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Word Space Models (WSM) have the ability to transform a linguistic model into a mathematical model. Over the last one
decade or so WSM based approaches have attracted attention of the Natural Language Processing (NLP) researchers for
different applications including Automatic Text Summarization. Latent Semantic Analysis (LSA), the most popular and
extensively explored WSM, uses orthogonal unary vectors to represent words of a document and builds a semantic space
over it. However, LSA is criticized for being both computationally inefficient, and requiring a very high-dimensional and
sparse co-occurrence matrix. Random Indexing (RI) has been proposed in recent years as an alternative to LSA. It allows
for incremental learning of context information by using near-orthogonal index vectors representing words from a given
text. This near-orthogonality property of index vectors is the key to the RI-methodology as it helps in reducing the
dimension of the Word Space before building the context information of a text passage. Our study reveals that there is a
trade-off between near-orthogonality of Word Space and quality of output summary. The present work focuses on studying
the effect of near-orthogonality on extractive text summarization in the backdrop of RI-based modelling.
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1. Introduction

An ever-increasing growth of electronic text in recent
years resulted in different innovative applications
involving textual data. One such major application
is text summarization that can help a user identify
quickly the most relevant information from a given
text. Automatic Text Summarization addresses this
issue primarily by generating a shortened version of
information, typically specified by the size, such as
10%, 25% or 50% of the original text. The output of
a text summarization process can be an abstract or
an extract. An abstract summary is the gist of a text
regenerated using new sentences; whereas an extract
summary is the selection of important sentences from

the original text without any alteration [1]. Also, a
summary can be of a single document or multiple
documents. The focus of the present work is
extractive summary of a single document.

Traditional approaches to text summarization
concentrated on heuristic and machine learning based
approaches [2-7]. However, over the last one decade
Word Space Model (WSM) [8] based approaches
have attracted attention of the researchers because
of their ability to transform a linguistic model into a
mathematical model. These approaches neither
require any language-specific resources (e.g. on-line
dictionary, thesaurus), nor do they depend on any
informed heuristics of the underlying language. The
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most popular and extensively explored WSM is
Latent Semantic Analysis (LSA) [9, 10] that uses
orthogonal unary vectors to represent words of a
document and builds a semantic space over it. LSA
is criticized for being both computationally inefficient
and requiring a huge and sparse co-occurrence matrix.
An alternative to LSA is another WSM-based
technique called Random Indexing (RI) [8, 11-13].
RI is more scalable and allows for incremental
learning of context information by using near-
orthogonal index vectors representing words from a
given text.

Chatterjee & Mohan [14] explored the idea of
using RI to deal with the high dimensional semantic
space in extractive summarization. The advantages
of RI technique over other WSM-based techniques
are manifold. It does not use any heuristic or linguistic
features of language data at hand, and only uses the
distributional properties of the data to extract the
semantic information from the data. Also, the reduced
dimensionality reduces the computational complexity
to a great extent, and the preset static size of the word
vectors makes it easy to use them in other
computational models, such as Neural Networks [15].

Every LSA-based Word Space is orthogonal.
On the other hand, in an RI-based Word Space there
exists some probability of two distinct index vectors
being non-orthogonal to each other. Hence an RI-
based Word Space is termed as near-orthogonal. This
near-orthogonality property of index vectors is the
key to the RI-methodology as it helps in reducing the
dimension of the Word Space before building the
context information of a text passage. Our study
reveals that there is a trade-off between near-
orthogonality of Word Space and quality of output
summary. To obtain a good quality summary near-
orthogonality should be closer to 7/2. The present
work studies the effect of near-orthogonality of RI-
based Word Space on extractive text summarization.

The paper is organized as follows: Sections 2
and 3 discuss essence of the LSA technique, and the
Random Indexing technique respectively. Section 4
describes how RI can be applied for extractive
summarization. Section 5 discusses the role of near-

orthogonality and studies its impact on
summarization. The experimentations and the results
are discussed in detail. Section 6 concludes the paper.

