Word embeddings = o Pred_POS,
W, POS, 9 2 ) > ] Pred_POS,
o (9 o _trai © 16)
W, POS, > o |o o Pre-trained Yvord @ > > Pred_POS,
2N o] lo ° representations " = P ”
= c| = gl 2 | o
3 S| E sS| & | =
W, POS, 8 Wi W, Wh 8| 94 2®| O S |Pred_POS,
[ a c m x ‘E’ @©
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o o Q0 o
8 Q. (@] o
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Fig. 4. BiLSTM network based model for Shahmukhi POS tagging.
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is a feasible solution to overcome the issue of data sparsity by
training word representations on a large corpus without annotat-
ing it. It is also helpful to solve the out of vocabulary problem.
For the POS tagging, we have trained context-free and contextual-
ized word representations.

6.2.1. Context-free word representations

Context-free word representations produce a feature vector for
each word in the corpus. It means a word bears a single meaning
beside its multiple semantics in the corpus. However, the
context-free word representations are quite capable to learn the
syntax and semantics. The well-known word representations are
GloVe (Pennington et al., 2014) and Word2Vec (Mikolov et al.,
2013) embeddings. These both embeddings are based on different
algorithms. The GloVe embeddings are based on word to word co-
occurances while Word2Vec uses the co-occurrances of consecu-
tive tokens. In our experiments, we have trained Word2Vec
embeddings for transfer learning. Word2Vec embeddings can been
obtained by using two techniques, which are skip-gram and con-
tinuous bag of words (CBoW). The process of these two techniques
is shown by Fig. 5.

The skip-gram model is based on a feed-forward neural net-
work which learns a word from input layer and predicts surround-
ing words within a given window. The CBoW model, on the other
hand, learns the surrounding words and predicts the central word
in a window. Context of words can be enhanced by adjusting the
window size. Feature vectors are obtained from the hidden layer
for both algorithms. Word2Vec embeddings were trained on a
Shahmukhi corpus of 14.9 million words which was collected
and pre-processed in this study as discussed in Section 3. We
obtained the word embeddings of 73 thousand vocabulary size
and each word corresponds to a 100-dimensional embedding vec-
tor having minimum frequency of five. Shahmukhi being highly
agglutinative morphologically-rich language have many word
forms from a root word. This productivity enhances Out-of-
Vocabulary (OOV) words. An average vector of all the vectors
was used agaist each OOV word in our experiments. Word2Vec
embeddings have been trained by using gensim library'°.

6.2.2. Contextualized word representations
In a natural language, a word can have multiple meanings asso-
ciated with it according to the context. The Word2Vec representa-
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Fig. 5. Architecture of context-free word representations.

tions are context-free as they do not analyze the word semantics
according to context. For the task of POS tagging, the contextual-
ized representations of words can be quite useful. We have trained
contextualized word representations (ELMo)'" (Peters et al., 2018).
Embeddings from Language Models (ELMo) is one of the state of the
art pre-trained transfer learning models. ELMo representations learn
word embeddings from deep bidirectional language model. These
representations are character-based which are helpful to learn the
morphology of a language. The contextualization is helpful to per-
form word sense disambiguation and further improves the sequence
labeling results. Fig. 6 shows the architecture of ELMo model.
ELMo architecture contains three neural network layers which
make it faster to train and perform transfer learning. The first layer
of the model is the convolutional layer which operates on character
level. The convolutional layer is followed by two context depen-
dent bidirectional layers. ELMo word representations are able to
produce vectors for OOV words (Ul¢ar and Robnik-Sikonja, 2019).
The contextualization is useful to solve word sense disambiguation
and it further improves sequence labeling results. We have trained
the ELMo representation by using 14.9 million Shahmukhi corpus.
We further analyzed the ELMo representations for Shahmukhi by
selecting a tiny corpus which is presented from (23)-(26).

(23) o S o
oUh rasOlI vic

L T3) &
bnA rhl sl

pron.3.F.Sg kitchen.F.Sg case.Loc tea.F.Sg make live.Pres.F.Sg be.Perf.3.F.Sg
PRP NN PSP NN VBF AUXP AUXT

‘She was making tea in the kitchen/

10 https://pypi.org/project/gensim.

