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Abstract

Part-of-Speech (POS) Tagging is the process of
assigning the words with their categories that best
suits the definition of the word as well as the context
of the sentence in which it is used. There are different
approaches to the problem of POS Tagging. In this
paper, we use two approaches (supervised and
unsupervised approaches), and compare the
performance of these approaches for Tagging using
Myanmar language. These approaches use rule
based POS Tagger and the former requires a large
amount of annotated training corpus to tag properly
and the later does not need annotated training
corpus. We tried to see which technique maximizes
the performance with limited resources. By
experiments, the best configuration is investigated
using supervised approach with rule based part of
speech tagger and the accuracy is 97.56%.
Therefore, this approach has better performance
than unsupervised approach with rule based part of
speech tagger.

1. Introduction

Part of Speech (POS) Tagging is the essential
basis of Natural Language Processing (NLP). It is the
process in which each word is assigned to a
corresponding POS tag that describes how this word
be used in a sentence. Typically, the tags can be
syntactic categories, such as noun, verb and so on [5,
6, 7, 14]. For Myanmar language, word segmentation
must be done before POS tagging, because, different
from English sentences, there is no distinct boundary
such as white space to separate different words. Also,
word segmentation and POS tagging can be done at
the same time. While a number of successful POS
tagging systems have been available for English and
many other languages, it is still a challenge to
develop a POS tagging for Myanmar due to its
language-specific issues.

Part of Speech Tagging is another important
evaluation task for Myanmar language. A Part of
Speech Tagger typically assigns a tag to each word in
a sentence sequentially from left to right. When the

words are tagged from left to right, the Part of
Speech Tags assigned to the previous words are
available to the tagging of the current word, but not
the tags of the following words. We expect the use of
the tags of the words on left side of the current word
should improve the tagging of the current word. The
words in both the training and testing data sets are
already segmented into words [5, 9].

There are a variety of approaches for POS
tagging. Among them, two approaches to POS

tagging are

1. Supervised approach using Rule based POS
Tagger, and

2. Unsupervised approach using Rule based
POS Tagger

The former Taggers had large sets of hand-
constructed Rules for assigning tags on the basis of
words’ character patterns and on the basis of the tags
assigned to preceding or following words, but they
had only small lexica, primarily for exceptions to the
rules. But, the later Tagger does not require hand-
constructed Rules and so it needs automatic rules. A
POS tagger based HMM assigns the best sequence of
tags to an entire sentence. The task of Part of Speech
(POS) Tagging is to find the sequence of POS tags T
= {t1, t2, t3, . . ., tn} that is optimal for a word
sequence W = {wl, w2, w3, ..., wn}[8].

This paper is structured as follows: a brief
description of supervised approach using rule based
POS tagging is described in Section 2, section 3
describes about Unsupervised approach using rule
based POS Tagging and also describe which
approach should be used to get better performance,
and the main propose of our system is presented in
section 4, experimental results in section 5 and we
end with conclusion in section 6.

2. Supervised Approach using Rule Based
POS Tagging

Supervised POS tagging is a machine learning
technique using a pre-tagged corpora in which it
requires training data. The training data consist of
pairs of input objects and desired outputs. The output
of the function can be a continuous value, or can



predict a class label of the input object. The task of
the supervised learner is to predict the value of the
function for any valid input object after having seen a
number of training examples i.e. pairs of input and
target output. To achieve this, the learner has to
generalize from the presented data to unseen
situations in a "reasonable™ way. This method also
requires large amount of tagged data to achieve high
level of accuracy.

Supervised learning can generate models of two
types. Most commonly, supervised learning
generates a global model that maps input objects to
desired outputs. In some cases, however, the map is
implemented as a set of local models. In order to
solve a given problem of supervised learning, the
type of training examples are determined. Then a
training set (a set of input objects and outputs) is
gathered either from human experts or from
measurements. The learning algorithm is then run on
the gathered training set. Parameters of the learning
algorithm may be adjusted by optimizing
performance on a subset of the training set. After
parameter adjustment and learning, the performance
of the algorithm may be measured on a test set that is
separated from the training set. These rules are
applied in construction the tagger in our native
language, Myanmar by using Supervised POS
Tagging as follows:

In this language, the tagger initially tags by
assigning each word its most likely tag, estimated by
examining a large tagged corpus, without regard to
context. Since the goal of Supervised POS Tagging is
to build a concise model of the distribution of class
labels in terms of predictor features, supervised
method learns tags and transformation rules from
manually tagged corpus. So, the words in the
following sentence in Myanmar language are tagged
to the appropriate tags from the pre-tagged set like
this:
maee_NN 2p5_SPRP

mf)aaeo::oé_v

w0 NN §_SPRP

3. Unsupervised Approach using Rule
Based POS Tagging

When any training data does not require a
annotated corpora, the learner is given only rule
based examples which are closely related to the
problem of density estimation in statistics. However,
rule based learning also encompasses many other
techniques that seek to summarize and explain key
features of the data. In order to derive a rule of the
learner, an objective function must be found for
training that does not need a manually tagged corpus.