2. Latent Semantic Anlysis

Latent Semantic Analysis is a Word Space
implementation technique built upon the
distributional information of words over a text
passage, and uses Singular Value Decomposition
(SVD); an algebraic dimension reduction technique,
to extract the contextual information between the text
units (words, sentences, or paragraphs) of the passage.
In this technique each distinct word in a document is
represented as a distinct word vector by assigning a
unary vector to each distinct word. The dimension
of each word vector is equal to the number of distinct
words in the document. Each sentence in the
document is represented by a sentence vector, which
is constructed by taking the algebraic sum of the word
vectors; each word vector is summed as many times
as the frequency of the corresponding word in the
sentence. Suppose a document consists of m distinct
words Wy, Wy, -, Wy, ;
m-dimensional unary vectors

whose word vectors are

wi=[l 00..0], wpo=1[010..0],
W, =[0 0 0 .. 0]". If the document consists of n
number of sentences $q, 57, **, S, and the frequency
of word w, in sentence 5; 18 fl.j, then the sentence vector

m
of sentence s,is given by s ; = 2 fij w;- In this way
i=1
the document can be represented as a word-by-
sentence matrix S = [El 5y En] of size

m X n. The matrix S is normalized by using the global
frequency of each distinct word in the document and

SVD is applied to the normalized matrix § . Then
all but k(k < Rank(ﬁ)) largest singular values

omitted to obtain a matrix S iR the best k-rank

approximation to § . The truncated matrix S A

captures the underlying contextual information
between the text units, i.e., words and sentences of
the document.
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3. Random Indexing

Random Indexing is an approximating technique
proposed by Kanerva et al. [11] to deal with high-
dimensionality problem of WSMs. Later Karlgren &
Sahlgren [12] and Sahlgren [13] formalized the
process of RI. In this technique each distinct word in
the document is assigned a unique and randomly
generated vector called the index vector. These index
vectors are sparse, high-dimensional, and ternary. An
index vector consists of a large number of ‘0’s and a
small number (&) of ‘+1’s. Each element is allocated
one of these values with the following probability:

+1 with probability %

0 with probability d-¢
d - (1)

2
—1 with probability %

where, d is the dimension of the index vector.

These index vectors are capable enough to
handle large Word Spaces very efficiently. For
example, in a traditional Word Space implementation
like LSA, a vector dimension of 1000 can cover a
vocabulary of 1000 words only, whereas the same
dimension of 1000 with one ‘+1’ and one ‘-1’ can
construct 999000 (1000x999) index vectors, and
hence can cover a vocabulary of 999000 (~ 10°)
words. RI thus controls the dimensionality problem
of a standard Word Space implementation to a
significant extent. In order to represent the semantics
of a document it is assumed that the intended
semantics of a word in a document can be found from
the context words of the document. This can be done
by computing the context vector for each distinct
word. Initially context vector of each distinct word
in the document is initialized to the d-dimensional
null vector. Every time a given word occurs in a
document, the index vectors for the words in its
context window are added to its context vector. For
example, if a 2+2 sized context window as

represented by [(Wp_owi_1) W (Wi Wi 42)] is
considered, then the context vector of Wy would be
updated as:

C(Wk) = I(Wk_2)+ I(Wk_1)+

C(Wk)+I(Wk+1)+I(Wk+2) -2
where, I(wy) is the index vector of the k-th word
Wy and C(wy, ) is the context vector of k-th word
Wy For illustration, consider the following sentence:
“Better to have loved and lost than never to have
loved at all”. Let the dimension d of the index vector
be 10, and the context be defined as one preceding
and one succeeding word. Then the context of ‘loved’
is ‘have’, ‘and’ and ‘at’. If ‘have’, ‘and’ and ‘at’ are
assigned random index vectors [0 0 1 00-100 0 0]
and [00001000-10],and[100000-1000]
respectively, then the context vector of ‘loved’ is
[10201-2-10-10].

Chatterjee & Mohan [14] represented the
sentences in a document by means of sentence
semantic vectors. If C(Wij) is the context vector of
the i-th word of j-th sentence and m, is the number of

words in the j-th sentence, then the semantic vector

S(s j) of the j-th sentence is computed as:

m;

1
S(sj)=——3(C0v;)-0) -0
J i=1

Here, O denotes the central theme of the
document and computed as:

1 m
0=—Y Cw;
mg (w;) (4

where, m denotes the number of distinct words in the
document, and C(w;) is the context vector of the
i-th distinct word of the document.
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4. Summarization Approach Through Random
Indexing

Based on extensive study and experiments on RI, we
suggest design specifications of a RI-based single-
document extractive text summarizer. Our proposed
model is discussed in the subsections 4.1 to 4.3.
Before being subjected to summarization, a document
is preprocessed to identify sentence end-markers and
content words”. Porter Stemming Algorithm [16] is
used to remove the common morphological and
inflectional endings from the words.

