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Abstract:- A statistical language model is a probability
distribution P(s] over all possible word sequences (or
any other linguistic unit like words, sentences,
paragraphs, documents, or spoken utterances). A
number of statistical language models have been
proposed in literature. The dominant approach in
statistical language modeling is the n-gram model.

. INTRODUCTION

A. n-gram Model

The goal of a statistical language model is to
estimate the probability (likelihood) of a sentence. This is
achieved by decomposing sentence probability into a
product of conditional probabilities using the chain rule
as follows:

[ =z
= =31 e j Language Processing and
Information Retrieval

Where h, is history of word w, defined as W1 W2...
Wi_1

Example-1

» Training set

The Arabian Knights

These are the fairy tales of the east

The stories of the Arabian knights are translated in
many languages

» Bi-gram model

P(the/<s>) = 0.67 P(Arabian/the) = 0.4 P(knights
/Arabian) = 1.0

P(are/these) =1.0  P(the/are) = 0.5
0.2

P(tales/fairy) = 1.0 P(of/tales) = 1.0 P(the/of) =
1.0

P(east/the) = 0.2 P(stories/the) =0.2  P(of/stories)
-1.0

P(are/knights) = 1.0
[translated) = 1.0
A(many/in) = 1.0
P(languages/many) = 1.0

P(fairy/the) =

P(translated/are) = 0.5 P(in
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Test sentence (s): The Arabian knights are the fairy tales
of the east.

P(The/<s>) x P(Arabian/the) x P(Knights/Arabian) x
P(are/knights)

x P(the/are) x P(fairy/the) x P(tales/fairy) x P(of/tales) x
P(the/of)

X P(east/the)
=067x04x10x10x05x02x10x10x10x
0.2

=0.0268

As each probability is necessarily less than 1,
multiplying the probabilities might cause a numerical
underflow, particularly in long sentences. To avoid this,
calculations are made in log space, where a calculation
corresponds to adding log of individual probabilities and
taking antilog of the sum.

B. Add-one Smoothing

This is the simplest smoothing technique. It adds a
value of one to each n-gram frequency before
normalizing them into probabilities. In general, add-one
smoothing is not considered a good smoothing technique.
It assigns the same probability to all missing n-grams,
even though some of them could be more intuitively
appealing than others. Gale and Church (1994) reported
that variance of the counts produced by the add-one
smoothing is worse than the unsmoothed MLE method.
Another problem with this technique is that it shifts too
much of the probability mass towards the unseen n-grams
(n-grams with 0 probabilities) as there number is usually
quite large, Good-Turing smoothing (Good 1953
attempts to improve the situation by looking at the
number of n-grams with a high frequency in order to
estimate the probability mass that needs to be assigned to
missing or low-frequency n-grams.

C. Good-Turing Smoothing

Good-Turing smoothing (Good 1953) adjusts the
frequency faf am re-gram using the count of re-grams
having a frequency of occurrence /+!-It converts the
frequency of an re-gram from ftof* using the following
expression:

Ml fo=(4])-E-]

where ni is the number of re-grams that occur
exactly / times in the training corpus. As an example,
consider that the number of re-grams that occur 4 times is
25,108 and the number of re-grams that occur 5 times is
20,542. Then, the smoothed count for 4 will be H*™
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D. Caching Technique

Another improvement over basic re-gram model is
caching. The frequency of re-gram is not uniform across
the text segments or corpus. Certain words occur more
frequently in certain segments (or documents) and
rarely in others. For example, in this section, the
frequency of the word 're-gram’ is high, whereas it occurs

NN  noun student, chair,
VB wverb study, uerease,
AD]  adjective large, high,

1 adverb carelully, slowly,
IN preposition  1r, on,

PRP  pronoun I, me,
DET determiner  the, a,
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rarely in earlier sections. The basic re-gram model ignores
this sort of variation of re-gram frequency. The cache
model combines the most recent re-gram frequency with
the standard re-gram model to improve its performance
locally. The underlying assumption here is that the
recently discovered words are more likely to be
repeated.

prool, miechanism

produces

tall, few,

uniformly

to, of

they

an, this, those

Fig 1:- Part-of-speech example

Il.  PART-OF-SPEECH TAGGING

Part-of-speech tagging is the process of assigning a
part-of-speech (such as a noun, verb, pronoun,
preposition, adverb, and adjective), to each word in a
sentence. The input to a tagging algorithm is the
sequence of words of a natural language sentence and
specified tag sets (a finite list of part-of-speech tags). The
output is a single best part-of-speech tag for each word.
Many words may belong to more than one lexical
category. For example, the English word 'book’' can be a
noun as in '/ am reading a good book! or a verb as in
"Thepolice booked the snatcher\ The same is true for other
languages. For example, the Hindi word 'soan’ may
mean 'gold' (noun) or 'sleep' (verb). However, only one
of the possible meanings is used at a time. In tagging, we
try to determine the correct lexical category of a word in
its context. No tagger is efficient enough to identify the
correct lexical category of each word in a sentence in
every case. The tag assigned by a tagger is the most likely
for a particular use of word in a sentence.