1 https://allenai.org/allennlp/software/elmo.
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(24) R Js & olal ©> S ale P
mErE dil vic OhnAN dI boht cA hE
Pron.2.M.Sg heart.M.Sg case.Loc pron.3.Pl case.Gen Q@  love.F.Sg be.Pres.Sg
PRS NN PSP PRP PSP Q NN VBF
‘I have lot of love for them in my heart.
(25)  olal o ol 3l o Lt
OhnAN nE cA pAnl nahIN pucHyA
pron.3.P1 case.Erg tea.F.Sg water.M.Sg also not ask.Perf.M.Sg
PRP PSP NN NN PRT NEG VBF
‘They not even asked for tea or water’.
(26) Js & o auly ol i o2
dil vic sab vAstE cA tE  muhabbat rakHO
heart.M.Sg case.Loc all for love.F.Sg and love.F.Sg keep.Pres.Sg
NN PSP Q PSP NN CC NN

‘Keep the love for everyone in you heart.

The small corpus has been selected for the semantic analysis of
a Shahmukhi word ola: ‘cA’. This word has the senses of ‘tea’ and
‘love’ in the language. Both meanings are quite different from each
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Fig. 6. Architecture of contextualized word representations.
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other. Diacritic marks are optional in Shahmukhi script as it uses
Urdu script for writing therefore, we have not used diacritics in
these four sentences. The first sentence (23) is about making tea
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Fig. 7. Feature vector representations of words based on their contexts in the selected corpus of four sentences.

Table 11
Cosine similarity of word vectors achieved from ELMo and Word2Vec representations for the sample corpus.
ELMo Word2Vec

Word vectors cA ‘Tea’ cA ‘Love’ cA ‘Tea’ cA ‘Love’
rasOl ‘Kitchen’ 0.74622944 0.51053325 0.51078500 0.51078500
pAnl ‘Water’ 0.49145018 0.48223738 0.52641760 0.52641760
dil ‘Heart’ 0.31365096 0.51430908 0.20029573 0.20029573
mohabbat ‘Love’ 0.35048401 0.77118605 0.12898123 0.12898123

in the kitchen. The second sentence is about the love for someone
in heart. The third sentence again discusses the tea and water
which both are drinkable liquids. The forth sentence tells that
one should have love for everyone in heart. We obtained ELMo vec-
tors for the small corpus and used a 2-dimensional plane to plot
the prominent words as shown in Fig. 7.

The ELMo representations have been trained with a vocabulary
size of 73 thousands and feature vectors of 128 dimensions. Princi-
ple Component Analysis (PCA) has been used to perform dimen-
sionallity reduction. It is clearly shown in Fig. 7 that the word olg
‘cA’ has two different meanings ‘tea’ and ‘love’. The graph shows
same colors for semantically similar words. The words cA ‘tea’, pAnl
‘water’ and rasOI ‘kitchen’ are represented with brown dots. The
words cA ‘love’ and mohabbat ‘love’ are represented with gray
color. Similarly, the word dil ‘heart’ is shown with orange color.
Semantically similar words make clusters in the 2-dimensional
plane. The word cA ‘tea’ is near to the words rasOI ‘kitchen’ and
pAnl ‘water’. Similarly, the word cA ‘love’ is near to the word mo-
habbat ‘love’.

We further computed cosine similarities for four words, rasOI
‘kitchen’, pAnl ‘water’, dil ‘heart’ and mohabbat ‘love’ with two rep-
resentations of cA as shown by Table 11. The similarities have been
computed for both types of word representations, contextualized
ELMo and context-free Word2Vec. The word vectors from ELMo
for the word cA clearly shows two meanings. The vector for cA
‘tea’ has higher similarities with rasOI ‘kitchen’ and pAnl ‘water’
as compared to dil ‘heart’ and mohabbat ‘love’. Similarly, the word
cA ‘love’ has higher similarity with dil ‘heart’ and mohabbat ‘love’ as
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compared to rasOI ‘kitchen’ and pAnl ‘water’. On the other hand,
the Word2Vec representation has static word vectors for words.
Both word vectors of cA have same cosine similarities with four
other words as shown in Table 11. The Word2Vec representation
of cA has a single meaning of ‘tea’ as it shows higher similarities
with rasOI ‘kitchen’ and pAnl ‘water’ and lower similarities with
dil ‘heart’ and mohabbat ‘love’. The analysis of ELMo and Word2Vec
representations shows that Word2Vec learns context-free and sta-
tic vectors while ELMo representations produce contextualized
word vectors. We have performed the POS tagging experiments
by employing Word2Vec and ELMo embeddings and the results
are presented in Section 6.4.