4.1. Mapping of Words and Sentences in to the Word
Space

Initially each word in the document is assigned a
unique index vector of dimension d with one ‘+1°
and one ‘-1°, the ‘“+1° being placed randomly
anywhere in the upper half, and the ‘-1’ being placed
randomly anywhere in the lower half positions. The
dimension of the index vector is determined by the
formula:

dpyr =2x [\/ No. of distinct words in the document—l >
N G))

where ( —| stands for the ceiling function. The
context vector for each word is then constructed by
considering a bi-directional window of size 2. The
context of a word is restricted within the underlying
sentence in which the word had occurred. The
windows are weighted according to the formula 2!,
where [ is the distance of the concerned word from
the focus word. The sentences of the document are
mapped into the Word Space by constructing the
semantic vectors of the sentences using Equation (3).
Only content words have been used for this purpose.

4.2. Representing the Document as a Proximity
Graph

The whole document is represented as a proximity
graph, where the nodes of the graph represent the
sentences of the document, and weighted edges
represent the proximity between sentences. The

*Content words are the key words of a sentence. They are the important
words that carry the meaning or sense.

proximity between any two sentences is calculated
using the cosine dissimilarity measure, which is
defined as:

i(,kxs )

1

=
d
2 Sik 2 S jk

k=1 k=1

Cij =1-

.. (6)

where S(sj) = (spl,spz,---,spd) is p-th sentence

semantic vector.

4.3. Summary Generation

The weighted PageRank algorithm [17] has been
used to get rid of the redundant information in the
text by removing the sentences of less importance. If
G = (V, E) be an undirected graph with the set of
nodes V and set of edges E, then the weighted
PageRank of a node v;, denoted by PR:ZI (v;) is
defined as:

PR}, (v)=(1-7)+

TXVE{V*{;\%}EE} Z @ jk
AL vkE{vj:{vj,vk}eE}

a)PR (v)

. (7
where @j; is the weight associated with the edge

(v vj) and W;; =@ j; for all i, j. Tis a parameter

chosen between 0 and 1 and set to 0.85 as per the
recommendation of Brin & Page [18]. Iterative
application of the weighted PageRank algorithm on
the proximity graph makes the node weights
converge. Once the weights converge, the nodes
representing important sentences are weighted
heavily, while the weights of the nodes representing
the sentences containing redundant or little
information do not increase in the same proportion.
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The node weights obtained are arranged in
descending order, and the sentences corresponding
to the top few nodes are extracted for generating the
summary.

5. Near-Orthogonality and its Effects on
Extractive Text Summarization

In this Section we first develop the concept of near-
orthogonality of index vectors which is a key aspect
of RI-based Word Space. We then analyze trade-off
between near-orthogonality of Word Space and
quality of the output summary in backdrop of RI-
based modelling.

5.1. Near-Orthogonality of RI-based Word Space

In comparison with LSA, RI is a radically different
way of conceptualizing the WSM. In an LSA-based
Word Space the words are represented by unary
vectors, hence any two distinct word vectors are
always orthogonal to each other. Consequently, every
LSA-based Word Space is orthogonal. On the other
hand, in an RI-based Word Space the words are
represented by random index vectors, hence there
exists some probability of two distinct index vectors
being non orthogonal to each other. The probability
depends upon the numbers d and &, denoting the
length of the index vectors and the number of ‘+1’s
in an index vector, respectively (see Equation (1)).
An RI-based Word Space is therefore termed as near-
orthogonal. Near-orthogonality of an RI-based Word
Space can be expressed in a probabilistic way in terms
of a parameter f3 as B-orthogonal, where fis an angle
between 0 to /2 radian.

Definition: B-orthogonal
Let W, be a Rl-based Word Space consisting of a
set of m index vectors [ :{11,12,...,I,n} . Let

JcI, I el/J and

Ang([,lk)—z

> 5(%‘,5)} , where

J1={IEJ:

B is an predetermined angle between 0 to — radian,

and Ang (I v k) is the angle between the index

vectors [ and /, measured in radian. The subset J is
said to be d-orthogonal to the index vector I, with

N _l
probability p, where P = | J‘ .

Therefore, the subset J contains p-|J | number

of index vectors which deviate at most by an angle

T
of (E_ B j radian from being orthogonal to the

index vector /,. These index vectors constitute the
subset J, and lie in the grey coloured region as shown
in a representative two dimensional plot (see Fig. 1).

