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Abstract

Automatic text summarization is important in today’s information age where vast amount of
information are produced for consumption. The case of Ethiopia is not an exception. The country has
seen steady growth in digital content, ready for consumption by the mass. Compared to other
international languages, text summarization works in Ethiopia’s local languages in general and the
Ambharic language in particular, can be said to be in their early stages of development. In this regard,
more work should be carried out to meet present and future needs of the availability of high quality

information that needs to be extracted from large collections of data in a timely manner.

This thesis investigates the problem of building a concept-based single-document Amharic text
summarization system. Because local languages like Amharic lack extensive linguistic resources, we
propose to use statistical approaches called topic modeling to create our text summarizer. The
proposed algorithms are language and domain independent and hence can also be used for other local
languages. More specifically, we propose to use the topic modeling approach of probabilistic latent
semantic analysis (PLSA).

We show that a principled use of the term by concept matrix that results from a PLSA model can
help produce summaries that capture the main topics of a document. We propose six algorithms to
help explore the use of the term by concept matrix. All of the algorithms have two common steps. In
the first step, keywords of the document are selected using the term by concept matrix. In the second
step, sentences that best contain the keywords are selected for inclusion in the summary. To take
advantage of the kind of texts we experiment with (news articles) the algorithms always select the

first sentence of the document for inclusion in the summary.

We evaluated the proposed algorithms for precision/recall for summaries of 20%, 25% and 30%
extraction rates. The best results achieved are as follows: 0.45511 at 20%, 0.48499 at 25% and
0.52012 at 30%. We also compared our systems with previous summarization methods that have
been developed for other languages based on topic modeling approaches using our Amharic data set.
Our results show that the proposed algorithms perform better at all extraction rates.

Keywords: Amharic Text Summarization, Keyword Approach, Probabilistic Latent Semantic Analysis.



Chapter 1. Introduction

1.1. Background

People in various areas have become increasingly exposed to vast amount of information. Their
work usually involves filtering the main substance out of large amount of potentially relevant
information. However, given the reality of time constraint to process the available information
and make the best out of it, it is very wise to think of computer assisted automatic text

summarization as a solution.

In Ethiopia, currently, there is huge amount of digital data being available in Amharic. Many
organizations and individual users are in need of efficient Amharic text processing tools like
retrieval, classification and summarization systems. Access to automatically produced quality
summaries helps in increasing organizational/personal productivity by supporting timely

information access.

The beginnings of automatic text summarization dates back to 1958 in Luhn’s work (Luhn
1958). Currently, two types of summarization techniques are employed: abstractive and
extractive (Jones 2007). Abstractive summarization tries to convey summarized information by
taking the ideas from the most important sections of the document and paraphrase it, possibly
including new words that did not appear in the original document. However, text summarization
in this manner involves natural language understanding and generation systems and these are yet
developing fields. Extractive text summarization systems try to identify those sentences that are
considered most important to the user and present it as they are. It is this technique that has
found the most attention in summarization research than the abstractive one. This work focuses

on extractive summarization techniques.

Summarization can also be classified into single-document and multi-document summarization.
In single-document summarization, we generate summary of only one document. In the case of

multi-document summarization, summary is generated for a collection of documents. These



documents can, for instance, be the output from a search engine. In this thesis, we have

experimented with single-document summarization.

Text summarization techniques range from shallow statistical analysis to deep linguistic
techniques. Common ones include simple statistical methods such as the ones based on term
frequency, graph-based approaches and more recently machine learning approaches such as
support vector machine (SVM) and latent semantic analysis (LSA) (Jones 2007).

Various research works in English document summarization have shown that systems that use
some form of conceptual analysis achieve higher scores in general when compared to systems
that do not (Jones 2007). A number of works exist that apply concept-based approaches to
summarization of English documents. Steinberger et al. (Steinberger et al. 2007) make use of
anaphoric resolution and LSA to build their text summarization system. They compare their
work with the Document Understanding Conference® (DUC 2002) evaluation results and achieve
the second best score. Harabagiu and Lacatusu (Harabagiu and Lacatusu 2002) participated in
the DUC 2002 single and multi-document summarization tasks by using a number of language
specific features such as named-entity recognizer, phrasal parser and entity co-reference. They
were among the top two teams in the overall evaluation scores of the summarization tasks.
Hennig (Hennig 2009) applies probabilistic latent semantic analysis (PLSA) to query focused
multi-document summarization. Their system outperforms the best systems of DUC 2006.

A number of works have been done on the summarization task of Amharic documents. However,
all but one of these works (see for example Kamil 2004; Abraham 2007; Teferi 2005) are not
concept-based. Kamil (Kamil 2004) and Abraham (Abraham 2007) employ surface level
statistical features to summarize Amharic text. Teferi (Teferi 2005) uses Naive Bayes machine
learning approach based on four features (presence of title words, location of sentences in the
document, presence of cue words and presence of thematic or highly frequent words). Melese
(Melese 2009) has used an LSA approach to address this gap to single-document summarization.
However, LSA has a drawback, namely its unsatisfactory statistical foundations (Hofmann

1999b). The development of a high performance summarizer is quite a challenging task.

L www-nlpir.nist.gov/projects/duc



Effective concept-based solutions need to be applied to provide satisfactory solutions to this

problem.

The main aim of this thesis work is to build upon previous Amharic text summarization works.
We do this by investigating the application of language independent statistical methods called
topic modeling for concept-based single-document Amharic text summarization. The topic
modeling approaches we investigate are LSA, PLSA and latent Dirichlet allocation (LDA).

LSA is an automatic algebraic-statistical technique that can be used to extract and represent the
contextual usage of words’ meanings in textual documents (Steinberger 2007). The method first
constructs a term by sentence matrix. Then, singular value decomposition (SVD) is applied to the
matrix. This results in the derivation of the latent semantic structure of the document represented
by the matrix. This is equivalent to breaking the original document into a number of linearly
independent base vectors that express the main topics of the document. SVD enables terms and

sentences to be clustered on a semantic basis rather than on the basis of words only.

As mentioned previously LSA has a number of drawbacks mainly due to its unsatisfactory
statistical foundations. LSA assumes that words and documents form a joint Gaussian model.
However, the observed distribution is Poisson (Roelleke 2003). Probabilistic latent semantic
analysis (PLSA), which is the statistical version of LSA, is based on a multinomial model. PLSA
and is reported to give better results than standard LSA (Hofmann 1999b; Bhandari et al. 2008).
LDA is also a probabilistic topic modeling approach like PLSA. It further improves upon PLSA
and has shown performance gains over PLSA in information retrieval experiments (Blei et al.
2003).

1.2. Objectives

The general and specific objectives of the research are described below.



1.2.1. General Objective

The general objective of the research is to investigate the application of concept-based

approaches to Amharic document summarization and propose an improved system.

1.2.2. Specific Objectives

With the aim of achieving the general objective of the study, the following specific objectives are
identified:

e Conduct literature review on the various ways of using concept-based approaches to
document summarization and in particular the topic modeling approaches of LSA, PLSA,
and LDA.

e Propose concept-based summarization algorithms that are language and domain
independent.

e Develop a prototype Amharic text summarization system based on the proposed
algorithms.

e Evaluate the performance of the developed summarization system.

1.3. Methodology

The solution strategy to be adopted for the research is described as follows.

1.3.1. Literature Review

Extensive literature review will be conducted on concept-based approaches that could be used
for Amharic document summarization. Particular focus will be given to techniques of topic
modeling and summarization works that use these statistical methods. Existing Amharic

document summarization systems will also be reviewed thoroughly.



1.3.2. Data Collection

Data necessary for the purpose of experimentation will be acquired after assessing the different
options that are available. Some of the options include online news paper articles, news sites and
media organizations such as news agencies. After the data is collected, it will be annotated and
given to three independent human evaluators. The human evaluators will generate model

summaries against which the system will be evaluated.

1.3.3. Design and Implementation

After literature review has been carried out and based on the identified research problem, we try
to design the summarization algorithms. The Java programming language with the NetBeans®
environment will be used to help code the summarizer. We also carry out parallel
implementations of our algorithms with Matlab to validate our implementations of the algorithms
with Java. Matlab is preferred since it can compactly represent calculations that take quite a

number of lines in other programming languages.

1.3.4. Experimental Evaluation

In order to test the performance of the developed system, it will be compared with manual
summaries generated by the human. The summary generated by the prototype system will be
evaluated using precision, recall and F-measure. We also plan to implement text summarization
algorithms from the literature and compare their performance with the algorithms that we

propose.

1.4. Expected Contributions

We believe that the outcome of the research is crucial in many respects
e It enhances existing approaches that do not follow conceptual analysis to Amharic text

summarization.

2 http://www.netbeans.org



e |t contributes towards the realization of robust Amharic summarization systems which
should ultimately benefit from the principles of conceptual analysis.

e Various organizations/individuals benefit from the resulting research work which can be
considered as a step towards producing high-performance Amharic text summarization

system.

1.5. Thesis Outline

This thesis is organized in five chapters. Chapter 2 presents a detailed discussion of the literature
concerning text summarization. The chapter discusses basic notions of text summarization, how
automatically generated summaries are evaluated, discusses three topic modeling techniques
(LSA, PLSA and LDA), reviews approaches to text summarization systems and finally states the
research problem of the thesis. Chapter 3 presents the proposed system for single-document
Amharic text summarization. In Chapter 4, we discuss the design of the experiments carried out
and also present the results along with discussions of the outcome. Finally, Chapter 5 gives
conclusion to the work carried out and tries to suggest future directions for further research.



Chapter 2. Literature Review

This chapter discusses state-of-the-art in the field of automatic text summarization. Basic notions
of text summarization such as summary types and stages of automatic text summarization are
discussed in section 2.1. All automatic systems need some form of evaluation. In light of this,
section 2.2 discusses two of the widely used objective evaluation measures for text
summarization systems, co-selection and content-based summary evaluations. Section 2.3
focuses on the three state-of-the-art dimensionality reduction methods, LSA, PLSA and LDA.
Although these methods use pure lexical methods for topic identification, they have very
competitive performance when compared to other summarization systems that employ elaborate
linguistic knowledge/features. They are particularly attractive because they are language and
domain independent. Section 2.4 discusses various approaches to text summarization. More
focus is given to approaches that use topic modeling (latent variable models) as they are the
focus of our work. Finally, section 2.5 describes the gap identified and the research problem of
the thesis.

2.1. Basic Notions of Text Summarization

The first automatic summarization system was invented by (Luhn 1958). It was in the hope that
automatic summaries that are generated without requiring the expensive intellectual efforts of
human beings would greatly help in quickly satisfying the information needs of a user. Mani
(Mani 2001) defines summarization as taking an information source, extracting content from it,
and presenting the most important content to the user in a condensed form and in a manner
sensitive to the user’s or application’s needs. Since Luhn’s pioneering work, the field of
automatic text summarization has grown to a much richer field, with different system approaches

and summarization tasks. This section provides introductory material on text summarization.



2.1.1. Types of Summarization

Automatic text summarization can be categorized into a number of classes such as abstractive
and extractive, generic and query-based or single document, multi-document and update

summarization. Each of these classes can be combined to define a summarization task.

Abstractive and Extractive

When humans are asked to create a summary for a given document, they typically form
abstractive summaries. An abstractive summarization process is summarization where the
summarizer (human or system) extracts the most important points of a document and presents the
information by applying the necessary modifications to the original sentences of the document to
produce a coherent and readable text (Radev et al. 2002). Abstractive summarization is typically
characterized by using a number of new words not present in the original document. In contrast,
extractive summarization is characterized by the selection of whole sentences from the document
to be summarized such that they would contain the main points of the document (Radev et al.
2002).

Generic and Query-based

Generic text summarization creates summaries that provide an overall sense of the document’s
contents (Gong and Liu 2001). This amounts to selecting contents that correspond to the main
topics of the document. Creating a generic text summarization system can be regarded as
extracting information from the document that the author considers the most important (Bosma
2008). Query-based summarization focuses on a user of information than the author of the
document in that it generates summary based on the user’s need. The user’s information need is
basically provided in the form of query. Query-based summarization has become especially
important as the amount of information online is growing exponentially (Carbonell and
Goldstein 1998).

Single Document, Multi-document, and Update Summarization
The sources of documents can be a factor to decide which of the three types of summarization is

performed. If a user is interested in only the contents of a single document, perhaps consisting of



a number of pages, we have single document summarization. However, a user may not be able to
get his information needs from a single document. If a user wants comprehensive information on
a certain topic, it is quite likely that a single document would not provide all the required
information. In such a case multiple documents selected by the user would be given to a multi-
document summarization system. In case the user wants to update the information that s/he has,
say at a later date, with a new set of documents, then this task should be performed by an update
summarization system. The update summarization system is assumed to have access to the
previous set of documents summarized for the user. Update summarization task has been
introduced in year 2008 of the Text Analysis Conference (TAC) organized by NIST. Multi-
document summarization (update summarization) is more complex than single-document
summarization (Jones 2007). Many issues that do not appear in single-document summarization
become crucial in multi-document summarization, some of the challenges being avoiding

redundancy and ordering of sentences in the final summary.

2.1.2. Stages of Automatic Text Summarization

Researchers in automatic text summarization have identified three stages: topic identification,
interpretation and summary generation (Hovy and Lin 1999; Hovy 2005). Each of the three

stages is performed sequentially in the given order above to create a summary.

Topic identification involves the identification of central or important topics from the document
to be summarized. This stage should decide the units that represent the topics of the document.
This could be words, phrases, sentences or larger units such as paragraphs. After identification of
these units, the next step is scoring the units based on their importance. Finally, the top scoring

units are selected to represent the important topics of the document.

The interpretation stage involves the analysis of the topics to understand how they are related,
such as interpreting some concepts as encompassing some others (Hovy and Lin 1999). This
stage is necessary because listing out text units that resulted from the topic identification stage
will not form a good summary. An abstractive text summarization system should perform this

step as opposed to an extractive system which does not include this step. By definition, an



extractive summarizer does not modify the original sentences of the document in ways that are
required at this stage. This stage necessitates important steps such as concept fusion and

evaluation.

The generation phase accepts the output of the interpretation stage. Output from the
interpretation stage is generally made from bits and pieces of information that have been
discovered at that stage and hence need further processing before being presented to humans.
The generation phase is responsible for combining this information to create a coherent and

readable output.