A. Hybrid taggers

Hybrid taggers combine features of both these
approaches. Like rule-based systems, they use rules to
specify tags. like stochastic systems, they use machine-
learning to induce rules from a tagged training corpus
automatically. The transformation-based tagger or Brill
tagger is an example of the hybrid approach.

JISRT18DC138

B. Rule-based Tagger

Most rule-based taggers have a two-stage
architecture. The first stage is simply a dictionary look-
up procedure, which returns a set of potential tags
(parts-of-speech) and appropriate syntactic features for
each word. The second stage uses a set of hand-coded
rules to discard contextually illegitimate tags to get a
single part-of-speech for each word. For example, consider
the noun-verb ambiguity in the following sentence: The
show must go on.

C. Stochastic Tagger

The standard stochastic tagger algorithm is the
HMM tagger. A Markov model applies the simplifying
assumption that the probability of a chain of symbols can
be approximated in terms of its parts or w-grams. The
simplest n-gram model is the unigram model, which
assigns the most likely tag (part-of-speech) to each
token.

D. Hybrid Taggers

Hybrid approaches to tagging combine the
features of both the rule-based and stochastic
approaches. They use rules to assign tags to words. Like
the stochastic taggers, this is a machine learning technique
and rules are automatically induced from the data.
Transformation-based learning (TBL) of tags, also
known as Brill tagging, is an example of hybrid
approach. TBL is a machine learning method introduced
by E. Brill (in 1995). Transformation-based error-driven
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learning has been applied to a number of natural language
problems, including part-of-speech tagging, speech
generation, and syntactic parsing (Brill 1993, 1994,
Huang et al. 1994).

111, WORD SENSE DISAMBIGUATION

Having discussed various types of ambiguities we now
focus on identifying the correct sense of words in a
particular use. The first attempt at automatic sense
disambiguation was made in the context of machine
translation. The famous Memorandum, Weaver (1949)
discusses the need for word sense disambiguation (WSD)
in machine translation, and outlines an approach to
WSD, which underlies all subsequent work on the topic.

A. Selectional Restriction-based Word Sense
Disambiguation

Selectional restrictions or preferences can be used in
parsing to eliminate flawed meaning representations. This
can be viewed as a form of indirect word sense
disambiguation. We now explore this idea. Consider the
following sentences:
The institute will employ new employees, ('to hire")
The committee employed her proposal, (‘to accept’)

One can intuitively differentiate the senses of employ
in sentences (a) and (b) with the complements of each
employ. To be more precise, employ in (a) restricts its
subject and object nouns to those associated with the
semantic features human/organization and human,
respectively. On the other hand, employ in (b) restricts its
subject and object nouns to those associated with the
semantic  features human/organization and idea,
respectively. Consequently, given employees as the
object, the sense to hire is selected as the interpretation of
employ in (a), and the sense to accept is ruled out. The
same reasoning can be used to select the sense to accept
as the interpretation of employ in (b).

B. Context-based Word Sense Disambiguation Approaches
Approaches to stand-alone WSD that make use of

context of ambiguous word basically fall into one of the

following two general categories:

» Knowledge-based

» Corpus-based

IV. BAYESIAN CLASSIFICATION

The specific algorithm we describe here was
introduced by Gale (1992). The classifier assumes that
we have a corpus in which each occurrence of an
ambiguous word is labelled with its correct sense. The
words around the ambiguous word are used to define a
context window. The classifier treats the context of word
w as a bag of words without structure. No feature
selection is done. All the words occurring in the context
window contribute in deciding which sense of the
ambiguous word is likely to be used with it. What we"
want to find is the most likely sense s’ for an input
context ¢ of an ambiguous word w. This is obtained as

$' = arg max P(si/c]h
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As it is difficult to collect statistics for this equation,
we apply the Bayesian formula to compute it.

A. Bootstrapping

The Bayes classifier attempts to combine evidence
from all words in the context window to help
disambiguation. This requires a large sense tagged
training set to collect evidences. Hearst (1991) proposed
the bootstrapping approach to eliminate the need for a
large training set. The bootstrapping method relies on a
relatively small number of instances labeled with senses
having a high degree of confidence. This could be
accomplished by manually tagging those instances of an
ambiguous word for which the sense is clear (Hearst
1991). These labeled instances are used as seeds to train
an initial classifier. The classifier is then used to extract
more training instances from the remaining untagged
corpus. As the process is repeated, the training corpus
grows and the numbers of untagged instances are
reduced. The iteration continues until the remaining
untagged corpus is empty or no new instance can be
annotated.

B. Bilingual Corpora

A bilingual corpus consists of two corpora, one of
which is a translation of the other. As different senses of
an ambiguous word often translate differently in another
language, a bilingual corpus can be wused for
disambiguating word senses. For example, the Hindi
word cp<*i<H is translated as pen in the writing sense and graft
in the transplant sense. Gale et al. (1992b, 1993) use the
bilingual Hansard corpus to avoid manual sense tagging
of a corpus. The Handsard corpus consists of
transcriptions in French and English of the proceedings of
the Canadian parliament. They first automatically
aligned the bilingual corpus and then tagged the words
of the aligned corpus using the basic assumptions that
translations of a word reflect the senses of that word.