6.3. Other statistical POS taggers

In this study, we selected two well-known and language-
independent statistical POS taggers; TreeTagger'? and Stanford tag-
ger'>. (Schmid, 1994.) proposed the TreeTagger which uses decision
trees for storing transition probabilities then the trained decision
tree is used to assign the highest probable tags. On Penn Treebank,
TreeTagger performed with an accuracy of 96.36%. The Stanford
POS tagger uses a bidirectional version of maximum entopy markov
model called cyclic dependency network as its core algorithm
(Toutanova et al., 2003). On Penn Treebank, it performed with an
accuracy of 97.24%. It also has been trained for numerous languages

12 https://www.cis.uni-muenchen.de/schmid/tools/TreeTagger/.
13 https://nlp.stanford.edu/software/tagger.shtml
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Table 12
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Our BiLSTM POS tagger results for all experiments conducted with different features. The BiLSTM tagger outclassed with features that are in bold text.

Sr.# BiLSTM Tagger + Features Precision Recall F-score Accuracy(%)
1 1 BiLSTM 92.61 92.63 92.56 92.63
2 1 BiLSTM + Ch_emb 94.13 92.97 92.98 92.97
3 1 BiLSTM + W2V 94.36 94.36 94.33 94.36
4 2 BIiLSTM + W2V 94.43 94.41 94.38 94.41
5 1 BiLSTM + W2V + Ch_emb 95.57 95.51 95.51 95.51
6 2 BiLSTM + W2V + Ch-emb 94.87 94.86 94.82 94.86
7 1 BiLSTM + W2V + ELMo 96.12 96.12 96.11 96.12
8 2 BiLSTM + W2V + ELMo 96.05 96.02 0.96.02 96.02

and achieved decent tagging accuracy; Chinese (94.13%) (Yu and
Chen, 2012), Urdu (96.4%) (Naseem et al., 2017), Arabic (96.26%),
German (96.9%) and Filipino (96.15%) (Go and Nocon, 2017).

TreeTagger requires labeled data and a lexicon. For training,
corpus was developed but in lexicon we used spurious lemmas
as no lemmatizer was available. All noun, noun modifiers, verb,
adverb and auxiliary verbs tags were marked as open class tags.
A decision tree of 113 number of nodes with 31 maximum path
length was generated by TreeTagger during training. After building
the training model, we tested the created model on our test set.

Further, we trained Stanford tagger. The Stanford tagger
requires only annotated data for training. Stanford tagger’s general
properties file was created and some features were updated; iter-
ations were set to 100 and generic feature extractor was used.
Same open class tags which were specified for TreeTagger model
were used for Stanford Tagger training. Stanford tagger compara-
tively took more time for training but performed better than
TreeTagger. Performance results of both taggers in comparison
with our BiLSTM POS tagger are presented in Section 6.4.

6.4. Results and discussion

For evaluating POS taggers, test corpus of 12,761 tokens has
been used. Test set detailed statistics are shown in Table 10. To cal-
culate performance of the taggers, precision, recall, f-score and
accuracy were calculated by using following equations.

No. of correct tags in candidate set
Total tags in candidate set

Precision =

(1)

No. of correct tags in candidate set

Recall = Total tags inreference set 2)
2 - Precision - Recall
FrScore = cision + Recall (3)
_(No.of correct tags
Accuracy = <—Total no.of tags ) -100 (4)

Table 12 evinces the results of all experiments that were per-
formed with the BiLSTM POS tagger. We started the BiLSTM POS
tagger training by merely single hidden layer without character
embeddings and transfer learning. It performed with an f-score
of 92.56 and 92.63% accuracy. The character embeddings improved
the tagging results and gave an increase of 0.42 in the f-score.
However, using word embeddings in the training gave significant
improvements in the results. BiLSTM tagger using two hidden
LSTM layers produced POS results with an f-score of 94.38 and
accuracy of 94.41%. Word2Vec embeddings along with character
embeddings further improved the results to an f-score of 95.51
and accuracy of 95.51%. ELMo word representations along with
Word2Vec embeddings outperformed all other models with an f-
score of 96.11 and 96.12% accuracy. However, the ELMo and
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Word2Vec with two hidden LSTM layers reduced the f-score with
the factor of 0.1. The POS tagging results are quite promising for
a low-resourced and morphologically-rich language Shahmukhi.

Table 13 presents our BiLSTM POS tagger results in comparison
with two other statistical taggers; TreeTagger and the Stanford tag-
ger. The TreeTagger performed with 85.17 f-score and 85.77% accu-
racy. The Stanford tagger performed better than TreeTagger with
94.36 f-score and 94.43% accuracy. Results were comparatively less
satisfying for TreeTagger due to spurious lemmas that we used in
training. In terms of training time, BiLSTM tagger leads to an
expensive model as it requires more training time in comparison
with the TreeTagger and the Stanford tagger. Among all three tag-
gers, the BiLSTM POS tagger outperformed with an f-score of 96.11
and an accuracy of 96.12%.