2.2. Summary Evaluations

Different approaches exist to evaluate the performance of automatic text summarization systems.
We follow the classification scheme of (Radev et al. 2003; Steinberger 2007). The authors
classify the evaluation approaches into the broad categories of intrinsic and extrinsic (task-
based). The intrinsic evaluation involves assessing the quality of a summary by comparing it to
an ideal summary (summary produced by humans). The extrinsic evaluation involves assessing
the quality of a summary by applying it to a certain task such as document categorization,

question answering or information retrieval.

The intrinsic evaluation of text summaries can be of two types: text quality evaluation and
content evaluation. Text quality evaluation involves assessing the system summary for various
linguistic features such as grammatical correctness, non-redundancy, referential clarity, and
structure and coherence. The most widely used approach for summary evaluation is the content
evaluation approach. There are two types of content evaluation approaches: co-selection and
content-based. Co-selection evaluation methods are suitable for summaries produced by sentence
selection from the document to be summarized and where the ideal summaries are made from
sentence extracts from the original document. These include precision, recall and F-measure.
Content-based measures are suitable for comparing system summaries with human abstracts that
may contain new words that are not found in the original document. However, they can still be

used to evaluate summaries where the ideal summaries are extract-based. Content-based
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measures include cosine similarity and ROUGE. Co-selection and content-based evaluations are
discussed in some detail in the following subsections as they are the most relevant ones to our

work.

2.2.1. Co-selection Summary Evaluations

Co-selection evaluation measures are borrowed from information retrieval. They are defined as
follows (equations 2.1, 2.2 and 2.3) (Nenkova et al. 2006; Steinberger 2007).

Recall (R) gives the fraction of sentences that the system has chosen from the totality of

sentences found in the ideal summary.

_ |system and human choice overlap|

21
|sentences chosen by human| (21)

Precision (P) measures the fraction of system summaries that are correctly chosen.

_ |system and human choice overlap|

|sentences chosen by system| (22)

F-score (F) is the harmonic mean of recall and precision.

_2*P*R

P+R (23)

The co-selection methods discussed here are perhaps the simplest of all evaluation measures.
This simplicity comes at a price though. The main problem is the difficulty in accounting for
variations in what humans consider ideal summary sentences. Human summarizers do not often
agree on what constitutes an ideal summary (Donaway et al. 2000). Thus, a summarization
system may select good sentences but get low scores based on these evaluation measures. This
can be mitigated by having more than one human summarizer generate an ideal summary and

using the resulting ideal summaries in a number of different ways such as majority voting,
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intersection or average of results of evaluation measures obtained from each of the ideal
summaries. Numerous content-based measures, such as the cosine similarity and ROUGE, have
been proposed to improve upon the drawback of co-selection measures.

2.2.2. Content-based Summary Evaluations

Content-based measures enable to evaluate summaries that may not contain exact sentences as
the ideal summaries. Exactness would be overly restrictive because two sentences might be

written differently but contain more or less similar information.

Cosine Similarity

The cosine similarity uses the vector space model to represent both the system and ideal
summaries (see next section for discussion of the vector space model). The axes of the vector
space are words contained in either summary. Hence, a summary can be represented as a point in
this vector space. To compare the similarity of two summaries, one measures the cosine of the
angle between the vectors that represent the summaries. If we represent the system summary by

S and the ideal summary by I, the cosine similarity between the two is given by

cos(S,1) = 2 Sic I (24)

(Z50 + [0’

ROUGE

ROUGE stands for Recall-Oriented Understudy for Gisting Evaluation. It uses n-gram co-
occurrence statistics for summary evaluations and has shown to correlate well with human
evaluations (Lin 2004). It has now become the most widely used evaluation measure. There are a
number of measures that are defined by the ROUGE package such as ROUGE-n, ROUGE-L and
ROUGE-SU4.

ROUGE-n, where n is a positive integer, is given by equation 2.5 below
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ZS e {Reference Summaries} Zgramn €S Countmatch (gramn)
ZS e{Reference Summaries} Zgramnes Count(gramn)

(2.5)

Here, n stands for the length of the n-gram used and Count(gram,) stands for the maximum

number of n-grams co-occurring in a candidate summary and a set of reference summaries.

2.3. Dimensionality Reduction

This section discusses the state-of-the-art statistical techniques that are used for dimensionality
reduction. These statistical techniques and their extensions have become very popular in a
number of areas like information retrieval, sentiment analysis, collaborative filtering, text
categorization, and text summarization. Due to time limitations, our treatment will be restricted
to discussions of latent semantic analysis (LSA), probabilistic latent semantic analysis (PLSA)
and latent Dirichlet allocation (LDA). There are many more new models that improve upon these
such as the correlated topic model (CTM) (Blei and Lafferty 2005) and pachinko allocation
(PAM) (Li and McCallum 2006). Except LSA, all statistical techniques mentioned here are
called probabilistic topic models.

2.3.1. Vector Space Model

We will start with a discussion of the vector space model (VSM) (Salton et al. 1975) which is the

starting point for LSA.

VSM was first introduced for use in information retrieval. It is a means of indexing documents
based on term frequencies. It starts with identification of unique indexing terms. These terms are
usually filtered with a list of stop-words (words that occur in many documents and hence are
statistically unhelpful to estimate importance of a document). Each unique term serves as a
single dimension, resulting in an m-dimensional space, where m is the number of unique terms.
A document can then be represented by means of co-ordinates of a point in this space. The co-
ordinates for a document are actually the frequencies of the words (terms) that it contains. This
space can also be represented by an m x n matrix where n refers to the number of documents.

Once we have this representation, the next step is term weighting. Term weighting is necessary
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to indicate the importance of a term in representing a document. A widely used weighting
scheme is the tf-idf (term frequency, inverse document frequency). This gives us a representation
of each document by a vector of terms where each term is associated with a weight wy,

determined as given in equation 2.6 below

Wy, = tfie % log <nﬁ) (2.6)

k

where tf;, is the number of occurrences of term T) in document D;, N is the number of
documents in a given collection, and n; represents the number of documents containing term
T,. Because terms that appear in many documents do not usually contribute in discriminating
against documents, the idf score is introduced. The idf score gives less weight to terms that
appear in many documents. Similarity of a query to a document or similarity of documents with
one another is calculated by the use of cosine similarity (see equation 2.4). Note that because
VSM and the other latent variable models were introduced for information retrieval, we often
talk of a term by document matrix. For text summarization, this usually becomes a term by

sentence matrix.

2.3.2. Latent Semantic Analysis

Although VSM has been successfully used in modern Internet search engines, it has drawbacks.
These problems have been investigated at length by the inventors of LSA (Deerwester et al.
1990). Its problems come as the result of the high dimensionality associated with the model. A
VSM with m indexing terms is m-dimensional. This leads to reduced performance of an
information retrieval system based on VSM. The reduced performance comes as a result of the
phenomena of synonymy and polysemy in natural languages. Synonymy refers to two words
having the same/similar meaning while polysemy refers to a word that could be used in different
contexts with different meanings. The problem with VSM results from the fact that it indexes
documents by words that are found only in the document. A simple example can illustrate why
indexing in this way can lead to reduced performance. Let us say we have four documents A, B,
C and D and a user query Q. Document A is about information retrieval and contains the word

retrieve. Document B is about information retrieval and does not contain the word retrieve but
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contains the word access. Document C is also about information retrieval and contains both of
the words retrieve and access. Document D is not about information retrieval but about
retrieving lost documents from formatted hard disks and contains the word retrieve. Q is a user
query represented by information retrieval. When the user searches with his query, Q, only
documents A, C, and D are returned because they contain the matching word retrieval. The
problem of polysemy has resulted in document D being returned, while the problem of
synonymy has prevented document B from being returned. This shows that document B should
have been indexed not only by the word it contains, access, but also by the word retrieve, which
has similar meaning with the former word in this context. Document D should have been indexed
by additional terms that give it a representation far away (e.g. measured by cosine similarity)
from the rest of relevant documents based on the terms it contains. This gives us a representation
of documents by their meaning, concept or topic. Such a space can thus be called a semantic

space.

The authors of LSA proposed an approach to automatically index documents in a semantic
space. The method they use is a statistical method. It makes use of only co-occurrence counts
(co-occurrence refers to a word occurring in a document with another word) obtained from the
VSM model. We can use the above example to illustrate the basic method. Documents A, B and
C are all related and talk about the same subject (topic or concept), identified by the presence of
words access and retrieval. Because both access and retrieval occur in document C which is
about information retrieval, we add the words access and retrieval to all documents that talk
about information retrieval that do not contain the words; in our case documents A and B. Thus
querying with Q should now return document B.

LSA achieves such form of semantic indexing by the use of singular value decomposition
(SVD), a technique from linear algebra. The authors point out that SVD is not limited to
discovering simple pair-wise correlations, as illustrated by the above simple example. It is able to
discover implicit higher-order structures in the association of terms with documents. The method
is termed latent because these correlations are hidden from the original VSM representation
model. What SVD does is find a subspace (called latent semantic space or simply latent space) in
the original VSM space, where the subspace now has less number of dimensions but captures
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most of the variance of the original data (Blei et al. 2003). This can be achieved by following
these iterative steps. Start with an axis from the original VSM space and rotate it so that it is
aligned to portion of the data where the variance is greatest. Next, find a new axis that is
perpendicular to the first axis and orient it in a direction where it aligns with the greatest data
variance available. The second step is repeated until we come up with a set of axis that can
account for a majority of the variance of the original data. We end up with only a few
dimensions, say 20% of the original, for indexing. The remaining dimensions of the new
subspace are discarded because they tend to model noise in the data or randomness rather than a
pattern. The remaining dimensions now represent the previously hidden major statistical patterns
in the original data. In the words of (Deerwester et al. 1990), roughly speaking, these factors may
be thought of as artificial concepts; they represent extracted common meaning components of

many different words and documents.

We now describe the technical details of SVD. SVD starts with an m %< n matrix A. A represents
the data from a VSM space. m represents the number of unique terms and n the number of
documents. Thus, a column in this matrix represents the co-ordinates of a document in a VSM
space where the axes represent terms of the document. Alternately, if we create a VSM space
where the axes represent the documents, then the rows of A represent coordinates of a term in

this space. SVD decomposes matrix A it into three matrices U, VV, and X

A=UzVT (2.7)

Uis an m x ¢ matrix, £ ac %X ¢, and V an n x ¢ matrix. ¢ represents the number of artificial
concepts, where ¢ = n.The columns of U are called left singular vectors while the columns of V
right singular vectors. X is a diagonal matrix and its values are called singular values. If the
singular values of X are ordered in decreasing order, matrix A will have a unique set of singular
values (though the matrices U and V are not). Both of the singular vectors form orthonormal
vectors (vectors which are of unit length and perpendicular to each other). These orthonormal
vectors are actually the axes of the new subspace. Let us see how we transform the data matrix A

using these vectors.
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If we start with a VSM where the axes are terms, we use the transformation of the matrix A via
the left singular vectors to arrive at a concept by document representation. To get the required
transformation expression, we simply multiply each side of equation 2.7 by UT and get UTA =
2 VT. The rows of UTact upon the columns of A to come up with new coordinates for the original
documents of A. The new coordinates of the documents are now represented by columns of the
matrix £ VT. The singular values in I represent the importance of the concepts that correspond to
the rows of VTas determined from the original data. Importance, as discussed above, is
measured by the greatest variance (signal) in the data. Thus, VT represents the un-scaled concept
by document matrix. The scaling factors are the singular values represented by X. A similar line
of argument leads us to conclude that U represents the un-scaled term by concept matrix. As a
final step, concepts that have corresponding low singular values must be discarded. This can be
achieved by setting the singular values that correspond to these concepts to zero. Hence, we now
have a reduced representation of 4, A’ given by equation 2.8 below

Apxn =U Lo Zho Vi (2.8)
¢’ in equation 2.8 is the number of significant (dominant or useful) concepts that have been
retained so as to preserve the essential statistical features for various tasks like summarization,
retrieval, and classification. While the original matrix A is sparse, i.e. has many zero entries, the
new matrix A’ is not. The zero entries of matrix A correspond to the absence of terms which
should have been present in the original matrix for indexing. In the information retrieval example
discussed above, this corresponds to documents A and B which should have included both of the

terms access and retrieval to enable accurate document retrieval.

The discussions so far have focused on finding reduced dimensional representations of
documents that are found in the original document collection. But we need to be able to represent
new documents or queries in the latent space. The reason is that queries can then be compared to
the existing documents in a reliable manner. The procedure that we follow to find representations
for queries in the latent space is called “folding-in” or “projection”. If we have a query Q with
the following term counts, Q = [t; t, ... t,,]7, then the reduced dimension representation for the

query becomes g = QT U’ (Deerwester et al. 1990). The folding-in process simply starts with the
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VSM representation of the query Q = [t; t, ... t,,]7 and projects it using orthogonal projection
onto the subspace representing the latent semantic space. This amounts to finding the coordinates
of g, along each axis of the subspace that represents the artificial concepts, by computing the

magnitude of the vector represented by Q along each of the directions of the artificial concepts.

2.3.3. Probabilistic Latent Semantic Analysis

PLSA and LSA are similar in that they perform dimensionality reduction. Their difference lies in
the manner in which they achieve the dimensionality reduction. LSA relies on SVD. SVD
discovers a subspace of a matrix representing a VSM model by minimizing the sum of squared
distances between the data points and a given set of orthonormal vectors. This is equivalent to
making the assumption that words and documents form a joint Gaussian distribution (Hofmann
1999b). This Gaussian distribution assumption is the drawback of LSA. This assumption may
not be problematic for continuous data but for discrete data such as text documents, the
assumption is not expected to hold and may result in degraded system performance as
demonstrated by Hofmann (Hofmann and Puzicha 1998; Hofmann 1999a; Hofmann 1999b;
Hofmann 2001).

Hofmann introduces what he calls the aspect model (PLSA), which is as a generative statistical
model for discrete data. The generative process can be described as follows:
e Select a document d, with probability p(d),

e Pick a latent variable z, with probability p(z),

e Generate a word w with probability p(w|z).
This can be translated into a joint probability model

p(d,w) = p(d)p(wld) (2.9)

pwld) = > p(wl)p(zld) (210)
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p(w|d) becomes a representation of a document. It is a probability distribution which is used to
generate words of document d. z represents one of the latent variables (concepts/topics) of the
model. This means that p(w|z) gives us the probability of generating a word w given topic z. A
given document usually talks about a number of topics. That is, each word of a document can be
about a different topic. Some topics can be dominant in a document while others might not be.
These proportions are represented by the multinomial distribution p(z|d), and called mixing
proportions for the multinomial distributions p(w|z). Thus, p(w|d) is composed of a mixture of

probability distributions p(w|z) with mixing weights p(z|d) and hence is a mixture model.