Fig. 1: Near-Orthogonality w.r.t. an Index Vector in Two-Dimen-
sional Plane

Let W, be a Rl-based Word Space consisting

of a set of m index vectors [ ={Il,12,...,lm}.
Let
J={(Ip.1)): (It 1)) e IxT and k <1}

and

Ang(lkall)'z

r<(5-0))

‘71 :{(Ik,ll)ej:
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V4
where f3 is a predetermined angle between 0 to E
radian and Ang (I i1 l) is the angle between the

index vectors [ and I, measured in radian. The RI-
based Word Space W, is said to be B-orthogonal

!

with probability p, where p = ‘f

The Word Space Wy, is close to orthogonality
when for large f3, the value of p is large. It can be
noted that if for B = n/2 the value of p is 1, then the
Word Space is orthogonal, which, however, is never
achieved in an RI-based Word Space.

In order to study the effect of near-orthogonality
in a Word Space we carry out the following. For a
Word Space of fixed dimension d = 2k we vary the
number of ‘+1’s. We consider three cases as per
Equation (1)):

Case 1: € = 2, i.e. index vectors consisting of
one ‘+1° and one ‘-1°,

Case 2: € = 4, i.e. index vectors consisting of
two ‘+1’s and two *-1s,

Case 3: € = 6, i.e. index vectors consisting of
three ‘+1°s and three *-1’s.

The occurrence of ‘+1°s is restricted in the upper
half (positions 1 to k) and occurrence of the ‘-1’s in
the lower half (positions k+1 to 2k) of an index vector.

5.1.1. Case 1: Index vectors consisting of one ‘+1’
and one ‘-1’

In this case each index vector contains a ‘+1’ at any
of the first k places and a ‘-1’ at any of the last k
places. The RI-based Word Space constructed in this
manner can accommodate k? distinct words by

k!
kl(k—j)

combination of k things taken j at a time

*C(k, j)=

constructing k> different index vectors, out of which
C(k* , 2)* different pairs can be formed. Consider
any two distinct index vectors /, and /,, such that /|
has ‘“+1° at the i-th place and ‘-1’ at j-th place, while
I, has ‘+1” and -1” at p-th and g-th place, respectively.
One of the following two cases may occur:

(A) Either (i=pandj#¢q) or(i #pandj=
q). In this case two index vectors make an angle

V4
of ? radian. The total number of such pairs is
K? (k—1).

(B) Bothi # p andj # ¢. In this case two
index vectors are orthogonal. The total number of

|
such pairs is Ek2(k—1)2.

5.1.2. Case 2: Index Vectors Consisting of Two ‘“+1’s
and Two “-1’s

In this case each index vector contains two ‘+1’s at
any of the first k places and two ‘-1’ in any of the last
k places. The RI-based Word Space constructed in
this manner can accommodate (C(k, 2))? distinct
words by constructing (C(k, 2))? different index
vectors. Out of these index vectors C((C(k, 2))?, 2)
different pairs can be formed. Consider any two
distinct index vectors say, I, and I,. Let [, has ‘+1’s
at i -th and i,-th places (i;< 1)), *-1’s at j -th and j,-th
places (j,<j,), and I, has “+1’s at p -th and p -th places
(p;<Pp,), -1’s at g,-th and g,-th places (¢,< g,). One
of the following four cases may occur:

(A) Any three (but not more) of i, i), j, and j,
are equal to any three of pj, p2,q1 and g5 . In this
V2

4.3468

radian. The total number of such pairs is 2(k — 2) x
(C(k, 2))2.

case two index vectors make an angle of

(B) Any two (but not more) of i, i,,j, and j,
equal to any two of p1, pp,q] and g7 . In this case

. V4 .
two index vectors make an angle of — radian. The
3
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total number of such pairs is (C(k — 2, 2) + 2(k — 2)?)
x (C(k, 2))>.

(C) One and only one of i, i,, j, and j, equals

to any one of pi, pp,q) and g . In this case two

V4
index vectors make an angle of e The total

number of such pairs is 2(k — 2) x C(k — 2, 2) x
(C(k, 2))*.

(D) None of i, iy, j, and j, equals to any of
P1. P2-q] and g5 . In this case two index vectors are

orthogonal. The total number of such pairs is

%(C(k ~2,2))? x(C(k.2))*.

