CHAPTER 2

BACKGROUND

In this chapter, we will describe theoretical background that is used in

this thesis. In the rest of this cha

r, the evaluation criteria of Word Sense
Disambiguation are provided. /
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/ Ctors in a vector space. The
basic idea is Firstly, % sextract unique comtent-bearing words from the set of
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as a vector of ‘ertain weighted wor‘d frequencies in this feature sggce. The wvector
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(matrix 14) ose fows are words and columns are document vectors. Each entry of

matrix 4, A(i, j) represents the weighted frequency of term i in document j. Typically,
a large number. of words exist in even a moderately sized set of documents. Hence,
the document vectors are very high dimensional. However, typically, most documents
contain many fewer words, 1-5% or less, in comparison to the total number of words

in the entire document collection. Therefore, the document vectors are very sparse.



2.1.2 Advantages and Disadvantage of Vector Space Based Model

Advantages of Vector Space Based Model

The vector space based model has some desirable features. The
semantic content does not reside in the vectors, but rather in the relations between the
vectors. Another appealing property of the vector space based model is that the
semantic information is extracted automatically, in an unsupervised approach from

unstructured text data. It does . Involve man interaction. It uses statistical

construct the vectors and _the Vector sﬂcesmowledge of the text data is

assumed, making the{

new domains, since ig8 of the senantic will reflect the semantics dynamics
of the training data. T that different domains will produce different semantic

spaces, with different i Jati } )¢ erent words (Landauer and

Dumais, 1997).
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improvmg the performance of information, the conventional vector space based

e on!ﬂassumption that has to be

model uses so many words per vector element that similarity calculation requires
much time. Many words per vector element also make the original term by document
matrix is very sparse and contains noise data. Moreover, when the query sentence

includes only a few words pertaining to the vector elements, the query vector becomes



too sparse to find the relevant documents. In order to resolve these problems, many
researches have been conducted. The simplest way is to reduce the vector dimension.
In the case of vector-based model, it has been assumed that the
meanings of the words which represent the bases of vector are independent from each
other, however, this assumption does not hold in actual documents. Then, in order to
reduce the number of dimension, the vector dimension reduction methods such as
Latent Semantic Indexing (LSI) method (Deerwester et al., 1990) was proposed where

ion of vector bases. The matrix which is

/ense matrix w1th0ut noise data.

redundancy, ambigu space that contains only

meaningful semantic an the initial space. One
method to achieve this i reduction so as to select a

semantic subspace that conf@ing essential and meaningful associative relations. In the

subspace, redundant mformatlonifegFB 2

LSI is one such dimension reduction method. It automatically
computes a i ns which is much
smaller than :ﬁ;rﬁ EJZC?H 'm ﬁﬁ ﬁﬁlﬂ alue Decomposition
(SVD) of the term-document ma
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LSI relies on a Singular Value Decomposition (SVD) of a matrix

(word x context) derived from a corpus of natural context that pertains to knowledge
in the particulér domain of interest (Strang, 1980). SVD is a form of factor analysis
and acts as a method for reducing the dimensionality of a feature space without
serious loss of specificity. Typically, the word by context matrix is very large and

quite often sparse. SVD reduces the number of dimensions without great loss of



descriptiveness. SVD is the underlying operation in a number of applications
including statistical principal component analysis (Jolliffe, 1986), text retrieval (Berry
et al.,, 1995) and (Dumais, 1994), pattern recognition and dimensionality reduction
(Duda, 1973), and natural language understanding (Landauer, 1997). LSI includes
three steps (Deerwester et al., 1990):

Step 1. A large body of text is represented as an occurrence matrix (i x

tito. SVD, (Dumais, 1994), (Jolliffe,

1986) and (Strang, 19 f = \ \

gular values are set to zero. Pre-
multiplication of the ri natrixes produces a least-squares best approximation
to the original matrix giver ~of di en ns, d, that are retained. The SVD
with dimension reduction constitutesa const satisfaction induction process in that

it predicts the original observa nes n the basis of linear relations among the
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where, ﬁlatrices U and V contain the left and right singular vectors of A and D is a

matrix of singular values of A.