Hofmann (Hofmann 1999b) gives a geometrical interpretation of the PLSA model using equation
2.10. Let us first define the word simplex® (Blei et al. 2003) as an m — 1 dimensional space
where all possible mutltinomial distributions of words, p(w), are represented. The vertices of the
word simplex correspond to a single word where p(w) for that word is one while p(w) for all
other words is zero. Any point inside the word simplex has non-zero probability distribution for
all of the words. The K conditional distributions of words given a topic, p(w|z) can be
represented as points in the word simplex, where K is the number of topics of the PLSA model.
Via its convex hull, this set of K points defines a K — 1 dimensional sub-simplex called the topic
simplex (Blei et al. 2003).

Equation 2.10 shows us that the empirical distributions p(w|d) for each document are
approximated by a convex combination* of vertices of the topic simplex. The mixing proportions
for a document p(z|d) would then correspond exactly to the coordinates of the document in the

topic simplex. This can be represented geometrically by figure 2.1 below

¥ An object is convex (convex set) if for every pair of points within the object, every point on the straight line
segment that joins them is also within the object. The convex hull or convex envelope for a set of points in a vector
space is the minimal convex set containing the set of points. An n-simplex is an n-dimensional polytope (a
geometric object with flat sides) with n + 1 vertices, of which the simplex is the convex hull.

* A convex combination is a linear combination of points where all coefficients are non-negative and sum up to 1.
All possible convex combinations will be within the convex hull of the given points.

19



1 k. P(wordl) ,
/ ® = topic

/ o= observed
document

/ Ce
f Kie) ® = generated
/ o document
/ s O
"
[ 0f] o
/[ #0o
;x o 5 — ”

= 1 p(word2)

| P(word3)

Figure 2.1: A geometric interpretation of the PLSA model. The black dot corresponds to the
distribution p(w|z) which characterizes a topic of the document collection. In this
model, we have eight documents, three words and two topics. The word simplex is
the triangle, while the dotted straight line segment which has the two black dots at its
ends is the topic simplex. All objects (the words, topics, observed and generated
documents) are located in the word simplex (the words located at the vertices of the

word simplex). Figure is taken from (Steyvers and Griffiths 2006).

The generative model of PLSA can be represented by the following graphical model (figure 2.2):

o o

d z WM ﬁ

Figure 2.2: Graphical model of PLSA.

M is the number of words in a document and N is the number of documents in our collection.
The variables d and w are represented by shaded circles because they are observable variables.

p is parameter of the distribution p(w|z). We have to solve a representation of this graphical
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model for the parameters of our documents which are p(w|z) and p(z|d). This is achieved by
the maximization of the log-likelihood of our observed data. A likelihood function is obtained
from a probability distribution function (pdf) by treating the parameters of the pdf as the
variables and the random variables of the pdf as constants. The log-likelihood is simply the
logarithm of the likelihood function. It is suitable for the maximization process. By assuming
that each observation pair (d, w) is generated independently of on another (the bag-of-words
assumption), the likelihood function can simply be obtained by multiplication of p(d, w) for all

the observed pairs (d, w). Itis given by

L= Z Z n(d,w) log p(d,w) (2.11)

deD weW

where n(d,w) denotes entry of the term by document matrix for a document d and a word w.
For the maximization process, we substitute equations 2.9 and 2.10 in equation 2.11 for p(d, w).
Setting the partial derivatives of the log-likelihood with respect to the parameters to zero and
solving the resulting equation will not yield a closed form solution. Instead one has to follow an
iterative procedure for solving models with latent (unobservable) variables. This iterative
procedure is called Expectation Maximization (EM). The procedure starts with random values of
the parameters of the model, p(w|z) and p(z|d), and tries to update these values iteratively to
find the values that maximize the function £. The process involves two steps: expectation step
(E-step) and Maximization step (M-step). In the E-step we calculate posterior probabilities of the
latent variables in the model given each pair (d, w). In the M-step, the parameters of the system
are updated for given posterior probabilities computed in the previous E-step. Alternating these
two steps results in a convergent procedure that approaches a local maximum of the log-
likelihood. For the E-step we use the equation

p(w|z)p(z|d)

plldw) =< Y@ D)

(2.12)

Following the M-step results in the re-estimation equations
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Yan(d,w)p(z|d,w)
Y 2an(d,w)p(zld,w")

p(wlz) = (2.13)

Ywnld,w)p(z|d,w)
n(d)

p(zld) = (2.14)

where n(d) =, n(d,w) refers to the document length, i.e., the number of words in a
document. The estimation of the parameter p(d) is straightforward and does not need the EM

algorithm. It can be estimated separately from the other parameters. It is given by

n(d)

p(d) = N (2.15)

where N = Y ;s n(d') is the total number of words in the document collection.

The graphical model of figure 2.2 is asymmetric in w and d. A symmetric graphical model in w
and d results in the parameters p(z), p(w|z), p(d|z) (Hofmann 1999b). Both the asymmetric

and symmetric graphical models are equivalent.

Hofmann observed two problems with his PLSA model (Hofmann and Puzicha 1998). First, the
EM algorithm guarantees only a local maximum, whereas in reality there could be many local
maxima. Second, the trained model may not generalize well to unseen data, such as new
documents. He tried to solve these two problems by introducing tempered EM (TEM) algorithm.
Without going into the details of the derivation, TEM introduces a modification to the E-step via

a tempering parameter B as

[p(wlz)p(z]d)]”

P = S W P

(2.16)

When g =1 we get the standard E-step. Tempering reduces the sensitivity of EM to local

maxima and enables a better predictive model for unseen data.
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Folding-in in a PLSA model for a query document q represented in the word simplex proceeds
by computing the mixing proportions, p(z|q), by EM iterations, where the factors p(w|z) are
fixed such that only the mixing proportions p(z|q) are adapted in each M-step. Hofmann
(Hofmann 1999b) shows that folding a query in this manner represents projecting the query into
the topic simplex by minimization of the Kullback Leibler (KL) divergence® between the query

and points of the topic simplex.

In summary, what PLSA does is, instead of fixing the probability distribution of the words and
documents before hand, as is the case of LSA, we can start with an unknown distribution of
words/documents with respect to a set of unobservable variables, called latent variables. These
latent variables serve as representation of concepts in our model. This distribution will then be
used to derive an expression for the likelihood function of the observed data. Finally, the
parameters of this model are estimated by following the procedures of Expectation Maximization
(EM).

2.3.4. Latent Dirichlet Allocation

The total number of parameters of a PLSA model is km + kn for an m x n term by document
matrix and k number of topics. Thus, we have a linear growth of the parameters of the model
with the number of documents (training set). This leads to overfitting of the parameters of PLSA
to the training data and lessens the predictive performance of the model to new documents. This
problem persists even if tempering is used (Blei et al. 2003). In addition to this problem, PLSA is
not a generative model of documents, as there is no clear way of assigning probability to a
document outside of the training set. Blei et al. (Blei et al. 2003) identified the above issues with
the PLSA model and proposed the new model of LDA. Girolami and Kaban (Girolami and
Kaban 2003) have shown that when the LDA model is solved using maximum a posteriori

estimator with a uniform Dirichlet prior, it results in the PLSA model.

The proposed solution is to take advantage of the assumption of the bag-of-words model in
probabilistic models of text documents. The bag-of-words assumption is equivalent to an

® See the next section (section 2.3.4) for discussions of the KL divergence.
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exchangeability assumption of the random variables involved. The exchangeability of random
variables means that the joint distribution of the variables (words and topics in our case) is the
same irrespective of the order of their appearance. A representation theorem due to de Finetti
says that any collection of exchangeable random variables can have their joint distribution given
by a mixture distribution. The components are the joint distribution of the random variables
given the model parameter and the mixing proportions are distributions on parameters of the
joint distribution which serve as priors. de Finetti’s theorem can be written for an infinite mixture

model as follows for three random variables x, y, and z

p(x,y,2) = f p(0)p(x,y,z|6) d 6 (2.17)

where 6 is the parameter of the distribution p(x, v, z) and p(6) is a prior.

Applying de Finetti’s theorem on the PLSA model gives rise to LDA. The graphical model of
LDA is shown below (figure 2.3)

oroto-etc

N

Figure 2.3: Graphical model of LDA.

(Blei et al. 2003) choose the Dirichlet prior for computational simplicity during inference and
parameter estimation of the model. a is parameter of the Dirichlet prior. 8 = (84,...,6;) Is a
document label that gives the values p(z) for each topic z of a given document. 8 corresponds to
the d in figure 2.2 of the PLSA model. So, d is also a document label. The Dirichlet prior for k

number of topics is given by
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F(Zz az) a;—1 az—1
T 617" ... 6, (2.18)

p(@la) =
where I'(x) is the Gamma function. The graphical model of figure 2.3 results in the following
generative process for LDA:
e Choose 8~Dir(a)
e For each of the M words, wy,
o0 Choose a topic z,,~Multinomial(6)

o Choose a word w,,, from p(w,,|z,,, 5)

The joint distribution of the model for a topic mixture 6, a set of k topics z, and a set of M words

w is given by

p(0.2wla.p) = p(61a) | [ pGnlOIp(wnlz, . 5) (219)

A number of inference techniques such as variational inference (Blei et al. 2003) and Gibbs
sampling (Griffiths and Steyvers 2004) can then be applied to determine the various distributions
of the model.

Unlike PLSA, folding-in in an LDA model can proceed in the same manner as the procedure
used for finding the topic distributions of the documents of the original collection. The reason for
this is that unlike PLSA, LDA is a generative model for documents.

We conclude the discussion on probabilistic topic models by giving similarity measures between
probability distributions that are representations of words and documents (Steyvers and Griffiths
2007). Two popular measures are the Kullback Leibler (KL) divergence and the Jensen-Shannon

(JS) divergence. The KL divergence between two distributions p and q is given by
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p .
D(p.q) = ) p; log, . (2.20)
- q;
j=1
The symmetric KL divergence is given by

KL(p,q) = %[D(p,q) + D(q,p)] (221)

The symmetrized JS divergence is given by

1
JS(,q) = 5[D(p,(p +q)/2) + D(q,(p + q)/2)] (2.22)
Another similarity measure that can be used is cosine similarity.

2.4. Approaches to Text Summarization

This section reviews the literature for the various approaches that are used for text
summarization. This work closely follows the classification scheme adopted by Karen Jones
(Jones 2007). She classifies extractive summarization approaches into four major categories:
basic statistical approaches, enriched statistical approaches (lexical units and features), enriched
statistical approaches (structures), and machine learning approaches. Machine learning
approaches use techniques such as latent variable models and support vector machines (SVM),
both in unsupervised and supervised settings. Graph-based approaches, which fall under
enriched statistical approaches (structures), are discussed separately for emphasis. We can find
concept representations in all but the basic statistical approaches which use surface level

features to extract important sentences.

2.4.1. Basic Statistical Approaches

Basic statistical approaches are among the simplest approaches. The summarization algorithm

might use a number of statistical features to measure the importance of sentences for inclusion in
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the summary such as word frequency, position of a sentence, sentence length, presence of title
words and cue words/phrases.

Luhn (Luhn 1958) presented the first automatic text summarization system. The statistical
feature used is word occurrence frequency in the document. The feature is used to derive high
frequency content words (keywords). He argues that both low frequency and high frequency
terms are less helpful than mid-range frequency terms. The high frequency words can be
identified either through the use of stop-list (list of stop-words) or a cut-off frequency. Sentences
are scored based on the number of significant words (keywords) and the total number of words
they contain.

The work by (Edmundson 1969) used three additional features in addition to Luhn’s keyword
approach: cue words, title words, and sentence location. Each sentence is given a score for each
of these features and the individual scores are combined by a linear weighting mechanism to give
an overall score for the sentence. Except for the score of a sentence by its sentence location, all
the other scores of a sentence are the sum of the scores of its constituent words. The method
using cue words use a dictionary of three types of words: bonus words, that contribute positive
valued scores; stigma words, that contribute negative valued scores; and null words that
contribute zero to the score. The title method is used based on the hypothesis that an author gives
a title to the document in such a way that it describes the subject matter of the document. The
sentence location feature is based on the hypothesis that topic sentences tend to occur in certain
locations of the document, depending upon the type of document considered.

The word frequency approach of (Luhn 1958; Edmundson 1969) was later extended in many
summarization systems by the use of the vector space model (Carbonell and Goldstein 1998;
Gong and Liu 2001; Erkan and Radev 2004). These summarization systems represent passages
(sentences) in the vector space and compute similarity scores via cosine similarity. Gong and Liu
(Gong and Liu 2001) proposed a single-document summarization system based on this approach.
Each sentence of a document is represented in the vector space. Then the cosine similarity of
each sentence (relevance measure) is calculated with that of the whole document. A sentence is
selected that has the highest relevance score and added to the summary. This sentence is
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removed from the candidate sentence set and all the terms contained in it are removed from the
original document. The steps of relevance measure, sentence selection and term elimination are

repeated for the remaining sentences until the summary length is reached.

2.4.2. Enriched Statistical Approaches: Lexical Units and Features

These categories of approaches are characterized by the use of linguistic features to score
sentences. Some of the methods include the use of recurrent n-grams (multiword descriptions),
corpus-based statistics, part-of-speech tagging, semantic role labeling, named entity recognition,
sentence parsing to identify grammatical make up of a sentence and use of lexical resources like
WordNet (Miller 1995) and HowNet (Dong and Dong 2003). It is not uncommon for the

summarization systems to use more than one of the methods cited above.