5.1.3. Case 3: Index Vectors Consisting of Three ‘+1’s
and Three *-1’s

In this case each index vector contains three ‘+1’s at
any of the first k places and three ‘—1’ in any of the
last k places. The RI-based Word Space constructed
in this manner can accommodate (C(k, 3))? distinct
words by constructing (C(k, 3))? different index
vectors. Out of these index vectors C((C(k, 3))3, 2)
different pairs can be formed. Consider any two index
vectors say, I, and I,. Let I, has ‘+1’s at i -th, i,-th
and i,-th places (i, <i, <i,), -1’s atj -th, j,-th and j-
th places (j, <j, <J5), and I, has “+1’s at p,-th, p,-th
and p,-th places (p, < p, < p;), -1’s at g,-th, g,-th
and g,-th places (¢, < g, < q,). One of the following
SiX cases may occur:

(A) Any five (but not more) of i,, iy, is, j;, j,
and j, equal to any five of p,, p,, p5, q;, g, and g;. In

this case two index vectors make an angle of s 364

radian. The total number of such pairs is 3(k — 3) x
(C(k, 3))%.

(B) Any four (but not more) of i,, i,, i, j;, j,
and j, equal to any four of p,, p,, p;, 4, g, and g,. In

this case two index vectors make an angle of
3.7352

1
radian. The total number of such pairs is 5

(6C(k -3, 2) + 9(k — 3)>) x (C(k, 3))°.

(C) Any three (but not more) of i,, iy, is, j J,

and j, equal to any two of p,, p,, p5, 4, q, and g;. In
. . ﬂ'
this case three index vectors make an angle of ;

radian. The total number of such pairs is (C(k — 3, 3)
+9(k-3)x Ck -3, 2)) x (C(k, 3))2.

(D) Any two (but not more) of i, i,, I3, J15J> and
J» equal to any two of p,, p,, p, 4, q, and g,. In this

case two index vectors make an angle of
2.5521

1
radian. The total number of such pairs is 5 (6(k-3)
x Ck—3,3) + 9(C(k - 3, 2))> x (C(k, 3))%.

(E) One and only one of i,, iy, i3, j;, j, and j,
equal to any one of p,, p,, ps, q,, g, and g,. In this

case two index vectors make an angle of
2.2386

radian. The total number of such pairs is 3C(k - 3, 2)
x C(k -3, 3) x (C(k, 3))%.

(F) None of i , i,, i5, j,»j, and j, equal to any of
P1> Py P3» 43> 4, and g5 In this case two index vectors
are orthogonal. The total number of such pairs is

1
5 (C(k -3, 3)> x (C(k, 3))°.

The Figs. 2, 3 and 4 graphically depict the effect
of dimension of index vectors on B-orthogonality of
Word Space. Irrespective of the dimension of index
vector, the Word Spaces of Case 1, Case 2 and Case

T

5.364

orthogonal repetitively with probability 1. For a fixed
dimension d, orthogonality in Case 1 (where €= 2) is
achieved with highest probability and the probability
of orthogonality decreases as € increases. But for a

3are % -orthogonal, g -orthogonal and
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Fig. 2: Near-Orthogonality of RI-Based Word Space with One ‘+1’ and One ‘-1’

Fig. 3: Near-Orthogonality of RI-Based Word Space with Two ‘+1’s and Two ‘-1’s



Near-Orthogonality of Random Index Vectors 215

Fig. 4: Near-Orthogonality of RI-Based Word Space with Three ‘+1’s and Three ‘-1’s

Table 1: Performance comparison of RI-Based Summarizer across different Word Space types (Minimum dj, is chosen to
accommodate the Word Space)

Extraction Case 1 Case 2 Case 3
level
Sentence  Sentence F-Score Sentence  Sentence  F-Score Sentence  Sentence F-Score
precision recall precision recall precision recall
10% 0.64 0.15 0.24 0.56 0.13 0.21 0.57 0.13 0.21
25% 0.57 0.33 0.42 0.52 0.29 0.37 0.47 0.28 0.35
50% 0.52 0.60 0.56 0.51 0.58 0.54 0.50 0.58 0.54

Table 2: Performance comparison of RI-Based Summarizer across different Word Space types (For all three Cases d,, is fixed
by using Equation (5))

Extraction Case 1 Case 2 Case 3 Orthogonal Unary Vectors
fevel Sentence Sentence F-Score Sentence Sentence F-Score Sentence Sentence F-Score  Sentence Sentence F-Score
precision  recall precision recall precision recall precision recall
10% 0.64 0.15 0.24 0.63 0.14 0.23 0.61 0.14 0.23 0.65 0.15 0.24

25% 0.57 0.33 0.42 0.56 0.32 0.41 0.53 0.31 0.39 0.59 0.34 0.43

50% 0.52 0.60 0.56 0.52 0.59 0.55 0.52 0.59 0.55 0.52 0.60 0.56
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smaller value of &, one has to select a very large d to
accommodate all the words of a large document and
if one prefers for a small d to accommodate the same
document, a higher value of €is to be chosen. Hence
there is a trade off between parameters € and d of
index vectors and B-orthogonality of Word Space.
The question therefore arises how this trade off affects
the quality of summaries of RI-based extractive
summarizer. Section 5.2 deals with this issue in detail.