In order to tag each word with the most

appropriate tag, the starting word is assumed with
noun tag (NN) if this word is not found in the
annotated corpus, and then the other tag sequence
can be searched by using rules by untagged corpus.
Unlike other languages, the starting word may be
noun or other tags in Myanmar Language. Therefore,
after assigning this word with noun (NN), firstly, it
need to test whether this tag is correct or not by using
rules. For example, if the word is ended with “ec0s”,
this must be changed with adjective Tag (JJ).

For example, the verb (V) in Myanmar language is
terminated (eg., ‘00p5’, “ol’, ’epS’, etc) at the end
of sentence, the adjective by ‘eooo¢ and etc. This
information is derived automatically from the
training corpus. But, consider the following two
sentences,

(o)aﬁcugqlé:_NN coooog._\l] cng?(%e.geq,'_NN ?o_SPRP
cl _NN ﬂf)ﬂé_NN ogo:acx%_v
()1 _NN efgoo0c$_V ¢&_NN 8ol _V

The words ‘eooees,¢ in former sentence and
‘algoocd”’ in later sentence are not found in the tagged
corpus and so unsupervised approach with rules must
be applied. eg., Adjective (ADJ) must be followed by
noun (N) and simple sentences are constructed that
subject (NN) is followed by verb (V) and also the
sentences are ended with the verb (V). The word
‘elgoocd’ doesn’t found at the end of the sentences
and but this word is tagged with verb (V) by using
rules and also the word ‘cosedS, ¢ also follow this rule
and thus that word is tagged with adjective (ADJ).

Therefore, it needs to construct more and more
rules to get better performance. But, in Myanmar
Language, rules are difficult to construct manually
and so the better performance cannot be achieved
using only unsupervised approach using Rule Based
Tagger. Therefore, by using supervised approach
using rule based Tagger in this paper, the best
accuracy will be achieved in POS Tagging of
Myanmar Language. The most accurate taggers use
estimates of lexical and contextual probabilities
extracted from large manually annotated corpora.
Therefore, if tagged text is needed in training, this
would require manually tagging text each time the
tagger is to be applied to a new language, and even
when being applied to a new type of text. A
supervised approach using rule-based POS tagger is
described to achieve highly performance, and capture
the learned knowledge in a set of rules instead of a
large table of statistics. In addition, the learned rules
can be converted into properties by HMM. We
describe the proposal for supervised approach using
rule based POS Tagger, and compare the
performance with using unsupervised approach.



4. The Proposed Model

Our processing procedure of the system is shown
in Figure 1.
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Figure 1. Processing steps of POS Tagging

In our system, Myanmar language has some fixed

1 2 w
vocabulary, W, W, w } This is a set of
WOde, €.g., {Geoé%é%é, G(y:”oé:wo:, §é:a§o$: g eeenes ,
opoeano}. And a fixed set of parts of speech, or tags,

{tl, ? tT}, e.g., {adjective, adverb,

noun,....... , verb} is created. A text of n words is
considered to be a sequence of random variables W

—
-

Lh=w1 Wz ... .Wn .Each of these random variables
can take as its value any of the possible words in our
vocabulary. More formally, let the function V(X)
denotes the possible values (outcomes) for the
random variable X. Then V(Wi)={wl, w2, ...ww}.
It denotes the value of W1 by wl, and a particular
sequence of n values for W1,n by wi,n. In a similar
way, the tags for these words are considered to be a
sequence of n random variables T1,n = T1, T2,....,
Tn. A particular sequence of values for these is
denoted as t1,n and the ith one of these is ti. The
tagging problem can then be formally defined as
finding the sequence of tags t1,n which is the result

of the following function:
def

z'(Wl,n) = argtl‘ne\/(Tl‘n) P(Tl,n = tl,nlvvl,n = Wl,n)
@
7(w,,,) = arg max P(t, ,|w, ,)
2

r(w,, ) =ar max—P(tl’”’Wl’”)
) =R P (w,,)

= arg max P(tlyn , Wl,n)
®

Next, this equation is broken down into “bit-size”
pieces about which statistics can be collected.