Filatova and Hatzivassiloglou (Filatova and Hatzivassiloglou 2004) proposed event-based
summarization algorithm which was tested on DUC 2001 multi-document summarization task.
An event can be broadly defined as something that happens at a given place and time. The
summarization algorithm should thus be able to automatically detect events. The event detection
algorithm is reported in their previous work (Filatova and Hatzivassiloglou 2003). Proper nouns,
locations (usually proper nouns), time phrases and cardinal numbers were identified to be strong
indicators of event regions. A named entity recognizer is used to extract event region indicators.
The connector (in-between) words between named entities are also considered. They connect
pair of named entities, called relations. The appropriate connectors were filtered out using a
statistical parser to obtain parts of speech information and WordNet. Co-occurrence frequency
and similarity of named entities and connectors is used to give score to relations and connectors.
An atomic event is defined as a triplet of two named entities and a connector. Each atomic event
has a score based on its relation and connector. These atomic events constitute concepts
extracted from the text. The authors propose to select those sentences that together account for
the majority of the concepts in the documents to be summarized. The authors make use of a

greedy algorithm to avoid redundancy in their summary.
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One of the problems faced by algorithms that use basic statistical approaches is the lack of
identification of which parts of the text are related and in what way. They fail to identify
cohesion in the text. Textual cohesion can be captured by a number of methods such as lexical
chains and anaphoric chains. A lexical chain is a collection of semantically related terms while
an anaphoric chain is one which is built from words or phrases that refer back to some previously
expressed word, phrase or meaning. Creating representation of the document that gives
information about semantically (conceptually) related terms contributes to identifying the main
points of the document as illustrated by the works of (Barzilay and Elhadad 1997; Silber and
McCoy 2002) that use lexical chains and (Bergler et al. 2003) that make use of anaphoric chains.
The summarization system of (Barzilay and Elhadad 1997) uses WordNet, a part-of-speech
tagger and a shallow parser to extract lexical chains. Lexical chains are scored based on the
number of occurrences of members of the chain and the number of distinct occurrences.

Sentences that contain high scoring chains are selected for the summary.

2.4.3. Enriched Statistical Approaches: Structures

Many summarization systems make use of document structures to create summaries. This
increases the applicability of these algorithms when compared to knowledge intensive algorithms
that are domain dependent and when compared to basic statistical approaches which tend to

produce incoherent summaries (Ono et al. 1994).

Boguraev and Kennedy (Boguraev and Kennedy 1997) make use of anaphoric chains to identify
the most salient (representative) phrasal units (noun phrases/nominal expressions) as well as
expressions associated with them (relations) to generate topic stamps that capture the core
content of the document. The authors’ contribution in this paper is the generation of topic
stamps, which are simple phrases which do not form a readable summary when put together. The
authors’ leave the subsequent use of the resulting topic stamps to generate a readable and concise
summary as future work. Their summarization system has five stages. The first stage, discourse
segmentation, applies a segmentation algorithm to the whole text to derive text segments that
talk about the same topic. A segment usually consists of a number of related paragraphs. The

second stage, phrasal analysis, extracts nominal expressions and relations from each segment.
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Each expression serves as a candidate topic stamp. The third stage, local salience extraction, uses
anaphora resolution to select the salient phrases/relations from each segment. Phrases/relations
found at the third stage are too many for consumption of the user and hence a further reduction
step is needed. This gives rise to the fourth stage, discourse salience extraction. The fourth stage
calculates discourse salience which measures the importance of phrases/relations in each
segment with respect to the whole document. This stage uses an extension of the algorithm used
in the third stage. The final and fifth stage, topic stamp identification, involves selecting

phrases/relations from each text segment according to their discourse salience.

A notable summarization approach that makes use of document structure is a Rhetorical
Structure Theory (RST) based summarization system. RST is a method of describing the
structure of texts in terms of the relationships that exists between them (Mann and Thompson
1988). Various types of relationships might exist between textual units/spans (clauses, sentences
or paragraphs) in a document such as elaboration, background information, evidence,
justification, restatement, and summary. Marcu (Marcu 1997a, Marcu 1997b) makes use of RST
theory to build a summarization system. He defines two types of relationships between text
spans. Paratactic relations are relationships between spans of equal importance. Hypotactic
relations are relations between spans called nuclei (which are considered important by the
author) to textual units called satellites (which are considered less important because they have a
supporting role to the nuclei). Following this, the structure of the text represented by RST
provides a binary tree structure. The rhetorical parser he uses considers clauses as text units. A
text unit may reside at more than one node in the tree, possibly sharing a node with another
textual unit. A given node in a tree may have the role of either a nuclei or a satellite. Satellite
instances of a text unit are given zero scores. Nuclei nodes that are leaves are given a score of
one. The score given to nuclei nodes is incremented by one as we move to the root. Hence, the
root of the tree is given a score of n, where n is the depth of the tree. To obtain the final score of
a text unit, we take its highest score. Summary is then generated by picking nuclei nodes that
have the highest scores.
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2.4.4. Graph-based Approaches

Graph-based ranking algorithms such as HITS (Kleinberg 1999) and PageRank (Brin and Page
1998) have been successfully applied in different domains such as citation analysis and analysis
of link-structure of the World Wide Web. Variants of these ranking algorithms have been
adapted to text summarization tasks in the form of unsupervised methods (Mihalcea and Tarau
2004a; Mihalcea and Tarau 2004b; Erkan and Radev 2004). Graph-based algorithms use textual
units (such as sentences or words) to form nodes of the graph. Nodes share a link based on a
similarity measure such as the number of common words or cosine similarity between sentences.
These connections, called edges, can be of various forms: directed/undirected, weighted/un-
weighted, and retaining all or some of the edges by applying a threshold value to their weights.
When a link is created from one node to another, it is regarded as a “recommendation” or
“voting”, which is taken into account when calculating salience or importance score. The
importance of a vote is determined by the importance of the voter with respect to the whole
graph. All graph-based ranking algorithms arrive at a final score of each node by a recursive
analysis of a vote given to a node and the importance of the voter, making use of the whole graph

structure.

Mihalcea and Tarau (Mihalcea and Tarau 2004a) apply variants of the HITS and PageRank
algorithms to create single- and multi-document summarization systems. Similarity between the
nodes (sentences) is established based on the number of common tokens. After the graph-ranking
algorithms are run, top ranking sentences are selected for inclusion in a summary. Melese
(Melese 2009) applies a combination of graph-based and LSA-based algorithms, while (Bhandari
et al. 2008) uses PLSA to create a graph-ranking algorithm that is a generalization of the HITS

algorithm (see next section for a detailed review of these two works).

The graph-based methods discussed here measure similarity between sentences based on only
word overlap. This means that these approaches use only surface level statistical techniques to
discover salient sentences. However, the recursive analysis of importance of a node within a
graph compensates for this “surface level” approach, as it has shown to produce competitive
results with respect to systems that use relatively advanced summarization approaches (Mihalcea
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and Tarau 2004a; Erkan and Radev 2004). This means that making use of graph-ranking
algorithms on simple co-occurrence statistics produces language and domain independent
summarization systems. This same argument applies to summarization systems based on latent

variable models, though the compensating factor here is dimensionality reduction.

2.4.5. Summarization Systems based on Latent Variable Models

Text summarization systems based on latent variable models have gained significant momentum
recently. Central to all systems is the decomposition of documents and words into topics that are
smaller in number when compared to the number of sentences in the documents. After the topics
of the documents have been identified, a variety of ranking algorithms can be applied to extract
the most informative sentences. It is necessary to review works based on a variety of latent
variable models (LSA, PLSA and LDA) because a ranking algorithm used in one model could be
adapted for use in another in the hope of getting increased system performance and robustness to
various document styles. We start with approaches based on LSA, then PLSA and finally LDA.

Gong and Liu (Gong and Liu 2001) present a fairly straightforward LSA based summarization
system. After creating term by sentence matrix of a single document to be summarized, they use
SVD to decompose the matrix. They select the sentence which has the largest index value with
the k" right singular vector, and include it in the summary. Here, k is set to 1 initially, which
corresponds to the right singular vector with the largest eigenvalue. The operation is continued
by incrementing k. When k reaches a predefined value (i.e., length of the summary measured in
terms of number of sentences), the operation stops. The authors proposed this solution after
presenting the argument that a good generic text summary of a document consists of the main
topics of the document with minimum redundancy. Thus, by taking one sentence from each right
singular vector, they reach their objective of selecting the representative sentences of the
document. Their approach however has the drawback of possibly selecting sentences from
topics that may not be important with respect to the document as a whole. This stems from the
fact that the index k increments towards right singular vectors that may have smaller values of

eigenvalue.
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Steinberger (Steinberger 2007) improves upon Gong and Liu’s approach by following a more
elaborate approach. He makes use of work by (Ding 2005) that proves that the statistical
significance of each LSA dimension is approximately the square of its singular value. This
means that LSA dimensions with smaller values of the square of their singular values represent
redundant and noisy information, i.e. unimportant topics. To exploit this result, Steinberger
creates the matrix 2. VT and gets a new representation of the sentences different from the
usual . V7. He then calculates the distance of each sentence from the origin of the resulting
reduced vector space representation. This distance will be given as a score to each sentence.
Sentences with the highest score are then selected for inclusion in the summary. This enables the
algorithm to choose sentences with greatest combined weight across all topics, resulting in the
possible inclusion of more than one sentence about an important topic. This is in contrast with

Gong and Liu’s approach that always selects one sentence for each topic.

Steinberger (Steinberger et al. 2007) further extends his LSA based system by making use of
anaphoric information. He used a system that automatically identifies anaphoric chains. The first
method (the substitution method) he used this information is by substitution of the anaphoric
expressions with the first element of their anaphoric chain. He then uses the resulting term by
sentence matrix for further processing. The second method (the addition method) does not
modify the original terms of the document. Instead, the notion of a term is generalized to include
anaphoric chains. The representation of a sentence then specifies the occurrence of both a word
and a discourse entity from a particular anaphoric chain. While the substitution method degrades
the performance of the system slightly, the addition method significantly improves the original
LSA based summarization algorithm.

Melese (Melese 2009) implemented an Amharic summarization system based on LSA and
graph-based algorithms which were tested on news texts. He proposes two new algorithms that
he called TopicLSA and LSAGraph. TopicLSA starts by constructing the term by sentence
matrix A for analysis by SVD. Melese uses the title of the document just like a sentence in the
term by sentence matrix. He points out that this enables a possibly accurate representation of the
title of the document in the latent space than folding the title of the document into the latent
space that is constructed from sentences of the document excluding the title of the document.
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After SVD is applied to matrix A, dimensionality reduction followed to give a reduced
representation of A given by A’ = U'2'V'T. Unlike previous works that use V'T to rank sentences
of the document, he proposes to use U’ to extract important concepts of the document. He argues
that the term by concept matrix U’ has richer representation of the concepts of the document than
the concept by sentence matrix V'T. For each column of the matrix U’Y’ the top m terms that
have high index value in the column are selected and all the resulting terms are concatenated to
form a topic vector P. The topic vector is then folded into the latent space of Z'V'T for similarity
comparison with the sentences of the document. Sentences of the document have three scores.
The first one is the cosine similarity of a sentence with P in the latent space. The second one is
the cosine similarity of the sentence with the title of the document in the latent space. The third
score is 1/n, where n denotes the position of the sentence from the beginning of the document.
The three scores are then summed up to give the overall score for the sentence. The sentences
with the highest score are then selected for inclusion in the summary. The second and third
scores are calculated to account for the characteristic of news article. The second score accounts
for the fact that headlines of news texts carry the gist of the document as a whole. The third
scores accounts for the fact that news texts usually put the most important information near the
beginning of the document and the information importance of sentences decreases as the
document progresses towards the end.

The GraphLSA algorithm is a mixture of graph-based and LSA-based approaches. It uses
sentences for constructing the nodes of the graph. Unlike previous works, except for the work by
Yeh et al. 2005), that use keyword-based frequency vector to represent each sentence, it uses the
representation of the sentences given by X'V'T that results after SVD of the term by sentence
matrix A. The cosine similarity of the sentences in this latent space is used to construct the edges
between the nodes. To take the title of the document into account during the graph ranking
algorithm, Melese takes into account the similarity of the title with a sentence (node) when the
score of the sentence is calculated, resulting in a topic-sensitive graph-based ranking algorithm
(Otterbacher 2005). This helps to penalize those sentences that do not belong to the main topic of
the document. He experimented with the PageRank and HITS graph ranking algorithms. The top
ranking sentences are then extracted to create the summary.
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Melese carried out the experimentation on 50 Amharic news texts. The extraction rates
considered were 20% and 30%. TopicLSA outperformed the LSAGraph + PageRank approach in
both extraction rates by F-measure. TopicLSA got the same score of 0.47 in F-measure as
LSAGraph + HITS in the 30% extraction rate task, while outperforming LSAGraph + HITS in
the 20% extraction rate task. However, in the 20% extraction rate task, LSAGraph + PageRank
gets a score of 0.38 compared to the 0.35 score of LSAGraph + HITS. Perhaps not surprisingly,
TopicLSA - Genre, i.e., TopicLSA without taking into account the second and third scores
described above (document genre specific scores), is outperformed by the same algorithm that
takes into account genre specific scores. Thus, it is fair to compare TopicLSA — Genre with other
LSA based summarization systems that do not take document genre information into account
when ranking sentences. TopicLSA — Genre outperforms Gong and Liu’s and Steinberger’s
method. The TopicLSA - Genre algorithm gets an F-score of 0.28 for the 20% extraction rate
while it achieves 0.40 for the 30% extraction rate. However, the baseline systems for LSAGraph
that do not use LSA and document genre information, PageRank and HITS, have the following
F-scores: PageRank scores 0.37 and 0.44 for 20% and 30% extraction rates respectively and
HITS scores 0.35 and 0.41 for 20% and 30% extraction rates respectively. This shows that the
baseline graph-based algorithms perform significantly better than TopicLSA — Genere. But as
discussed above, TopicLSA outperforms the LSAGraph algorithms. This indicates that
TopicLSA makes efficient use of document genre information as compared to PageRank and
HITS. This means that either the way the LSAGraph algorithms make use of document genre
information needs to be improved or the graph-based algorithms are more robust than TopicLSA

— Genre algorithm for different types of documents.

Bhandari et al. (Bhandari et al. 2008) present a summarization system using PLSA for the
creation of extractive generic summary of single documents. They compare their works with the
increasingly popular graph-based method for sentence ranking, HITS and LexPageRank, and
LSA based algorithms, (Gong and Liu 2001). They take note of previous works (Cohn and
Chang 2001; Richardson and Domingos 2002) to point out that these graph-ranking algorithms
suffer from the topic drift problem. While the algorithms identify a community of nodes that
have the strongest influence on the whole graph as a whole, they fail to recognize the
contribution of other community of nodes that may have a slightly smaller yet important
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influence on the graph. Since a generic summary of a document should cover the main topics of
a document which are essentially different from one another in concept, the graph-based
algorithms might produce summary sentences that are not representative of the document as a
whole. LSA can be used to solve this problem but it has incorrect assumptions on the nature of
discrete data such as text documents. This might make LSA based summarization systems
ineffective.

