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Abstract : POS tagger is the process of assigning a correct tag to each word of the sentence.
We attempted to improve the accuracy of existing Punjabi POS tagger. This POS tagger
lacks in resolving the ambiguity of compound and complex sentences. A Bi-gram Hidden
Markov Model has been used to solve the part of speech tagging problem. An annotated
corpus was used for training and estimating of HMM parameter. Maximum likelihood
method has been used to estimate the parameter. This HMM approach has been implemented
by using Viterby algorithm.

1

INTRODUCTION

Part-of-speech (POS) Tagging is a process that attaches each word in a sentence
with suitable tag from a given set of tags. It is one of the major activities performed
in a typical natural language processing application such as speech recognition,
information extraction, machine translation, grammar checking and word sense
disambiguation etc. This paper explores part-of-speech tagging for the Punjabi
language, a member of the Modern Indo-Aryan family of languages. There are two
approaches of POS taggers: rule based and trained one. In the rule based approach,
a knowledge base of rule is developed by linguistic to define precisely how and
where to assign the various POS tags. This approach has already been used to
develop the POS tagger for Punjabi language. In the trained approach, statistical
language model are built, refined and used to POS tag the input text automatically.
One of the robust approaches in statistical models is the use of Hidden Markov
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Model (HMM). HMM is one of the distinguished probabilistic models used to work
out a no of different problems and hence also repeatedly used in language processing
problems. Especially for the case of disambiguation issues, HMM has been effectively
utilized to find out most probable state sequence for a particular sentence. In this
paper we report on the building and use of HMM based POS tagger for Punjabi. We
have favored Hidden Markov Model over other statistical models for a no of reasons.
First HMM models make use of History events in assigning the current event some
probability value and that suits our approach philosophy. Second, HMM is superior
to other models with regard to training speed. Hence HMM is suitable for applications
that have to process large amounts of text. Recently a rule based POS tagger was
developed that shows an accuracy of nearly 80%.
2

OVERVIEW OF PUNJABI LANGUAGE

Punjabi language is a member of the Indo-Aryan family of languages, also
known as Indic languages. Other members of this family are Hindi, Bengali, Gujarati,
and Marathi etc. Indo-Aryan languages form a subgroup of the Indo-Iranian group
of languages, which in turn belongs to Indo-European family of languages. Punjabi
is spoken in India, Pakistan, USA, Canada, England, and other countries with Punjabi
immigrants. It is the official language of the state of Punjab in India. Punjabi is
written in „Gurmukhi script in eastern Punjab (India), and in „Shahmukhi script in
western Punjab (Pakistan).
3

PREVIOUS WORK

A rule based part-of-speech tagging approach was used for Punjabi, which is
further used in grammar checking system for Punjabi [14]. This is the only tagger
available for Punjabi Language. A part-of-speech tagging scheme based entirely on
the grammatical categories taking part in various kinds of agreement in Punjabi
sentences has been proposed and applied successfully for the grammar checking of
Punjabi [14]. This tagger uses handwritten linguistic rules to disambiguate the partof-speech information, which is possible for a given word, based on the context
information. A tagset for use in this part-of-speech tagger has also been devised to
incorporate all the grammatical properties that will be helpful in the later stages of
grammar checking based on these tags. This part-of-speech tagger can be used for
rapid development of annotated corpora for Punjabi. There are around 630 tags in
this fine-grained tagset. This tagset includes all the tags for the various word classes,
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word specific tags, and tags for punctuations. During tagging process with proposed
tagger, 503 tags out of proposed 630 tags were found in 8-million words corpus of
Punjabi, which was collected from online sources. For disambiguation of POS tags
rule-based approach was used. A database was designed to store the rules, which is
used by rule based disambiguation approach. The texts with disambiguated POS
tags are than passed for marking verbal operators. Four operator categories have
been established to make the structure of verb phrase more understandable. During
this step the verbal operators are marked based on their position in the verb phrase
and the forms of their proceeding words. A separate database was maintained for
marking verbal operator.
4

HIDDEN MARKOV MODEL

A hidden Markov model (HMM) is a statistical construct that can be used to
solve classification problems that have an inherent state sequence representation.
The model can be visualized as an interlocking set of states. These states are
connected by a set of transition probabilities, which indicate the probability of
traveling between two given states. A process begins in some state, then at discrete
time intervals, the process “moves” to a new state as dictated by the transition
probabilities. In an HMM, the exact sequence of states that the process generates is
unknown (i.e., hidden). As the process enters each state, one of a set of output
symbols is emitted by the process. Exactly which symbol is emitted is determined
by a probability distribution that is specific to each state. The output of the HMM is
a sequence of output symbols.
Basic Definitions and Notation
According to (Rabiner, 1989), there are five elements needed to define an
HMM:
1.

N, the number of distinct states in the model. For part-of-speech tagging, N is
the numijber of tags that can be used by the system. Each possible tag for the
system corresponds to one state of the HMM.