We further interpreted the BiLSTM POS tagger performance
domain and tag wise. Domain wise results are demonstrated in
Table 14 whereas individual POS tags results are presented in
Table 15. These results have been generated by comparing predicted
POS tags with gold POS tags. By taking accuracy metrics into
account, News domain performed best with an accuracy of 97.53%.
Whereas, f-score was highest for Novels domain with an accuracy
of 97.46% which is quite high. Among all 14 domains, Emille Dataset
domain recorded lowest f-score 88.81 and accuracy 94.73%. Indeed,
these results for Emille Dataset also indicate good performance.

In Table 15 individual tags results are presented. Support
against all tags is shown with precision, recall and f-score. Support
column refers to the number of occurrences of a tag in the test cor-
pus. F-scores are higher for tags; APNA, FF, FR, PRF, SCP, PU, SYM
and VALA indicating perfect precision and recall. The tagger has
given performance against these tags because words under these
tags don’t face lexical ambiguity. For example, FR with support of
six, reported 1.00 f-score. The words having this tag usually are
not marked with any other tags. The word DHAI ‘two and half in
(1) is annotated to have FR tag. Due to morphological richness of
Shahmukhi, it is challenging for taggers to disambiguate between
some pairs of tags such as between NN and NNP, PDM and PRP,
NN and JJ, SC and CC, VBF and AUXA etc. For instance, as Shah-
mukhi doesn’t rule out any distributional distinction between
common noun (NN) and proper noun (NNP) at syntactic level. Such
as the word _%* baxS ‘forgive’ is tagged as NNP when it refers to
the name of a person and is tagged as NN when it refers to a com-
mon noun munificence. However, due to cross-linguistic differ-
ences, these tags are vital to be kept separate. NN with highest
support of 3,090 reported an f-score of 95.76 whereas NNP