The authors propose four different algorithms using PLSA: PROC 1, PROC 2, PROC 3 and
PROCA4. PROC 1 and 3 make use of the topics from the reduced probabilistic latent space given
by PLSA. PROC 2 and 4 are graph-based methods obtained using PLSA. PROC 1 selects topic z
with the highest probability p(z) and makes use of p(s|z) to pick the top ranking sentences with
respect to this topic until the summary length is reached. PROC 3 makes use of the fact that
PLSA divides the document into a number of topics. The algorithm creates score for sentences so
that sentences which have good influence ranging over several topics score better. The sentence
score is given by p(s) = Y., p(s|z)p(z). PROC 2 is the same as PROC 1 except for the fact that
it applies PLSA to the sentence-similarity matrix that results from the original term by sentence
matrix. Cosine similarity is used to construct the similarity matrix. After the construction of the
sentence-similarity matrix, the remaining procedure is the same as PROC 1. PROC 4 is
essentially the same as PROC 3 except for the fact that it uses the matrix created in PROC 2
instead of the one created in PROR 1. PROC 2 and 4 are essentially the same as PHITS
(probabilistic HITS) that was proposed by (Cohn and Chang 2001). HITS can be interpreted as
applying SVD to a graph-representation (in this case the sentence-similarity matrix) and take
only the communities associated with the most dominant component. PHITS makes use of PLSA
instead of SVD to come up with a more accurate representation of the dominant communities of
nodes in the graph (Cohn and Chang 2001).

Their experiment is carried out on DUC 2002 corpus. They experimented with various numbers
of topics. PROC 3 got the best results on all of the ROUGE scores considered (ROUGE-L, 1, 2
and SU-4) using two number of topics only. The LSA based system gave the least scores.
LexPageRank and HITS gave marginally better scores than PROC1, while they gave
significantly better scores than their probabilistic versions PROC 2 and 4. Common sense logic
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indicates that at least HITS should have performed less than PROC 2 and 4 as they are its exact
probabilistic analogues. This suggests that perhaps PROC 2 and 3 do not make effective use of
the resulting probabilistic graph-based representations.

Query-focused multi-document summarization with PLSA is investigated by Henning (Hennig
2009). Sentences are represented as usual by training the PLSA model from a multi-document
set to be summarized. Query (document cluster narrative that expresses a user’s information
need) that is given as part of the summarization task is folded into the trained model. The cluster
title, document titles, document term vectors and cluster centroid vector are also folded into the
reduced latent space. Once we have a representation of the sentences and the five “queries”
described above in the latent topic space, a number of sentence level features are calculated.
Each sentence is given a score against one of the five “queries” by one of three similarity
measures considered: KL divergence, JS divergence and the cosine similarity. All the individual
scores for a sentence are then combined linearly into an overall score. The highest scoring
sentences are selected for inclusion in the summary. An approach similar to maximum marginal
relevance (MMR) (Carbonell and Goldstein 1998) is used to penalize candidate sentences based
on their similarity to the partial summary. PLSA model that is trained with the EM algorithm
with a random initialization converges on a local maximum of the likelihood of the observed
data. Different initializations will result in different locally optimal models. To overcome this
issue, following the work by (Brants et al. 2002), the authors compute the sentence level features
for five different models and average the results. The authors used DUC 2006 data for training
the feature weights used to combine the sentence level scores linearly. They used DUC 2007 data
for testing their system. Their model got very competitive performance results when compared to
the participating systems of both DUC 2006 and 2007 participating systems. The JS similarity
measure resulted in the best ROUGE scores and gave the most stable scores when the number of
latent topics was varied.

Arora and Ravindran (Arora and Ravindran 2008) apply LDA for extractive multi-document
summarization. Their summarization algorithm starts with a term by document matrix and not a
term by sentence matrix as is usually the case. After the LDA model is trained, the different
probability distributions result: p(z|d) and p(w|z). They use three different algorithms to

37



calculate the probability of a sentence given a topic, p(s|z): simple inference based, partial
generative and full generative. All of the algorithms assume that a sentence of a document
belongs to only one topic. They differ on the assumptions they make on how the topic of a
sentence is generated by the words that it contains and the document that it belongs to. Because
p(s|z) contains the product of p(w|z) for all the words that it consists of, longer sentences will
be penalized as p(w|z) <1. This is a good observation by the authors since in many
summarization algorithms the issue is that longer sentences are favored over shorter ones. The
authors come up with modified versions of the above algorithms to resolve this issue. For the
summary generation, the probability of a topic p(z) is calculated and the following iterative
procedure is used until the summary length is reached: do a multinomial sampling on p(z),
choose the sentence with the highest value of p(s|z), and if it is already included in the summary
pick the sentence with the next highest probability for this topic. They evaluated their algorithms
on DUC 2002 data and got significant improvement in ROUGE-1 recall measures compared to
the top ranking systems. The partial generative algorithm gets the best score followed by the
simple inference based algorithm. We cannot make use of the work of these authors since they
use a term by document matrix for input to the LDA model. This means that extra work needs to
be done to calculate p(s|z), which would not be the case if a term by sentence matrix is used to
train the LDA model.

2.4.6. Amharic Text Summarization Systems

This section discusses attempts to create an Amharic text summarization system. The work by
Melese (Melese 2009) is discussed in section 2.4.5 together with other summarization systems
based on latent variable models. Common to all systems discussed here is the use of surface level
statistical features to extract important concepts of the document.

The first Amharic summarization system was developed by Kamil Nuru (Kamil 2004), a single
document summarizer. He used surface level statistical features to assign weights to sentences.
The highest scoring sentences were extracted to form the summary. Seven features are used: title
words, cue phrases, first sentence of the document (header), words in a header, first sentence of a
paragraph, paragraph end sentences and high frequency words (keywords). Each feature has an
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associated weight, obtained from training with manual summaries of four news articles, and the
weights are combined linearly to produce an overall score for a sentence. As part of a learning
phase, the stop-words and cue phrases lists of the system can be updated by a user that is
generating a summary. The system is tested with five news articles at 38.5% extraction rate. The
average sentence length of the five news articles is 17.4 sentences, the lowest length being 13
sentences and the highest 23. The system achieves a precision of 0.704, recall of 0.58 and an F-
measure of 0.636. The most dominant features in the experiment are title words and keywords.
For the feature calculated using keywords, the percentage of keywords used for scoring and the
weight given to this feature gave significant variations in system performance. Kamil needed to
use 33% of the keywords identified to achieve the best result. He points out that because no
stemmer is used for preprocessing the document, the frequency assigned to keywords is not
accurate and hence less percentage of keywords could have been used if a stemmer was included.
He also points out that the use of exhaustive stop-words could improve system performance.

Teferi (Teferi 2005) uses Naive Bayes classifier (using the machine learning tool WEKA (Hall et
al. 2009)) to create a single document summarization system. 480 news articles are used for
experimentation, where 20 of them are used for testing and the rest for training. The test set has
an average sentence number of 9.2 sentences. The 480 articles have an average of at most 6.7
sentences. Each document has a corresponding manual summary created by three different
summarizers. The features used for training are presence of title words, location feature (first,
middle, and last) and keyword (frequent words). Summarization is performed at 30% extraction
rate. The system has a precision of 0.8, recall of 0.833 and an F-measure of 0.816. These high
values could be attributed to the very short news articles considered for testing purposes. For the
keyword feature, the use of the top three keywords has been shown to be sufficient. This seems
to be a reasonable quantity due to the use of very short articles for the experimentation. Teferi
reports that the use of a single feature for summarization gives a very poor result while the use of
all features results in the best system performance.

Helen (Helen 2006) produced a single document summarizer for legal judgments. She uses two
statistical features to score sentences: cue phrases and sentence location. Documents to be

summarized are manually segmented into five thematic areas: introduction, reason, fact, judicial
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analysis and decisions. A summary is generated for each segment at a given extraction rate and
combined to give a single summary. Ten documents were used for testing. The summarization
method is unsupervised as no training is performed. Sentences with the highest weight are
selected at 20% and 10% compression rates from each segment and are merged together to serve
as a single summary for the document. The system has the following performance: at 20%
extraction rate, precision = 0.339, recall = 0.576, F-measure = 0.427 and at 10% extraction rate,
precision = 0.392, recall = 0.506 and F-measure = 0.441. These performance values might

decrease if the segmentation was made automatically.

We conclude review of Amharic text summarization systems by discussing three additional
works. All of these works extend the previous works by the use of additional surface level
statistical features. Daniel (Daniel 2006) uses two new additional statistical features that were not
explored by previous works to create a single document summarizer. These are frequency of
numeric terms in a sentence and the total sum of term frequency of every word in a sentence.
Other features used are position of a sentence and number of title words in a sentence. The
system gives the best performance when only the position feature is used. Abraham (Abraham
2007) developed a multi-document summarizer using surface level statistical features. He used
two additional features not explored by previous works: context-sensitive frequency-based score
(CSF), which was introduced by (Nenkova et al. 2006), and centroid score. The other features
are number of title words in a sentence and position of a sentence in a text. The CSF feature is
calculated by taking the average of the probabilities of content words (keywords) in each
sentence. The probability of a content word is its relative frequency in the documents to be
summarized. Context sensitivity is incorporated in the CSF score to avoid redundancy in the
resulting summary. It is achieved by decreasing the probability of a word that is included in the
summary to a very small value close to zero. The centroid score for a sentence is computed as a
cosine similarity between a sentence and the document cluster centroid, where the cluster
centroid is defined as the average of the tf-idf values of the sentences in the vector space model
representation. Sentences are scored by a combination of the four features and by the individual
feature values. The highest scoring sentences are selected for inclusion in the summary. The best
system performance is obtained when the individual features of CSF feature and number of title

words in a sentence are used. Another multi-document summarization system is that of (Winta
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2009) which is based on WEKA. She explored three additional features that are not present in
the work of (Teferi 2005). These are the sentence length cut-off, tf-idf value and the centroid

Score.

2.5. Research Problem

This chapter has explored in detail the literature concerning the task of automatic text
summarization. The review has shown that representing the content of a text based on the
language and domain-independent methods of topic modeling represents a promising approach
to text summarization. This is especially true for local languages such as Amharic which lack
extensive linguistic resources that can be used to identify important points/concepts of a

document.

In this thesis, we further explore the use of topic modeling for text summarization. In particular,
we try to build on the work of Melese (Melese 2009), the TopicLSA algorithm. Melese (Melese
2009) has shown that previous LSA-based approaches for the summarization of single-
documents can be improved by taking advantage of the term by concept matrix that results from
applying LSA to the document. As discussed in section 2.4.5, TopicLSA first selects some
important words of the document and uses them to rank sentences. Thus, his approach can be
called a keyword approach. Except for TopicLSA, previous approaches for summarization of
documents using topic modeling have used only the sentence features that result from the topic
modeling procedure used. We call them sentence-based approaches. In contrast to the sentence-
based approaches, we plan to extend the work of (Melese 2009) by adopting the keyword
approach for the summarization task. The main argument to consider the keyword approach or in
general using words in our analysis and not just sentence scores is that, to decide relevance of a
sentence for the summary, focusing on its smaller units (words) could give us a better insight
into its importance. While the sentence features that result from topic modeling give us overall
judgment of the sentence, only a few selected constituent words could be effective to decide
relevance of sentences for inclusion in the summary. By following the keyword approach, we

plan to investigate the contents of a sentence in a greater detail at the word level than at the
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sentence level. Experiments by (Melese 2009) support this argument and have shown promising

results. Therefore, we intend to further explore the use of keywords for sentence ranking.

Accordingly, we formulate our research problem in the following manner:

1. Proposing new methods for language and domain-independent concept-based single-
document Amharic text summarization using keyword approach via topic modeling.

2. Once we design the appropriate sentence ranking algorithms, we will ask what type of
relationships exists between the keyword approaches and sentence-based approaches.
This helps us to pinpoint where the strong or weak points of the keyword-approaches lie
with respect to the sentence-based approaches.

3. We will carry out evaluation of the different approaches we propose so as to identify the

best performing approaches.
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Chapter 3. Keyword Approach for Single-Document
Amharic Text Summarization

This chapter gives a detailed treatment of the algorithms we proposed using the keyword
approach to summarize single-document Amharic texts. We adapt the work of (Melese 2009) by
first identifying points of improvement in his work. This is covered in section 3.1. In section 3.2,
we try to select which of the topic modeling approaches (LSA, PLSA, and LDA) reviewed in
chapter 2 could be used in our summarization algorithms. Section 3.3 presents the architecture of
our summarization system; in total we propose six algorithms that explore the keyword approach
for text summarization. Section 3.4, 3.5 and 3.6 discuss the component of the proposed
summarization algorithms. Section 3.4 discusses the text pre-processing component. In section
3.5, the topic identification process using topic modeling is discussed. The proposed sentence
ranking algorithms are detailed in section 3.6. Section 3.7 gives the summary to the chapter.

3.1. TopicLSA as a Keyword Approach

We start by giving mathematical representation of the ranking algorithm used by TopicLSA. In
these discussions, we will not focus on the score pertaining to document genre as our main
interest is in TopicLSA’s use of keywords to rank sentences. Let us write the score given to a
sentence S; by TopicLSA — Genre using the discussions of section 2.4.5 and using the notations
of equation 2.8. Let Q be the topic vector, Q = [t; t, ... t; ... t,,]7 , Where t; represents the it"

term count. We fold Q into the latent semantic space to produce g given by equation 3.1 below

m m
Z tiuivl R tiuivcl ] (31)
=1

i=1 i

q=Q"U' =

S; is represented by the jt row of V'E'T = A'TU’. This shows that the representation of
sentence S; in V'E'" can be obtained in a similar fashion as that of @ by using the j* column of
A’ as the term counts. These term counts obtained from the reduced dimension representation of

A" are more reliable than the original term counts of A. If we define cos qusj as the angle
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between g and S;, the score given to sentence S; by TopicLSA — Genre becomes (equation 3.2

below)
Score(Sj) = COoS qusj (3.2)

As equation 3.2 shows, TopicLSA - Genre chooses a topic mixture/proportion that is deemed
important (represented by angle of g) and compares it to the topic mixtures (angles) of the

candidate sentences. Sentences that are closest to g are selected as summary.