P(tl,n ) Wl,n) = H P(Wi |t1,i—1'W1,i—1) P(ti |t1,i—1’ Wl,i)
i=1
4

“Markov assumptions” are possible to view the
tagging as a Markov process. So it is needed to start
with the simplest of these models (i.e., the one based
upon the strongest Markov assumption). Equation (4)
is started to make the following Markov assumption

P(Wi |tl,i—l’Wl,i—1) = P(Wi |W1,i—1)

®)
P(tiltl,i—l’wl,i) = P(tilwi)
(6)
Substituting these equations into equation (4) and
substituting that into equation (3), the following
equation is obtained.

r(w,,) =arg I‘Tt]aXH P(wi|wy; ;) P(t|w;)
T (7)

=argmax [ [ P(t;|w,)
b ®)

But, since the current tag is independent of the
previous words and only dependent on the previous
tag. Similarly we assume that the correct word is
independent of everything except knowledge of its
tag. With these assumptions we get the following
equation:

n
r(w,,) =arg maXH P(t|t_,) P(w]t)
b ©)
Our algorithm runs on a number of iterations.
First, we process the tagged data by Supervised
Learning then in each iteration it processes the
untagged data using Rules and updates the transition
probabilities i.e. p (tag | previous tag) and emission
probabilities i.e. p (word | tag) for the Hidden
Markov Model. Using tagged data each word maps
to one state as the correct Part of Speech is known.
But using untagged data (Rules), each word will map
to all states because Part of Speech Tags are not
known i.e. all states we considered possible. To
realize the implementation of these approaches using
Rule Based POS Tagger, firstly we have to design
tag set (our approach has 36 tags). Some of these are
shown in Table I:



TABLE I. SOME OF TAGS USED IN OUR SYSTEM TABLE I1. PERFORMANCE OF POS TAGGING FOR

DIFFERENT NUMBER OF WORDS

Tag | Description Example - -
_ Number Accuracy using | Accuracy using

NN Noun, singular or 58158081 confent of words Unsupervised Supervised
mass N Approach Approach

NNS | Noun, plural §C1B04:qpi Qqp: 5,000 56.43% 60.23%

PRP | Personal pronoun g1 91 0§D 10.000 61% 70.6%

pos | Possessive & 50,000 67.0% 80.19%
pronoun — 100,000 | 71.23% 83.67%

VB | Verb, baseform | §eoed [géwpd 150,000 | 75.6% 85.46%

v verb OROIOR| 010 200,000 | 77.89% 87.2%

RB__ | Adverb contighgor cqteaclodled 300,000 | 80.9% 90.70%

JJ__ | Adjective ogosa0l emodica 500,000 | 84.32% 93.67%

SYM | Symbol oy % 1,000,000 | 89.56% 97.56%

CD Cardinal number 0831 §6emoli 2jiea00’

The following examples are shown that how to tag

] ; 120.00%
the segmented words in several sentences using 100.00%
Myanmar Language and their respective meaning are ———— — == | 30.00%

shown. 60.00%
(1)8:e0néeené _NN »0p5_SPRP eoqpé:soqp_NN 40.00%
0,
o8sancs_CD (82p5_VB 20.00%
r T T T T T T T T 0-00%
(2)  cogplioorgp: NN 20p5_SPRP cogpé:_NN QQQ QQQ QQQ QQQ QQQ QQQ QQQ QQQ QQQ
o o¢ ¢ ¢ 3 \ Qv Qv O Qv O O O \))
%} _PRP 439398 _RB ogorfo3oops _V AT ST ST S S S &
Supervised Approach

(3)  [Broo:p:_NN 25_SPRP  czolfséeé: _NN
& _POS cwéio_NN o06q8 _ CD [g60p5_VB

(4) 56 NN 55_SPRP
8§:00600: _NN onearos_CD GéaopS_VB

%:ooo:@[gnéec’gc:oo_\]\]

(5) Gﬂé:eoaﬂé:mo@(ﬂ eo_V
5. Experimental Results

In order to measure the performance of the system,
we use the manually annotated test data using the tag
set consisting of 36 grammatical tags and create
corpus with different number of words collecting
from Myanmar Newspaper. The corpus is defined as
possible tags for each word. We also create un-
annotated test data by grammatical rules in order to
tag the unfound words in the annotated data. From
our training data, we were able to extract data from
unique unambiguous tag sequences which were then
be used for better initializing the state transition
probabilities. Then, we have tested many
experiments using supervised and unsupervised
approach using rule based POS Tagger on different
corpus till we get the best accuracy. Then, we have
seen that supervised approach using POS Tagging
get the better accuracy than unsupervised approach.
Table 1l shows the performances of POS tagging
according to the different approaches on different
number of words in corpus. Figure 2 also shows the
comparison of these improvements in accuracy along
with the increase in the size of annotated training
data on different methods.

= = Unsupervised Approach

Figure 2. Tagging accuracies on different words
6. Conclusion

In this paper, we have presented an approach for
Part of Speech Tagger of Myanmar Language using
HMM with Rule Based Approach. And also, we
describe this approach has the better accuracy than
using Rule Based Approach only. This tagger
significantly outperforms Natural Processing System
which assigns to a word the most likely tag assigned
to that word in the training corpus. So, the present
system is still under the development, especially in
morphological knowledge acquisition. For the future
work, we hope to improve our system with
information retrieval and Machine Translation in
Myanmar Language. Thus, the use of features
involving the POS tags of the following words
further improves the performance of the tagger.
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