Properties of U, D and V. U and V represent the orthonormal basis

for the column and row span of A, which means :
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1.) The columns of U and V are orthogonal. All columns of U (and V)

are linearly independent and the dot product of any two columns is 0.
2.) The norm of each column of U (and V) is 1.

3.) U and V form the basis for span of row and column space of A,
meaning all columns of U and V are linearly independent and all columns(rows) of A

can be represented by some linear combinations of columns(rows) of U(V).

The number and V are referred to as the

dimensionality of the col

D is a diagenalumaix where I"entries except the diagonal are zeros.

The diagonal values of DFar

each dimension in gorrgsponding ¢olumn. a w space of A. For further

computational ease, didgon es of D are arra ged in the descending order.

d V', the original matrix A is

returned. However, the goa L it mply recover the original matrix, but
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Figure 2.1: Reducing a Matrix to K Dimensions with SVD.
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The reduced matrix no longer represents the actual words that occur in
a text, but rather dimensions that suggest underlying concepts. This has the effect of
converting a word level feature space into a concept level semantic space which
allows computations based on conceptual meanings of terms rather than their surface
forms. The result is that each word is represented as a vector of length k. Performance
depends strongly on the choice of the number of dimensions. The optimal number of
selecting k is typically around between 200 and 300 and may vary from corpus to

two words, any two text passages, or

any word and any text passag ‘ easures on their vectors. Often the

--space is used as the degree of

qualitative similarity of ing. is also useful as a measure.

The adv i 1 for w disambiguation is that it is
a fully automatic, corpu istical procedure that does not require syntactic

analysis. LSI uses a K 1 technique to extract and

-

infer semantic relation rom their contextual usage in

O
large collections of natu coutse. "‘i' 2 \ elds a mathematically well-

defined representation of a oht of as a kind of average meaning.

Clustenng methods divide a glven set of ogjects into some number of
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problem of assigning an object to one of a pre—defined set of categories. Clustering
uses a data—driven approach in which objects are grouped purely based on their

mutual similarities without any knowledge of existing classes (Jain et al., 1999).

Typical pattern clustering method can be processed in the following

steps:
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1. Feature Selection: identify significant attributes of objects that help

to make distinctions between various natural groupings.

2. Object Representation: convert objects to a form that is easy to

process by the clustering algorithm.

3. Similarity Measurement and Clustering Method: mutual similarities

between objects are computed, and they are clustered based on these values.

' stingu \ of objects that help to
discriminate among . jthe’¢ ?‘ S crucial because carefully
chosen informative fea prove ﬁ"(: nati ) among objects, and poorly chosen

. 'i r i' - .
noisy features can con Ste ng p oc \ or example, in document
y \

clustering, one might use thg ing words or the words in the title

of the document as features.

—--—-T"-—*TTTTE{‘ gy for feature selection
that applies to all clustering Astics that can be employed

that will avoid obvious] bad features:
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if computers &Icur in all documengs, it does not help to distinguish among the
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2. Features that are attributes of only single object can also be avoided.
This is because a clustering algorithm looks for similarities among the objects, and an
attribute characterized by a single object will not be shared by any other object in the
given collection. For example, if psychology occurs in only one document, it can be

eliminated from the feature set.
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In document clustering, an upper limit on the number of times a word
occurs will automatically exclude many high frequency (low information content)
words like the, is, are, of, and to. In addition, very rare words can also be excluded,
since they provide a level of detail that is too fine grained for making topic

distinctions.

2.3.2 Object Representation

|
Once the set " d, the value of each feature is

measured for each object. e n trings.
—

if the feature occurs, and 0

In the case @
if it does not. These arg 3 features tha . represent whether or not a
particular word occurs i@ dg gnt. Numeric fea ~may also have integer or real
values. For example, an integ r fe eCOTd e number of times a particular

word occurs in a document

might have possible values suc “journal, book, web, and conference-

proceedings, all of which d be where a doct iginally appeared.

f,_ | 7 9

ractice to assign numeric

For string 8 ﬂ
identifiers to these féatures, in the interests of computational convenience and to

reduce storage i g at m ipulating these stdngé, we
identify them ailez]n \ﬁiﬂﬁ ﬁ aﬂ)ﬁo’ﬁs% journal becomes 2,
book becomes 3, and so forth.
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Real valued features are useful when making more precise
measurements than integers or binary features allow. For example, suppose instead of
using single word features, we now have features that represent two word sequences
(bigrams) that occur in computer related documents such as software engineering,
information technology, operating system, computer architecture, or network security.
A real valued feature can represent the scores of measures of association such as the

log—likelihood ratio or mutual information.
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Selected features can be viewed as the dimensions of a multi-
dimensional space in which given objects can be represented either as vectors or as
points. The feature values then define the values of vector components or point co-

ordinates.