The term selection procedure of TopicLSA - Genre is not tailored towards the algorithm used for
sentence ranking. Either of the two algorithms needs to be modified so as to give a logically
correct summarization algorithm. We will discuss the required modification to the term selection

procedure.

The term selection procedure of TopicLSA — Genre selects the top ranking terms from each
column of U’ and concatenates them to form a topic vector. The selected terms from a single
column, say column 1, represent a certain topic but these terms may not rank highly with respect
to other topics/columns. Other topics are represented by selecting terms from other columns. The
sentence ranking procedure of TopicLSA — Genre then folds the resulting topic vector into V'2'T
and compares it with the sentences of the document. This folding process is not theoretically
sound with respect to the terms chosen previously. The folding process results in the
representation of a word of the topic vector in the sense of all topics of the document rather than
representing it in the sense of the specific topic from which it was selected during the term
selection procedure. Let us describe this in some detail.

Assume t; of Q is selected from column 1 of U’. This means that u, ; has a larger value when
compared to terms that are not selected but other values u;; may have low values when

compared to other terms. It is these values that affect TopicLSA - Genre. As equation 3.1 shows

q is represented by the values of Y%, t;u; ; with respect to each topic. Thus, each term of the

topic vector contributes to the representation of g with respect to each topic via t;u;;. In
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particular, the contribution of ¢, for topic 1 of g is t;u, ; . This value of t;u, ; is guaranteed to be
high with respect to other terms. However, the contributions of ¢, to other topics of q, t;u, ;, are
not guaranteed to be high with respect to terms that have not been selected in Q because the
term/keyword selection procedure did not consider the overall length of t;’s representation in U’.
Terms like t; thus create g that tends to select sentences that are dominant in one topic but lack
representation in other topics. This is equivalent to shifting the vectorial representation of g in
the latent document space to favor certain topics only. This is not a good effect because we want
to select sentences that score high with respect to all topics to create a better generic summary.
The sentence ranking procedure is thus forced to create a score for a sentence by taking into
account the importance of each word of the topic vector with respect to all topics rather than with
respect to only the topics for which it was selected for.

As identified above, one way of alleviating the problem with TopicLSA — Genre is to select
keywords by ranking them with respect to their length in U'E’. This helps avoid scoring a
sentence with respect to a word that may rank higher with respect to a certain topic but may rank
quite low with respect to other topics.

3.2. Choice of the Topic Model for Text Summarization

In chapter two, we discussed a number of topic modeling approaches: LSA, PLSA and LDA. We
now choose one of them to extract topic-based features from our documents.

As discussed in section 2.3.2, LSA is a topic modeling approach that makes use of SVD to
achieve dimensionality reduction. Underlying SVD is the assumption of Gaussian distribution of
the words and documents. This Gaussian assumption may not suit discrete data like textual
documents. The result is reduced performance as demonstrated by previous works such as
(Hofmann 2001). As discussed in sections 2.3.3 and 2.3.4, probabilistic topic models such as
PLSA (probabilistic latent semantic analysis) and LDA (latent Dirichlet allocation) do not suffer
from this problem. This is the case because they rely on maximizing the likelihood function of
the data and therefore do not fix the underlying probability distributions beforehand like LSA

does. Since the aim of this thesis is to make progress towards a high quality summarizer, we
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strive to use the best possible set of tools available. Thus we prefer the use of probabilistic topic
models (PLSA or LDA) instead of LSA.

The next step is to decide which of the probabilistic topic models we reviewed to apply for the
summarization task. Both PLSA and LDA are quite similar approaches. LDA differs from PLSA
in that the topic distributions are assumed to have Dirichlet prior. This puts a limit on the number
of parameters that are used to describe the resulting topic model to km + k, where kis the
number of topics and we have an m x n term by document matrix (Blei et al. 2003). In case of
PLSA, because documents do not have a generative model, the number of parameters becomes

km + kn.

In case of information retrieval applications, this gives an advantage for LDA in terms of
overfitting issues. Because LDA has less number of parameters, it is less likely to overfit when
compared to PLSA (Blei et al. 2003). When we come to our task of text summarization of single
documents the shortcoming of PLSA with respect to LDA, namely reduced predictive
performance on new documents, is not present. This is because our trained probabilistic topic
model is not used to predict topic distributions for future sentences as in the case of information
retrieval applications. The purpose of the probabilistic model is just to understand the latent
semantic property of the given or “training” document. In this regard, PLSA has an advantage
over LDA. In the case of LDA, the number of parameters is smaller because we want to have
generalization capacity to accommodate future documents. This may result in a less accurate
identification of the topics of the document corresponding to each sentence. However, since
PLSA has more number of parameters, each sentence is allowed to have its own specific topic
distribution during parameter estimation. In this manner, we may “overfit” our topic model with
accurate topic representations of the document by the use of PLSA with more number of
parameters. Due to the above advantage of PLSA over LDA, we prefer to apply PLSA for our

text summarization task.
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3.3. Keyword Approach for Text Summarization using PLSA

The keyword approach for text summarization is based on the argument that using properties of
sentences directly obtained from latent variable models such as p(s|z) may not match the
complex requirements of the text summarization process. Instead, we can switch to units such as
words and phrases that have smaller granularity of statistical salience than whole sentences. One
way of achieving this is to consider selected keywords based on some criteria and use them in
the summarization process. Because the approach we follow is extractive summarization, the
summarization process will consist of choosing sentences that best contain the selected
keywords.

An architecture that shows the work flow of our approach to the development of Amharic text
summarization system is shown in figure 3.1. The associated user interface can be found in
Appendix G. Appendix H contains a sample generated summary using the JWS algorithm. The
system has five modules: text pre-processing, topic identification, sentence ranking, sentence
concatenation, and evaluation. Text pre-processing prepares the document in a format that is
suitable for further analysis. At the topic identification stage, topic-based features are generated
using PLSA. The sentence ranking module ranks sentences of the document and selects the top
scoring sentences according to the extraction rate. The sentence concatenation component is
responsible for putting together the resulting sentences to produce the document summary. Our
architecture also contains an evaluation component whereby the resulting summary sentences
from each algorithm are assessed for performance using precision/recall (see chapter 4 for
details). Subsequent sections discuss the main sub-systems in detail (text pre-processing, topic
identification and sentence ranking).
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3.4. Text Pre-processing

Text pre-processing is involved in preparing the text document into a format that is suitable for
the text summarization process. Because our sentence ranking algorithms do not make use of the
title of the sentence for ranking purposes, the titles are removed manually from the documents
before the text pre-processing stage begins. The pre-processing stage consists of four steps that
are executed sequentially in the given order: text segmentation, normalization, stop-word
removal, and stemming. Text segmentation is the critical part of the pre-processing stage.
Without it there is no way of identifying the words and sentences of the document for co-
occurrence counts. Normalization, stop-word removal and stemming are optional and could be
left out from the summarizer. Normalization and stemming help to create accurate co-occurrence

counts by identifying words that represent the same or nearly identical meanings.

This work makes use of the pre-processing module adopted in (Melese 2009) for his Amharic
text summarizer using LSA and graph-based ranking algorithms. Melese in turn used the pre-
processing module from the work by (Tessema 2007) for Amharic search engine and adapted it

for his text summarization work.

Text Segmentation
Text segmentation involves the identification of sentences and words of the document to be
summarized. In the Amharic language, sentences are identified by the delimiter “::”. Words are

identified by means of spaces and a number of Amharic punctuation marks such as :, £, and !.

Normalization
Normalization is performed on the word tokens that result from text segmentation. In the
Amharic language two types of normalization issues arise (Tessema 2007).

The first one is the identification and replacement of shorter form of a word that is written using
forward slash “/” or the period “.”. An example is the replacement of “&.c” by “&h-+c”. The list
of short words used in this thesis are extracted from the work of (Tessema 2007). See Appendix
B for the full list of short words and their expanded forms.

49



The second normalization issue is the identification and replacement of Amharic alphabets that
have the same use and pronunciation but different representation. The replacement is made using
a representative alphabet from a set of similar alphabets. For example, the word “wealth” can
have many representations in Amharic: “v-t”, “70t”, and “r0+". These three words differ only
by their first characters: “v”, “¥”, and “1" have similar usages but different forms. They need to be
converted to a single representative character such as “v”. Table 3.1 below shows some of the
character replacements that are used in this thesis which are borrowed from the work of
(Tessema 2007).

Table 3.1: Example character normalizations.

Character to be normalized | Character after normalization
h|d|dh]h]|d]|h]o|lv]o|Z2]o]2]v]|wr
A0 L2 vl |2 o] %]y ]|Ww
w w2 A e w| a6 |nh 0
6 |l | L 9] 2|6l |a & |ala]|]a]a] 2
To yi
e h

In the table above, the alphabet “A” normalizes to “v”, “4” normalizes to “v~", and so on up to

“&" which normalizes to “vr".

Stop-word Removal

Stop-words are known to be useless in identifying the central points of a text. On the other hand,
they may contribute significantly to the co-occurrence counts of the term by sentence matrix of a
document to be summarized. This negatively influences the contribution of non-stop-words
towards the identification of the central points of the text. As a result, it negatively affects the
performance of the summarization algorithms. In order to avoid the effect of stop-words in the
summarization algorithms, we remove stop-words from sentences of the document to be
summarized. In this work, 153 stop-words are used, all taken from the work of (Tessema 2007)
and (Winta 2009). See Appendix C for the list of stop-words.

Stemming
Very often, a word may appear in many different forms throughout a document. These different

forms of the word essentially share identical meanings. Morphology is considered the main
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source of the different forms of a word (Nega and Willett 2002). Morphology can be inflectional
or derivational (Nega and Willett 2002). Inflectional variations of a word introduce changes in
tense, number, case, and gender while keeping the same meaning of the word. On the other hand,

derivational ones apply affixes to a word to result in the formation of new words.

If various forms of a word appear in a document to be summarized, it may have a degrading
impact on the summarization process. By applying the process of stemming, different words that
have the same stem can boost the representation of the concept underlying that stem in the term
by sentence matrix. This helps to provide more data for the PLSA algorithm to work with
because sentences that did not share the same term before stemming will now be connected by
the stems of the words. For example, let us say these three words appear in a document in three
different sentences; 0. (house), (- (houses), and (.27 (our house). These words literally
refer to the concept of a house. If stemming is not used, then all of them are treated as unique
words in a document and appear different to the PLSA algorithm. However, if stemming is used,
then all of the words are changed to 0.+ (house) and hence the three sentences will be related by
this word. This enables the PLSA model to use the resulting connection between the sentences to

infer conceptual relations between other words contained in the three sentences.

This work makes use of the stemming algorithm adopted by (Tessema 2007) from the work of
(Nega and Willett 2002). Nega and Willett (Nega and Willett 2002) handle both inflectional and
derivational morphology, Tessema adopts only the inflectional one, arguing that stemming for
derivational morphology may have a negative impact on the performance of the Amharic search
engine. The stemming algorithm implemented by (Tessema 2007) removes those affixes
(suffixes and prefixes) that form inflected forms of a word. He used 33 suffixes and 17 prefixes
(see Appendix D for the list of affixes). The suffix removal involves two cases. If the suffix does
not contain a vowel, then remove the suffix without making any further modifications to the
remaining characters of the word. Otherwise the suffix is removed and the last character of the
word is changed to “sadds” (A1), which is the six order of a character.
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3.5. Topic ldentification

The dimensionality reduction methods discussed in section 2.3 in general and PLSA in particular
require the identification of co-occurrence counts of each unique word in a document to be
summarized within each sentence. This is performed by the term by sentence matrix construction
stage. The PLSA model generation stage is responsible for calculating the parameters of the
asymmetric PLSA model. Finally, other parameters of the PLSA model will be generated by the
derived model generation phase.

Term by Sentence Matrix Construction

The first stage of topic identification is term by sentence matrix construction. This stage makes
the document to be represented in a way that the PLSA algorithm can process. As discussed in
section 2.3.1, we create a vector space model (VSM) for a document. We represent the VSM by
an m X n matrix where m is the number of unique words in the document and n is the number of

sentences in the document.

This work makes use of the corresponding component of the Amharic text summarizer of
(Melese 2009). Each row of the matrix represents a single unique word, while each column
represents a sentence. The code by (Melese 2009) first sorts all the words alphabetically in
ascending order and then associates each row of the matrix to the sorted words in that same order
(for example, the first word in the sorted list will be represented by the first row). In the case of
sentences, the sentence that appears first in the document is represented by the first column, the
sentence that appears second in the document is represented by the second column, and so on up
to the sentence that appears last in the document which is represented by the last column. An
entry at the i®" row and j** column of the matrix is filled with the count of the i" word in the j"

sentence.

PLSA Model Generation

This stage is responsible for generating topic-based features using PLSA. For this step, we wrote
Java code that implements the asymmetric model that was proposed by (Hofmann and Puzicha
1998; Hofmann 2001) (see section 2.3.3 for details). The algorithm implements the tempered
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version of the EM (Expectation Maximization) process while generating the PLSA model. We
use tempered EM to see if better summarization performance can be achieved. While (Hofmann
and Puzicha 1998; Hofmann 2001) introduced tempered EM to avoid overfitting, we use it to

avoid unfavorable local maxima during the EM procedure.

Because EM is an iterative maximization process, we have to decide when to stop the iterations.
The function that we actually maximize is the predictive log-likelihood, Lp (where Lp =
Yoaen Lwew n(d, w) log p(w|d)), rather than the joint log-likelihood. Maximizing using either is
equivalent (Hofmann and Puzicha 1998). To decide when to stop, we calculate a value called

convergence criterion (%). It is given by equation 3.3 below

Lp(previous) — Lp(current)
*

convergence criterion (%) = Lp(previous)

100 (3.3)

The iterative procedure stops when convergence criterion (%) is less than a fixed number (see
section 4.3.1 for details on the “fixed number” used). In addition to checking the condition for
convergence criterion (%) for convergence, we also introduce the requirement that a minimum of
five iterations be made. This makes sure that the resulting PLSA model will not suffer from

undertraining.