5.2. Effect of Near-Orthogonality on Extractive Text
Summarization

To study the effect of near-orthogonality on the
performance of RI-based summarizer, 59 documents
were selected from DUC 2002! corpus. Each
document of DUC 2002 corpus is accompanied by
two different abstracts created manually by
professionals. For each abstract so created we made
a corresponding extract summary, and then formed
the union of these two extracts to create the
‘reference’ summary of the document. The candidate
summary of the document obtained by our
summarization technique was compared with the
reference summary and sentence precision, sentence
recall and F-score [19] were computed. The average
scores of all 59 documents are presented in Tables 1
and 2. Table 1 highlights the quality of the extractive
summary for different RI-based Word Spaces as
discussed in Case 1, Case 2 and Case 3. For Case 1,
in each document is derived using Equation (5). For
Case 2, the dimension of index vector for each
document is determined using Equation (8) below:

dgr =

2 ’70.5 (1 + \/ 1+ 8\/ No. of distinct words in the document )—‘

. (8)

For Case 3, for each document the dimension
of index vector dp, is the real root of the Eq. (9):

'Document Understanding Conference, 2002, http://www-nlpir.nist.gov/
projects/duc/data.html

x3 —3x2 +2x—

6\/ No. of distinct words in the document = 0
.9

In fact dy, is the minimum dimension that is
required to accommodate all the distinct words in
the document in the respective cases. From the
Table 1 it is very clear that the performance of RI-
based summarizer in 10% and 25% category is much
better in Case 1 as compared to Case 2 and Case 3;
but in 50% category all three are very close. The
average value of d,, over all 59 documents in Case
1, Case 2 and Case 3 Word Spaces are 32, 14 and 12
respectively. Hence on an average the Word Spaces

V4
in Case 1 are ; -orthogonal with probability 1 and

orthogonal with probability 0.8824; Word Spaces in

V4
Case 2 are ; -orthogonal with probability 0.9545
and orthogonal with probability 0.2273; and the Word

Vs
Spaces in Case 3 are ? -orthogonal with probability
0.7068 and orthogonal with probability 0.0025.

To examine, how the performance of the RI-
based summarizer changes with better orthogonality/
near-orthogonality in Word Spaces the values d, for
Case 2 and Case 3 were increased to that of in
Case 1. Now on an average Word Spaces in Case 2

are -orthogonal with probability 0.9961 and

orthogonal with probability 0.5751; and the Word

V4
Spaces in Case 3 are ; -orthogonal with probability

0.9934 and orthogonal with probability 0.2608. A
significant improvement in performance of the RI-
based summarizer was noticed, which is tabulated in
Table 2. Still RI-based summarizer in Case 1 leads
the Table with Case 2 and Case 3 being in close
second and third positions respectively.

Table 2 also shows the performance of the RI-
based summarizer where instead of random index
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vectors, orthogonal unary vectors were considered
to build up the context information in the Word Space.
In this case the Word Space is orthogonal with average
word vector length 243. However, performance of
this summarizer is almost at par with the RI-based
summarizer in Case 1 which is orthogonal with
probability 0.8824 with average index vector length
32.

6. Conclusions

This paper explores a significant aspect of the RI-
based Word Space; i.e. near-orthogonality. We
formulated a definition for near-orthogonality for RI-
based Word Spaces. In fact this definition can be
applied to any other type of Word Spaces. We
compared the near-orthogonality in RI-based Word
Spaces by varying the number of ‘+1’s and dimension
of the index vectors. Also we compared the
performance of the RI-based summarizer across these
Word Spaces. Our experiments reveal that, the RI-
based summarizer performs best when random index
vector with one ‘+1’ and one ‘-1’ is considered. In

V4
this case the Word Space is ? -orthogonal with

probability 1. Construction of Word Space with index
vectors having more numbers of ‘+1’s and one ‘-1’s,
requires choosing such a dimension for the index

Vs
vectors such that the Word Space should be g—

orthogonal with probability more than 0.99. This will
ensure a high-quality performance of the RI-based
summarizer.
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