V. UNSUPERVISED METHODS OF WSD

Unsupervised methods of WSD eliminate the
need for sense tagged training data. Instead, these
approaches take feature-value representations of
unlabelled contexts (instances) and group them into
clusters. Each cluster can be assumed to represent one
sense of an ambiguous word. These clusters can be
represented as the average of their constituent feature
vectors. Unknown instances are classified as having the
sense of the cluster to which they are closest according to
the similarity measure. Strictly speaking, using a
completely Unsupervised sense disambiguation task, we
can only discriminate word senses. That is, we can group
together instances of a word used in different senses
without knowing what those senses are. However,
Yarowsky (1995) proposed an Unsupervised algorithm that
can accurately disambiguate word senses in a large
completely untagged corpus. He exploited two powerful
properties of human language in an iterative bootstrapping
setup to avoid the need of manually tagged training data
(adapted from Yarowsky 1995):
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e One sense per discourse: The sense of a target word is
highly consistent within any given document or
discourse.

e One sense per collocation: Nearby words provide strong
and consistent clues to the sense of a target word,
conditional on relative distance, order and syntactic
relationship.

A. Knowledge Sources in WSD

A variety of information, including syntactic (part-of-
speech, grammatical structure), semantic (selection
restriction) and pragmatic (topics) information as well
as dictionary (definitions), and corpus (collocation)
specific information, can be utilized as a knowledge
source in WSD. Here is a list of some of the information
sources deemed useful in disambiguation.

e Context of a word

The context of a word can be regarded as the
words surrounding the ambiguous word. A word
only can be disambiguated in its context. The context is
therefore useful in determining the meaning of a word in a
particular usage.

» Frequency of a sense

This information is generally used in statistical
approaches to measure the likelihood of each possible
sense. Usually, this statistics is gathered over some sense-
tagged corpus.

» Part-of-speech

Part-of-speech information can reduce the number
of possible senses a word can have. For example, in
WordNet 2.0 bitter has 3 senses as noun, 7 senses as
adjective, and one sense as a verb. The use of bitter as a
verb does not lead to ambiguity.

» Collocations

These may provide useful information about the
sense of a word. For instance, the noun match has 9
senses listed in WordNet but only one of these applies to
football match.

» Selectional preferences

Semantic restrictions that predicates place on their
argument can be used for disambiguation. For instance,
eat in the have a meal sense prefers humans as subjects.
This knowledge is similar to the argument-head relation,
but selectional preferences are given in terms of semantic
classes, instead of plain words.

» Domain

In a particular domain, only one sense of a word is
likely to be used. Thus, information about domain
furnishes useful information for disambiguation. For
example, in the domain of sports, the cricket bat sense
of bat is preferred.

Besides these, thematic role of a word (subject or

object), sentence structure, semantic word properties, and
pragmatic information may also be utilized in sense
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disambiguation. All this information can be used
together with general knowledge about the situation to rule
out impossible readings.

B. Applications of WSD

Word sense disambiguation (WSD) is only an
intermediate task in NLP, like POS tagging or parsing.
Accurate WSD is important for many applications, e.g.,
machine translation and information retrieval.

One of the first applications of WSD was machine
translation, for which, disambiguating the sense of a
source language word is crucial for accurately selecting
its translation equivalent in the target language. The Hindi
word *PcJT, for example, can either have the sense of the
English word fruit, or the sense of Mfeuurft (result). In order
to correctly translate a text containing cpaf, we need to
know which sense is intended.

C. WSD Evaluation

Evaluation is important in all NLP tasks. It has
always been a problem in disambiguation research, as the
only way to judge the performance of a disambiguator is
to manually check its output. Manual checking is time
consuming and because of this, most disambiguators have
been evaluated only on a small number of words. The
SENSEVAL initiatives have simplified the evaluation
task. The basic metric used for evaluating word sense
disambiguation algorithm is precision and recall. Precision
measures the fraction of correctly tagged instances in the
total set. This requires access to an annotated corpus.
Two such corpuses are now available: the SEMCOR
(Landes et al. 1998) corpus and SENSEVAL (Kilgariff
and Rosenzweig 2000) corpus. These metrics fail to give
any credit to an algorithm that makes only broad
distinctions between senses, as they consider sense
match to be exact. Some metrics have been proposed to
give partial credit to instances where a broader sense is
selected.

VI. CONCLUSION

Semantic analysis is concerned with meaning
representation  of linguistic inputs. A  meaning
representation bridges the gap between linguistic and
commonsense knowledge. A meaning representation
language must be verifiable and unambiguous. It should
support the use of variable and inferencing and must be
expressive enough to handle the wide variety of content
found in natural language. Syntax driven semantic
analysis uses the syntactic constituents of a sentence to
build its meaning representation. Semantic grammar
provides an alternative way for creating meaning
representation. Word sense disambiguation is concerned
with identifying the correct sense of a word. The
knowledge sources used by word sense disambiguation
algorithms include context of word, sense frequency,
selectional preferences, collocation and domain.
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