Consider a simple 2-D space formed by the features computers and
finance. Suppose in document] that we observe feature computers 3 times and finance

once (in other words, the value of thes¢ features is 3 and 1, respectively). Then

and finance occurs 4 times. Given

this scenario, we can view decuiier a veetOr {31+ 1j) and document? as (2i + 4j),

o
o SR T of Objects
!"
In co-ordinate space, gument an b as the !IJ 1), while document2 as

the point (2, 4), as showngin.Figure 2.3.
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Figure 2.3: Point Representations of Objects.
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When features are binary, objects can be represented as sets or
unordered lists of features that are attributes of that object. For example, if a
document includes the terms firewall, security, recovery, virus, authentication, and
encryption, then the set representation of this document will be (e.g. firewall, security,

recovery, virus, authentication, and encryption).

2.3.3 Similarity Measurement and Clustering Method

The obje : i nted as vectors, points or sets
in the feature space. The n mpute their mutual similarities. There are a

variety of well known h as C Distance, Cosine Similarity

Coefficient that can -These mea e employed with real-valued
feature spaces, and ¢ vith- er or binary feature spaces. We briefly
review Euclidean Dis imilan ' "\ easures below.

re ‘ nputes the spatial or straight line

F - -
distance between two poin I N-Dit
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If the o&cts are

81m11ar1ty will be 1. DISP ce is not normal d and hence distance increases as the
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between two vectors. The similarity between two vectors reflects the distributional

fical, 1stanc@etween them will be 0 and

similarity between the words represented by the vectors. Distributional similarity
implies similar values of semantic information. In this thesis, the cosine of the angles

between the context vectors is used to calculate the correlation between words. The

cosine measure for two vectors x and y can be calculated as follows:
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cos(X, y) = |

X

Objects that have similar feature values will be closer in the space and
have a smaller angle between their vectors, which results in a higher cosine value. If

the two vectors are identical, cosine is 1. On the other hand, if the vectors do not share

distance is that this similarity scemswless. effective for word sense

1S

Clustering hods ho divided info three main groups, based on

the methodology they employ. £ erarci / thods perform a series of merging or

splitting operations..to itional gnethods avoid pairwise

operations and divide the-sei-of-objecis-into-a-give :a r of clusters, and then

iteratively refine thosu

ﬁ‘ teri ‘,ﬁhﬁ ﬂof[ﬁzthi]}j goee main categbries
based on the ﬂ'jiﬁs ta g‘e S c pa ethiods directly cluster
feature vectors. Graph based methads represent bjects as graphs,sand use graph

s TR T B TR RS e

not graph based approaches.

0! amldeas from both.

In all these methods, the number of clusters to be created can either be
explicitly specified or automatically derived by the algorithm. We take the former
approach in this thesis, although automatically determining the optimal number of

clusters is an important area of future work.
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In this thesis, we limit our discussion to agglomerative methods and
partitional methods which are used to compare effective methods, and shows that they

can often be applied in vector.
Agglomerative Clustering

Agglomerative methods are a type of hierarchical clustering methods.