2.

M, the number of distinct output symbols in the alphabet of the HMM. For
part-ofspeech tagging, M is the number of words in the lexicon of the system.

3.

A = {aij}, the state transition probability distribution. The probability a is the
probability that the process will move from state i to state j in one transition.
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For part-of-speech tagging, the states represent the tags, so aij is the probability
that the model will move from tag ti to tj — in other words, the probability that
tag tj follows ti. This probability can be estimated using data from a training
corpus.
4.

B = {bj(k)), the observation symbol probability distribution. The probability
bj(k) is the probability that the k-th output symbol will be emitted when the
model is in state j. For part-of-speech tagging, this is the probability that the
word W k will be emitted when the system is at tag tj (i.e.,P(W k|tj)). This
probability can be estimated using data from a training corpus.

5.

“ = {“i}, the initial state distribution. “i is the probability that the model will start
in state i. For part-of-speech tagging, this is the probability that the sentence
will begin with tag ti. When using an HMM to perform part-of speech tagging,
the goal is to determine the most likely sequence of tags (states) that generates
the words in the sentence (sequence of output symbols). In other words, given
a sentence V, calculate the sequence U of tags that maximizes P(V/U). The
Viterbi algorithm is a common method for calculating the most likely tag
sequence when using an HMM.

The presented model is a type of first order HMM, also referred to as bigram
POS tagging. For POS-tagging problem presented Hidden Markov Model is composed
of two probabilities: lexical (emission) probability and contextual (transition) probability
(Samuelsson, 1996).

(t1 ,....,1n )0  arg max P(t1 ,....,1n ) | (W0 ,...., Wn )
t1 ....t n

Using Baye’s law above equation can be rewritten as:

P (t1 ,....., tn | W1 ,....., Wn )  P (t1 ,....., tn ) x

P (W1 ,.....,Wn | t1 ,....., tn )
P (W1 ,.....,Wn )

(t1 ,....., tn )0  arg max P (t1 ,....., tn ) xP (W1 ,....., Wn | t1 ,....., tn )
t1 ,.....,tn
0

(t1 ,....., tn )  arg max P (t1 ,....., tn ) xP (W1 ,....., Wn | t1 ,....., tn )
t1 ,.....,tn
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Viterbi Algorithm

We now know how to derive the probabilities needed for the Markov model,
and how to calculate P(T | W ) for any particular (T, W ) pair. But what we really
need is to be able to find the most likely T for a particular W. The Viterbi algorithm
(Viterbi, 1967) allows us to find the best T in the linear time. The idea behind the
algorithm is that of all the state sequences, only the most probable of these sequences
need to be considered. The trigram model has been used in the present work. The
pseudo code of the algorithm is shown bellow.
For i = 1 to Number_of_Words_in_Sentence
for each state c “ Tag_Set
for each state b “ Tag_Set
for each state a “ Tag_Set
For the best state sequence ending in state a at time (i -2), b at
time (i-1), compute the probability of that state sequence going to
state c at time i.
end
end
end
Determine the most-probable state sequence ending in state c at time i end So
if every word can have S possible tags, then the Viterbi algorithm runs in O(S3*|W|)
time, or linear time with respect to the length of the sentence.
6
MAXIMUM LIKELIHOOD ESTIMATION: Maximum likelihood is one
of the simplest ways to compute probabilities through relative frequencies. In case
of HMM, we estimate probability distribution variables for the model parameters ë
= (A, B, ð) in the training corpus (Blunsom, 2004; Padró and Padro, 2004), as given
below.
i 
aij 

C ( q1  ti )
C ( q1 )
C (ti , t j )
C (ti )

b j (k ) 

C (Wk , t j )
C (t j )
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Where:
C(ti, tj)

=

C(wk, tj) =
7

Denotes the count (or number of times) that state tj is followed
by state ti
Denotes the number of times wk tagged with tj

EXPERIMENTAL EVALUATION

The accuracy of any Part of Speech tagger is measured in terms of the accuracy
i.e. the percentage of words which are accurately tagged by the tagger. This is
defined as belows:
Accuracy = Total no of words having correct tag / total no of words
tagged
For evaluation of the proposed tagger, a corpus having texts from different
genres were used. The outcome was manually evaluated to mark the correct and
incorrect tag assignments. 20,000 words collected randomly from a 4 million corpus
of Punjabi were manually evaluated and are grouped into two genres.

8

CONCLUSIONS AND FUTURE WORK

In this study, we proposed the initial implementation of HMM to one of the
partially free word and morphology rich language Punjabi. During experimental results
we note that the general HMM based method doesn’t perform well due to data
sparseness problem. In future, we intend to develop novel methods to improve overall
accuracy and specifically unknown words in Punjabi and other word-free languages.
We aim to find out ways to improve the language model behavior without increasing
the training corpus and by integrating linguistics knowledge.
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