If we start with an m x n term by sentence matrix, then we arrive at the following topic-based
features of the PLSA model:
e A1l xn normalized sentence length matrix p(s).
e Anm X k term by topic matrix, p(w|z), where k is the number of topics of the PLSA
model.

e Ak x ntopic by sentence matrix p(z|s).
The parameter p(s) is the normalized sentence length (number of non-stop-words contained in a

sentence). For a fixed latent topic z, p(w|z) represents a probability distribution that gives the

degree to which words of the document represent that particular topic. For a fixed sentence s,
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p(z|s) represents a probability distribution that gives the degree to which a topic z is present in

that sentence.

Derived Model Generation

The previous stage calculates basic parameters of the asymmetric PLSA model. However, the
proposed algorithms also require the computations of other parameters of the PLSA model that
are actually basic parameters of the symmetric model of PLSA. These parameters are p(s|z) and
p(z). For a fixed value of z, p(s|z) gives the degree to which a sentence of the document
represents that particular topic. p(z) indicates which topic is likely to be mentioned frequently in
the sentences of the document. A higher value of p(z) indicates that the corresponding topic is

referred to more often than the other topics in the document.

The parameter p(z) can be computed by marginalization of p(z, s) (equation 3.4 below)
p(z) = Z p(z,s) = Z p(s)p(z|s) (34)

The parameter p(s|z) can be computed using the basic parameters of the asymmetric PLSA

model, p(z) and Bayes’s rule as given by equation 3.5 below

_ p(s)p(ls)

p(slz) @)

(3.5)

3.6. Sentence Ranking

In this section, we propose new methods of sentence ranking that make use of conceptual
representations of both words and sentences as obtained from a PLSA model. Unlike TopicLSA
whose keyword selection and sentence scoring algorithms are not in tune, the sentence ranking
algorithms we propose here do not have this problem.
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We explore the keyword approach for sentence ranking by proposing a total of six algorithms.
All the algorithms will be implemented and compared against one another to select the
algorithms with the best performance for the three extraction rates: small (20%), medium (25%)
and large (30%) summaries. These six algorithms are divided into three categories: Approach 1,
Approach 2, and Approach 3. Approach 1 consists of two algorithms: JWTS (joint word topic
sentence) and CWTS (conditional word topic sentence). Approach 2 consists of two algorithms:
JWS (joint word sentence) and CWS (conditional word sentence). Approach 3 also consists of
two algorithms: KITS (keywords in topic simplex) and KIVSM (keywords in vector space
model).

All of the six algorithms have five phases: keyword selection, feature creation, sentence scoring,
score averaging, and sentence selection. During the keyword selection phase, words of the
document that are judged to represent the most important points are selected. After this, a feature
that helps characterize sentences of the document is created using the PLSA model. Then, the
feature will be used to give scores to sentences. The above three steps are then repeated a number
of times, numModel times. This results in numModel different scores for the sentences of the
document. These scores are then averaged to give the final score to the sentences. This procedure
of score averaging is used to counter act “poor” models that might result from unfavorable local
maxima (Brants et al. 2002; Hennig 2009). Finally, the sentence selection stage uses the average
score to select the top ranking sentences. In addition, the sentence selection stage always selects
the first sentence of the document if the average score assigned to it does not make it one of the
top ranking sentences. This is carried out to take advantage of the property of news articles (the
documents we evaluate our summarization algorithms with) where the first few sentences of a

document hold important information (Nenkova 2005).

We have considered two keyword selection strategies. In the first approach (followed by
Approach 1), top ranking keywords are selected from each topic. In the second approach
(followed by Approaches 2 and 3), top ranking keywords of the document are selected that are

dominant across all topics.
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In all cases, the sentence scoring phase attempts to estimate the presence of the selected
keywords in each sentence. The basic idea is that, if a sentence contains more number of
keywords than other sentences, then it will be selected for the summary. We have considered two
ways of estimating the presence of keywords in sentences (Hofmann 1999b; Buntine et al., 2004;
Steyvers and Griffiths 2006). In the first approach (followed by Approaches 1 and 2), sentences
that maximize the joint/conditional probability of the keywords and/or topics given a sentence
are selected. In the second approach (followed by Approach 3), the keywords are represented in
the same manner as the sentences in a space (the topic simplex in the case of KITS and the VSM
in the case of KIVSM) and sentences that are most similar to the keywords (based on a similarity

measure such as cosine) are selected.

The score averaging and sentence selection phases are identical to all of the algorithms. For this
reason, they are discussed last in sections 3.6.4 and 3.6.5 respectively. The detailed discussion of
each algorithm, without the score averaging and sentence selection components is presented in
the sections that follow.

3.6.1. Approach1

Approach 1 consists of the algorithms JWTS (joint word topic sentence) and CWTS (conditional
word topic sentence). It is characterized by having a keyword selection strategy where top
ranking keywords are selected from each topic. It follows two different sentence scoring
strategies. JWTS assigns as a score to a sentence the joint probability of the keywords, the topics
from which each keyword is chosen from and the sentence. CWTS assigns as a score to a
sentence the conditional probability of the keywords and the topics from which each keyword is

chosen from given the sentence. Each algorithm is discussed in detail in the sections that follow.

3.6.1.1. JWTS Algorithm

Keyword Selection

A good summary usually has a wide coverage of the document’s main topics (Gong and Liu
2001; Bhandari et al. 2008). We represent the main contents of the document by using keywords
that best represent each of the main topics of the document. The keywords that best represent the
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topics of a document can be inferred from the basic parameter of the asymmetric PLSA model,
p(w|z). To give a topic z a representation in the document summary, we select L number of
words that have the highest value in the probability distribution p(w|z). This is done for each
topic that has been generated from the PLSA model. In this way, all topics of the document are
represented by a selected set of keywords. The total number of keywords selected is thus L % K,

where K is the number of topics.

Feature Creation

This stage assigns a set of features to each sentence of the document. For a single sentence,
L x K number of features is calculated. A feature corresponds to a single keyword and the topic
from which it is chosen from. The feature basically measures the degree to which the sentence
contains the keyword in the sense of the topic from which the keyword is chosen from. This can
be calculated using the joint probability distribution of p(w, z, s) (joint term by topic by sentence
matrix). The value p(w, z, s) gives a measure of the probabilistic co-occurrence count of a word,

a topic and a sentence according to the PLSA model.

Sentence Scoring

The feature selection stage defines the events (w,,z,,s,) for a sentence s, , where g =
1.2,...,L x K. The probability of each event gives a measure of the occurrence of a word w, in a
sentence s, in the sense of topic z,. If we consider the probability that all events happen for
sentence s,,, then this gives us a measure of sentence s,, containing all of the selected keywords
in the sense of the topics from which they were selected from. The probability of all events for
the sentence s,,, p(AllEvents,), then serves as a score for that sentence. Using the bag-of-words

assumption of the PLSA model, the score given to a sentence s,, becomes (equation 3.6 below),

LxK LxK

score(s,) = p(AllEvents,) = P(Wg,Sn,24) = np(zg)p(wg|zg)p(sn|zg) (3.6)
g=1 g=1
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where we have used the symmetric model of PLSA to write p(w, s, z) = p(z)p(w|z)p(s|z). The
two terms p(z4) and p(wy|z,) of equation 3.6 are common to all sentences for each topic z, and

for each corresponding word w,. This causes the score to degenerate to equation 3.7 below,

score(s,) = 1_[ p(snlzi) 3.7)
k=1

Thus, JWTS assigns as a score to a sentence the product of the points of the likelihood function

of z with s acting as a parameter.

Pseudocode

JWTS can be implemented by following each of the stages described above. But, because the
sentence scores are given by the simpler form of equation 3.7, we use this equation for the
implementation. The architectural representation of JWTS in figure 3.1 helps only for
comparison purposes with the other algorithms. The pseudocode for JWTS is given in algorithm
3.1 below:
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Algorithm 3.1: Sentence scoring with JWTS algorithm

Input
e PLSAParameters
e termBySentence matrix

1. for each sentence s, do

sentenceScores(n)=[1%¥_, p(s,|z)
2. end for
3. predictivelLogLikelihood = logL(PLSAParmeters, termBySentence)

Output
e sentenceScore
e predictiveloglLikelihood

PLSAParameters is a variable that contains all of the parameters of the PLSA model:

e p(s)

p(wlz)

p(slz)
p(z|s) and
p(2).

sentenceScores IS an array that holds the scores for all sentences. logL is a function that
calculates the predictive log-likelihood of the document given the generated PLSA model at the
topic identification stage. We keep track of the log-likelihood of the PLSA model that generated

this specific sentence scores for use in the score averaging stage (see section 3.6.4 for details).

Discussion

From equation 3.7 we conclude that JWTS favors sentences that are considered important by
many topics than just by few topics. This algorithm is related to algorithm PROC1 of (Bhandari
et al. 2008). PROC1 uses only p(s|z) of the dominant topic to create sentence scores. As pointed
out by the authors, this does not help to create better generic summaries. However JWTS

considers the importance score given by each topic of the document to a sentence.
JWTS is also related to algorithm PROC3 of (Bhandari et al. 2008). If we use the asymmetric

model of PLSA and write p(w,s,z) = p(s)p(z|s)p(w|z), the score assigned by JWTS to

sentences takes the form given by equation 3.8 below
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score(s,) = | [ps)pCdsn) = 1< [ [peedsy) (38)
k=1 k=1

PROC3 uses p(s) to rank sentences while JWTS increases the influence of this parameter by
raising it to the power of the number of topics and weights the resulting number with the

product of the points of the probability distribution of topics given a sentence.

JWTS is created to make appropriate use of terms when the terms are selected based on their
ranks from p(w|z), the term by topic matrix. TopicLSA simply folds the resulting terms into the
latent sentence representations. As discussed in section 3.1, this amounts to comparing sentences
with some low scoring words. In contrast to this, JWTS preserves the sense of the word

identified by the topic it is selected from when creating the sentence scores.

3.6.1.2. CWTS Algorithm

Keyword Selection

The keyword selection strategy of CWTS is the same as JWTS. The main contents of the
document are represented by selecting L high ranking terms from each topic using the
distribution p(w|z). The total number of selected keywords becomes L x K, where K is the

number of topics.

Feature Creation

Here, we assign a set of features to each sentence of the document. As in JWTS, a single
sentence is assigned a total of L x K number of features. A feature corresponds to a single
keyword and the topic from which it is chosen from. Instead of using p(w, z, s) to check for the
presence of a word in a sentence in the sense of a topic, it uses p(w, z|s) (conditional term by
topic by sentence matrix) to create the features for a sentence. This way of creating features
favors sentences that not only contain a word in the sense of a given topic but also those
sentences that give extra weight to the word-topic combination at hand with respect to all other
word-topic combinations of other sentences. The conditional probability over the sentence serves
as a form of sentence length normalization while the keyword is counted in the sentence. Thus,
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CWTS does not favor long sentences. But since JWTS uses joint probability, it favors long

sentences.

Sentence Scoring

The feature selection stage defines the events (wy, z4, s, )for a sentence s, conditioned on the
appearance of s, where g = 1,2,..., L x K. The probability of each event gives us a measure of
the occurrence of a word w, in a sentence s, in the sense of topic z, given that s, occurs. If we
consider the probability that all events happen for sentence s,,, then this gives us a normalized
measure of sentence s, containing all of the selected keywords in the sense of the topics from
which they were selected from. The probability of all events for the sentence s,,, p(AllEvents,,),
then serves as a score for that sentence. Using the bag-of-words assumption of the PLSA model,

the score given to a sentence s,, becomes (equation 3.9 below),

LxK LxK

score(s,) = p(AllEvents,) = np(w 1 Zg|Sy) = np(wglzg)p(zglsn) (3.9)
g=1 g=1

where we have used the asymmetric graphical model of PLSA to write p(w,zl|s) =
p(w,z,5)/p(s) = p(s)p(zls)p(wlz)/p(s) = p(zls)p(w|z). The term p(wylz,) of equation
3.9 is common to all sentences for each topic z, and for each corresponding word w,. This

causes the score to degenerate to equation 3.10 below

score(s,) = 1_[ p(zils,) (3.10)
k=1

Thus, CWTS assigns as a score to a sentence the product of the points of the topic distribution of

a sentence.
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Pseudocode

Like JWTS, CWTS can be implemented by following each of the stages described above. But,
because the sentence scores degenerate to the simpler form given by equation 3.10, we use this
equation for implementation. The pseudocode for CWTS is given in algorithm 3.2 below:

Algorithm 3.2: Sentence scoring with CWTS algorithm

Input
e PLSAParameters
e termBySentence matrix

1. for each sentence s, do

sentenceScores(n)=[1%¥_, p(zls,)
2. end for
3. predictivelLogLikelihood = logL(PLSAParmeters, termBySentence)

Output
e sentenceScore
e predictivelLoglLikelihood

Discussion

If we look at equation 3.8, we see that JWTS relates to CWTS in that while CWTS uses only
p(z|s) for ranking, JWTS also make use of p(s). CWTS gives emphasis to the conditional
probability of topics with respect to a sentence while JWTS gives emphasis to the likelihood
function of a topic with a sentence as a parameter. CWTS favors sentences that have topic
distributions that give relatively uniform importance to all topics. Sentences dominated by few

strong topics are not favored.

3.6.2. Approach 2

Approach 2 consists of the algorithms JWS (joint word sentence) and CWS (conditional word
sentence). It is characterized by having a keyword selection strategy where top ranking keywords
of the document that are dominant across all topics are selected. It follows two different sentence
scoring strategies. JWS assigns as a score to a sentence the joint probability of the keywords and
the sentence. CWS assigns as a score to a sentence the conditional probability of the keywords
given the sentence. Each algorithm is discussed in detail in the sections that follow.
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3.6.2.1. JWS Algorithm

Keyword Selection

To give a wide coverage for the main topics of a document, Approach 1 selects words from each
topic of the document independently of one another. However, JWS selects keywords that are
dominant across all topics. The basic parameter of the asymmetric PLSA model, p(w|z), gives
us the score given by each topic for each word. This way, a single word gets K scores, where K
is the number of topics. We can now combine each of the K scores for a word so as to determine
whether the word is dominant across all topics of the document. One way of combining the
scores is to simply sum the K scores given to the word. But this ignores the importance of the
topic that generated each score. To take this into account, we weight each score of the word by

p(z) before summing them. This gives us the score for a word given by equation 3.11 below
score(w) = Z p(2)p(w|z) = p(w) (311)

As can be seen from equation 3.11, the score we created turns out to be p(w), which is actually a
parameter of the asymmetric model of PLSA consisting of the parameters p(w), p(z|w) and
p(s|z) (Hofmann and Puzicha 1998). These parameters can be obtained by following the same
EM steps described in section 2.3.3 but reversing the role of w and s. Thus, p(w) is simply the
total number of appearances of a word in a document divided by the total number of words in the
document. p(w) is not convenient to use as rank for words because many words are likely to
share the same counts. This requires breaking quite a number of ties when ranking words. To
overcome this problem, we give further importance to a topic by raising it to an integer power, .
This makes the score for a word to be different from the empirical distribution p(w) and no two

words to have the same score. The new score becomes (equation 3.12 below)
score(w) = Z[p(z)]“p(wlz) (312)

After assigning ranks to words based on equation 3.12, we select L words that have the highest

SCores.
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Feature Creation

This stage assigns a set of features to each sentence of the document. For a single sentence, L
number of features are calculated. The feature measures the degree to which the sentence
contains the keyword. This can be calculated using the joint probability distribution of p(w, s)
(joint term by sentence matrix). The value p(w,s) gives a measure of the probabilistic co-

occurrence count of a word and a sentence.