Theses methods merge a pair of cl ach iteration. Agglomerative methods

start with each object in a sep , if there are N objects, the algorithm

begins with N initial cl sters are merged during each

iteration until the desired number cl ster obtained. The clusterings found by
agglomerative methods CCpresente -"i 1 \ ture known as a dendogram
that shows the clusters 0 q ' 1t > algorithm. At the top-most

E
single ' Al mg all objects, while at the

level, the dendogram tregsS
bottom-most level, thefe ag€ 2 &y eaf e are objects to be clustered.
The dendogram tree can b TEtos / examine the progress of the
clustering algorithm, and may ‘%gl oh : \‘- re elustering could be stopped to

achieve optimal results. P
.gi':f X

"'
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Figure 2.4: Example of Dendogram

Figure 2.4 shows an example of a dendogram tree where there are a
total of 6 objects being clustered: {dI, d2, d3, d4, d5, d6}. Objects d4 and d5 are

merged in the first iteration (read the tree in Figure 2.4 in bottom-up fashion). In the
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2nd iteration of clustering, object d3 is merged with the cluster containing (d4, d5).
Then, objects d1 and d2 are clustered in the next iteration to form a single cluster (d1,
d2). After that, clusters (d1, d2) and (d3, d4, d5) are merged. Finally, object d6 joins
the cluster (d1, d2, d3, d4, d5).

The decision as to which clusters should be split or merged during an

iteration is dictated by a criteria function which determines which clusters are most or
nctions for hierarchical methods are

least similar. The most widely u i
single link, complete link and /

In the agglomerative .”.‘K agle link criteria chooses the pair
of clusters with the minim® : /o e ‘\“Q iearest members for merging.
The complete link criterid"se 1e pair w u\\' ~\.§

farthest members. The ayeérag

m distance between their

ves the pair of clusters that has the

minimum average paitwise dis bers. The objects with the

minimum distance are considere
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for merging and a cluster for splitting. In the single link diagram, the two objects that
are closest to each other are used for determining the amount of similarity between the

two clusters.
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Figure 2 th comna select the furthest pair of

objects for merging. /

Clustering

Figure 2.7 show , age link clustering measures the distance

between the centroids, o wo clusters to il

— 2

e

In vecg spae vectors for the N objects, each

representing its own clu ‘ger During each iteration, the clusters to be merged or split
are selected jon.| e between a pair of
vectors is deﬁuﬁ;‘; ﬂﬁﬂm{’)ﬂ[ﬂn‘ﬁ is measured by the
cosine of this angle
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Partitional Clustering

Partitional algorithms divide the entire set of objects into a pre-
determined number of clusters (say K) without going through a series of pair-wise
merging or division steps. Unlike agglomerative methods, the clusters created during

subsequent iterations are not related to those in the previous or next iterations. The
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best known example of a partitional algorithm is the K-means clustering algorithm.
Partitional methods can be carried out on objects that are represented in vector. In
vector space, the centroid of any cluster is the average of all the vectors that belong to
that cluster. K-means initially selects K random vectors to serve as the centroids of
the initial K clusters. It then assigns every other vector to one of the K clusters whose
centroid is closest to that vector. After all vectors are assigned, the cluster centroids
are re-computed by averaging all the vectors assigned to the same cluster. This repeats

until convergence, that is until no

ges its cluster across iterations, or in
other words, when the centroi K-means clustering technique is

presented below.

d.
N
Basic K- for finding K clusters.
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n . al centrc oids.
o'th \\\ entroi
oo .

ter.

roids don’t change.

2.4 Evaluation

For -;F——— _ﬁs tion of performance is

measured in term of

ﬂc hﬁeﬁnitions of these terms
ard measure of the information retrieval (IR) performance.

are the same as stand
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clustered divided by the number of answered senses which are returned by the
clustering algorithm. For each word, the outputs are a list of clusters to which the
sense belongs. Each cluster corresponds to a sense of the word. The precision of the
system is measured by the percentage of output clusters that actually correspond to a
sense of the word. To compute this precision, we must define what it means for a

cluster to correspond to a correct sense of a word. The degree to which the discovered
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clusters correspond with the true word senses as indicated by the sense—tags. The
precision is the average precision of all senses of each word. The overall precision can

be formulated as in equation 2.4.

Precision = number of correctly clustered sense (2.4)
number of answered senses

2.4.2 Recall

Recall is €omp

'@umber of senses correctly

clustered to which w umber of senses in which

word used in the da ecall of all senses of each

word. The recall can b

(2.5)

2.4.3 F-measure

The Edne Ri gen. J» way of combining the

oo 1
precision and recall val : ‘ the harmonic mean of
® | T
these two values given to both precision and recall. The F-measure can be formulated
) iF
as in equation 2.6.
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