Table 13

Statistical POS taggers results.
Sr.  Tagger Precision Recall F- Accuracy
# score (%)
1 1 BiLSTM + W2V + ELMo 96.12 96.12 96.11 96.12
2 TreeTagger 86.30 85.78 85.71 85.77
3 Stanford Tagger 94.42 9444 0.9436 94.43
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Table 14
Our BiLSTM POS tagger domain wise results.
Sr.# Domain Precision Recall F-score Accuracy(%)
1 Artists 97.17 95.79 96.35 95.71
2 Business and Economy 96.15 96.3 96.06 95.95
3 Comics 93.65 94.00 93.62 95.66
4 News 98.16 97.71 97.84 97.53
5 Sports 95.62 93.22 94.27 95.16
6 Short Stories 90.51 90.74 90.41 96.68
7 Science and Technology 93.72 93.85 93.45 96.92
8 Women 95.86 97.19 96.18 96.84
9 Novels 97.43 96.37 96.83 97.46
10 Punjabi Language 93.44 92.02 92.14 95.39
11 Articles 91.08 89.29 89.73 96.64
12 Classics 94.46 95.13 94.66 94.35
13 Emillie Dataset 89.31 89.98 88.81 94.73
14 Pnb Wikipedia 95.15 94.69 93.98 95.73
Table 15 : : : : :
syntactic patterns. Support of a tag in train set is also important
Our BiLSTM POS tagger results for individual tags. y P pp & P .
to elevate scores. Lowest f-scores are reported for QM tag which
Sr.# POS tags Precision Recall F-score Support is due to less number of occurrences in training and test sets.
1 APNA 1.00 1.00 1.00 69 The occurrences of QM were five and two in train and test set
2 AUXA 96.68 96.18 96.43 393 respectively. Word dUgnl ‘double’ is an example of QM tag in
3 AUXM 98.25 98.25 98.25 57 (13). PRD and PRX results were much better than QM but are
4 AUXP 1.00 96.55 98.25 58 ded 1 f tivel for PRD and PRX it
5 AUXT 99.09 08.64 03.86 141 recorded less f-score comparatively as for an it was
6 cC 86.74 91.32 88.97 265 75.00 and 66.67 respectively. F-score of VBF was 96.53 with
7 CD 96.46 98.79 97.61 248 1181 support. F-scores and accuracies of all other POS tags are
8 FF 1.00 1.00 1.00 7 quite satisfying.
9 FR 1.00 1.00 1.00 6
10 INJ 88.46 85.19 86.79 27
11 ] 91.54 91.18 91.36 748 .
12 NEG 1.00 99.29 99.64 141 7. Conclusion
13 NN 95.41 96.12 95.76 3090
14 NNP 92.47 92.27 9237 932 We present the development of a Shahmukhi POS tagged corpus
15 oD 94.2 95.59 94.89 68 and a BiLSTM POS tagger. A Shahmukhi corpus of 14.9 million
16 PDM 88.73 94.76 91.65 191 d llected and 4. Af . h
17 PRD 75.00 75.00 75.00 3 words was co ected an prepared. ter preprocessing, the corpus
18 PRE 1.00 80.00 88.89 5 was divided into 14 text domains based on the contents. A bal-
19 PRF 1.00 1.00 1.00 11 anced genre based corpus of 0.13 million words was extracted
g? gﬁg 9977-387 gg-gg gg-éi ‘gg for annotation. For the corpus annotation, a POS tagset was devised
7 PRS 1.00 98.92 99.46 93 and annotatlo_n gunhde.hne.s. have_been presented. It was analyzeq
23 PRT 97.32 96.46 96.89 226 that grammatical similarities exist between Urdu and Shahmukhi
24 PRX 75.00 60.00 66.67 5 such as morphological richness, case markers, complex predicate,
25 PSP 98.84 98.94 98.89 1887 lexical ambiguity and copula constructions. Therefore, a Shah-
;S gU 913'0605 gg'gé 99]9;197 12‘215 mukhi POS tagset has been devised by studying the applicability
28 QM 0.00 0.00 0.00 2 of an Urdu POS tagset; the CLE Qrdu POS Atagset.‘ The CLE U.rdu
29 RB 99.15 91.41 95.12 128 POS tagset covers morpho-syntactic categories which are applica-
30 e 92.19 88.06 90.08 201 ble on Shahmukhi. However, all tags remain same for Shahmukhi
31 SCK 97.59 98.78 98.18 82 with an additional tag pronominal suffixes under main category
32 scp 1.00 1.00 1.00 32 of pronoun. Conclusively, a Shahmukhi POS tagset of 36 tags has
33 SYM 97.7 1.00 98.84 85 p : . Yy, ! & g
34 VALA 1.00 1.00 1.00 54 been used for tagging. Further, a multi-step corpus evaluation pro-
35 VBF 96.53 96.53 96.53 1181 cess was employed. At first, completeness and correctness of tags
36 VBI 95.37 95.74 95.55 258

f-score was 92.37 with 932 support. F-score of SC was 90.08 with
201 support whereas CC tag f-score was 88.97 with 265 support.
F-score of SC (subordinate conjunction) and CC (coordinate con-
junction) tags are effected due to common words ambiguity, con-
sequently, these tags are used interchangeably based on context
of a word, such as tE ‘and/then’ in (8) is CC and in (1) it is SC.
F-scores of pronouns, verbs, auxiliaries verbs and particle cate-
gories are highly affected due to lexical ambiguities. For example,
the word | aE takes the tags NN, NNP, VBF, AUXA, AUXT, PRP
and PDM as well. Such as in 5 its tag is AUXT, in 3 it is PDM, in
13 VBF and in 14 it is PRP. Tagging accuracy of such words could
be increased by having diverse use of lexical items and variety of
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was assured which was followed by a manual review of the anno-
tated corpus. Corpus evaluation was extended with two consis-
tency evaluation steps; grammar-based and n-gram based
consistency evaluations. The inter-annotator agreement also has
been computed for reference corpus which recorded average IAA
similarity of 95.35% and average Kappa value of 0.94 leading to
perfect agreement for all 14 domains. A bi-directional long-short
term memory based POS tagger has been developed. For develop-
ing the BiLSTM POS tagger, a few experiments were performed
with different features. Furthermore, two other statistical taggers
were trained; TreeTagger and Stanford tagger. Our BiLSTM POS tag-
ger outperformed with an f-score of 96.11 and an accuracy of
96.12%. In the future, our work will serve as a milestone for the
development of Shahmukhi digitally and will also enable future
computational research for Shahmukhi like syntactic parsing, text
summarization, text to speech systems and information extraction
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etc. Overall, this work presents five main contributions for Shah-
mukhi language which include, a POS tagged corpus, POS tagset
and annotation guidelines, a cleaned text corpus of 14.9 million
words, a neural POS tagger, and word embeddings.
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