Sentence Scoring

The feature selection stage defines the events (wy, s,,) for a sentence s,,, where [ = 1,2,...,L. The
probability of each event gives us a measure of the occurrence of a word w; in a sentence s,,. If
we consider the probability that all events happen for sentence s,,, then this gives us a measure of
sentence s,, containing all of the selected keywords. The probability of all events for the sentence
sn,» p(AllEvents,), then serves as a score for that sentence. Using the bag-of-words assumption

of the PLSA model, the score given to a sentence s,, becomes (equation 3.13 below),

score(s,) = p(AllEvents,) = | [powisn) = | [Gswponl s
=1 =1

= [0 ) pwlzpeals) 1
=1 z

L

= 1| [ ptwl2dw(ls) (3.13)

=1

Using the symmetric graphical model of PLSA we can write
p(w,s) = Z p(2)pWl2)p(slz) = Z p(w, 2)p(slz) (3.14)

This expression can also be used in equation 3.13. Equation 3.14 shows us that the score of
equation 3.13 cannot be simplified further because the term which is common to all sentences,

p(wy, z), is coupled with other terms using addition.
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Pseudocode
Unlike the implementations of Approach 1, JWS needs to be implemented by following each of
the stages described above since its score does not degenerate to a simpler form. The pseudocode

for JWS is given in algorithm 3.3 below:

Algorithm 3.3: Sentence scoring with JWS algorithm

Input
e PLSAParameters
e termBySentence matrix
e L (Number of Keywords)
e a (Used for term ranking)

1. for each unique word in the document w, do

wordScores(m)= Y. [p(2)]“p(w,,|2)
. end for

2
3. Choose L high scoring words from wordScores and use them as keywords
4. for each sentence s, do

sentenceScores(n)=Xi.; In (p(sn) X, p(wil2)p(zls,))
5. end for
6. predictivelLogLikelihood = logL(PLSAParmeters, termBySentence)

Output
e sentenceScores
e predictivelLoglLikelihood

As can be seen from step 4, we calculated the natural logarithm of equation 3.13 for
implementation purposes. Hence, the product of p(wy, s,) becomes a summation. The reason we
use logarithm is that because the number of keywords would be quite large and the value
p(wy, s,) would be very small, the score for the sentence would evaluate to zero since it would

be too small for the computer to hold.

Discussion

JWS is related to PROC3 of (Bhandari et al. 2008). PROC3 uses p(s) as sentence rank while
JWS uses [p(s)]* and weights it with sentence-specific word distributions, p(w|s), of the
selected keywords. JWS is similar to JWTS since both use joint probabilities for scoring. We
also note that the use of p(w, s) for sentence ranking makes use of all senses/topics of a word as
can be seen from equation 3.13. This is not a problem here since the keyword extraction

procedure also considers all topics of a word during sentence ranking.
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3.6.2.2. CWS Algorithm

Keyword Selection

The keyword selection strategy of CWS is the same as JWS. The main contents of the document
are represented by selecting L high ranking terms, where equation 3.12 is used for giving scores

to words of the document.

Feature Creation

This stage assigns a set of features to each sentence of the document. As in JWS, a single
sentence is assigned a total of L number of features. The feature measures the degree to which
the sentence contains the keyword. Instead of using p(w, s) to check for the presence of a word
in a sentence, it uses p(w|s) (conditional term by sentence matrix) to create the features for a
sentence. This means that CWS measures the relative occurrence/importance of a word with

respect to other words in the sentence.

Sentence Scoring

The feature selection stage defines the events (w,,s,) for a sentence s, conditioned on the
appearance of s, where l = 1,2,..., L. The probability of each event gives us a measure of the
occurrence of a word w; given that sentence s,, occurs. If we consider the probability that all
events happen for sentence s,,, then this gives us a normalized measure of sentence s,, containing
all of the selected keywords. The probability of all events for the sentence s,,, p(AllEvents,),
then serves as a score for that sentence. Using the bag-of-words assumption of the PLSA model,

the score given to a sentence s,, becomes (equation 3.15 below),

score(s,) = p(AllEvents,) = np(wl| Sp) = nz pw|2)p(z|s,) (3.15)
1=1 =1 z

The score of equation 3.15 cannot be simplified further because of the coupling between

different values of p(w|z) using addition.
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Pseudocode
Like JWS, CWS can be implemented by following each of the stages described above. The

pseudocode for CWS is given in algorithm 3.4 below:

Algorithm 3.4: Sentence scoring with CWS algorithm

Input
e PLSAParameters
e termBySentence matrix
e L (Number of Keywords)
e a (Used for term ranking)

1. for each unique word in the document w, do
wordscores(m)= X, [p(2)] p(w,,|z)
2. end for
3. Choose L high scoring words from wordScores and use them as keywords
4. for each sentence s, do
sentenceScores(n)= Y, In &, p(w,12)p(zls,))
5. end for
6. predictivelLogLikelihood = logL(PLSAParmeters, termBySentence)

Output
e sentenceScores
e predictiveloglLikelihood

Discussion

Looking at the third row of equation 3.13, we see that JWS relates to CWS in that while CWS
uses only p(w|s) for ranking, JWS also makes use of the sentence length p(s). CWS is similar
to CWTS in that that both use conditional probabilities given a sentence. That is, they normalize

sentence length when forming sentence scores.
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3.6.3. Approach 3

Approach 3 consists of the algorithms KITS (keywords in topic simplex) and KIVSM (keywords
in vector space model). Its keyword selection strategy is like that of approach 2 where top
ranking keywords of the document that are dominant across all topics are selected. Unlike the
keyword selection strategy used by Approach 1, the keyword selection procedure used here lends
itself to another method of sentence ranking algorithm, namely, representing the selected
keywords in the same manner as the sentences in a space (topic simplex in the case of KITS and
VSM in the case of KIVSM) and selecting sentences that are most similar to the keywords. Each
algorithm is discussed in detail in the sections that follow.

3.6.3.1. KITS Algorithm

Keyword Selection

The keyword selection strategy of KITS is the same as the one used in Approach 2. Equation
3.12 is used to select L high ranking terms of the document so as to represent the main points of

the document.

Feature Creation

This stage assigns features to the sentences of the document and the keywords. This feature is
given by the representation of the sentences and documents in the topic simplex. A sentence is
represented by p(w|s), which is a point in the topic simplex. In the PLSA model, this is given by
equation 2.10 of section 2.3.3. To represent the keywords in the same manner as the sentences in
the topic simplex, we concatenate the keywords as one sentence and treat them as a query, q.
Then this query is folded into the topic simplex (see section 2.3.3) to give a representation of the

query, p(w|q), by following the procedure put forward by (Hofmann 1999b).

Sentence Scoring

The folding process we used in the feature selection step gives us a representation of the
keywords in the topic simplex, p(w|q), which is obtained from the topic mixture of the
keywords estimated during folding, p(z|q). This topic mixture is characteristic of the identities

of each keyword. In a similar fashion, the representation of a sentence in the topic simplex,
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p(w|s), is characteristic of the words it contains as estimated from the PLSA model. Thus,
comparing the representations of sentences, p(wls), and keywords, p(w|q), by similarity
measures such as the KL (Kullback Leibler) divergence, JS (Jensen-Shannon ) divergence and
cosine (section 2.3.4 ) amounts to another way of measuring term overlap between sentences and
the keyword. The score for a sentence would then be its similarity with g as measured by any

one of the three similarity measures mentioned above.

Pseudocode

The pseudocode for KITS is given in algorithm 3.5 below.

Algorithm 3.5: Sentence scoring with KITS algorithm

e PLSAParameters

e termBySentence matrix (M % N)

e L (Number of Keywords)

e a (Used for term ranking)

e similarityMeasure (can have the values of KL, JS, or cosine)

e iIterations (the number of iterations to be performed during folding)
e pBf (tempering parameter used for folding)

1. for each unique word in the document w, do
wordScores(m)= Y. [p(2)]“p(w,,|2)
2. end for
3. Choose L high scoring words from wordScores and use them as keywords
4. Form the keywords query, Query. Query is an Mx1 matrix. It has a one
entry at the 1index of the keywords (index 1is according to the input
termBySentence matrix) and a zero entry elsewhere.
5. p(z|lqg) = fold(Query, p(w|z), iterations, (f)
6. p(wlq) = X,pWl2)p(zlq)
7. for each sentence s, do
pwisy) = X p(wlz)p(zlsy,)
8. end for
9. for each sentence s, do
sentenceScores(n)= similarity between p(w|q) and p(w]|s,) measured using
similarityMeasure
10. end for
11. predictivelLoglLikelihood = logL(PLSAParmeters, termBySentence)

Output
e sentenceScores
e predictiveloglLikelihood

In algorithm 3.5, fold is a function that performs the folding operation.
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Discussion

KITS is similar to TopicLSA — Genre because it uses the low dimensional representation
provided by PLSA. However, it is different by its method of keyword extraction. Unlike
TopicLSA - Genre, the ranking procedure of KITS is in line with its keyword extraction
procedure. Because a keyword is selected by considering all of its topics, folding it into the topic
simplex will not be a concern for KITS. Algorithms of Approach 1 cannot use this folding
approach without modifications because the folding process adds senses of words for which they
were not selected for.

3.6.3.2. KIVSM Algorithm

Keyword Selection

KIVSA selects keywords of the document in the same manner as KITS. It uses equation 3.12 to
select L high ranking terms of the document so as to represent the main concepts of the

document.

Feature Creation

KIVSM uses the vector space model (VSM) to create features for the sentences of the document
and the keywords that result from the keyword selection phase. It constructs a VSM from the
original term by sentence matrix of the document taking the terms as the axes of the space. A
sentence is then assigned to a point in the resulting space according to its coordinates which is
given in the original term by sentence matrix of the document. This point will serve as a feature
for the sentence. To assign a feature to the keywords, they are first treated as one sentence. Then,
this keywords sentence (query) is plotted just like a sentence in the VSM space, associating it
with a single point. This point will serve as a feature that characterizes the keywords.

Sentence Scoring

Just like the sentence scoring phases for the other algorithms, KIVSM tries to measure the term
overlap between the keywords and each sentence. Since the sentences and the keyword are found
in a VSM space, we calculate the similarity between a sentence and the keywords query using
either the cosine or dot product similarity measures. This similarity between a sentence and a
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query will serve as the sentence score. When KIVSM is used with the cosine similarity, we can
label it as KIVSM-cos, and when used with the dot product, we can label it as KIVSM-dot.

Pseudocode
The pseudocode for KIVSM is given in algorithm 3.6 below.

Algorithm 3.6: Sentence scoring with KIVSM algorithm

e PLSAParameters

e termBySentence matrix (M xN)

e L (Number of Keywords)

e a (Used for term ranking)

o similarityMeasure (can have the values of cosine or the dot product)

1. for each unique word in the document w, do

wordScores(m)= Y. [p(2)]“p(w,,|2)
2. end for

3. Choose L high scoring words from wordScores and use them as keywords
4. Form the keywords query, Query. Query is an Mx1 matrix. It has a one
entry at the 1index of the keywords (index 1is according to the input
termBySentence matrix) and a zero entry elsewhere.
5. for each sentence s, do
sentenceScores(n)= similarity between a column of the termBySentence
matrix corresponding to sentence s, and Query
measured using similarityMeasure
6. end for
7. predictivelLoglLikelihood = logL(PLSAParmeters, termBySentence)

Output
e sentenceScores
e predictivelLoglLikelihood

Discussion

This algorithm is similar to KITS except for the fact that it uses VSM to represent sentences and
keywords. We have created this algorithm to assess the advantages of using the PLSA model by
the JWS, CWS and KITS algorithms to estimate the presence of keywords of the document in

the various sentences.

JWS, CWS and KITS make use of the resulting PLSA model to reliably estimate the degree to
which the keywords are contained in each sentence. JWS and CWS make use of p(w,s) and
p(w|s) respectively to score sentences. As shown in equations 3.13 and 3.15, both p(w, s) and

p(w|s) are calculated from parameters of the PLSA model rather than the empirical distributions
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of p(w,s) = n(w,s)/2,sn(w,s) and p(w|s) = n(w,s)/n(s). In a similar fashion, KITS
makes use of p(w|q) as estimated from the PLSA model. In contrast to this, KIVSM makes use
of the sparse original term by sentence matrix. But this algorithm makes use of the same
keyword extraction method as JWS, CWS and KITS. For this reason, KIVSM can be called a
half-concept-based approach.

3.6.4. Score Averaging

At the heart of creation of the PLSA model is the Expectation Maximization (EM) algorithm
(section 2.3.3). The EM algorithm tries to find the local maximum of the likelihood function, L,
of the document to be summarized. EM proceeds by starting from random initial values for
parameters of the PLSA model (p(s|z) and p(w|z)) and iteratively recompute these parameters
to converge at a local maximum. Because there are many local maxima for £, different runs of
the PLSA model results in different model parameters. To overcome this issue (Brants et al.
2002), in their document segmentation work, propose to generate five different scores using five
different runs of the EM algorithm and average the results to get the final score. Their work
shows that results are improved when compared to a system that uses only one run of the EM
algorithm.

The algorithms that have been discussed in sections 3.6.1, 3.6.2 and 3.6.3 can be implemented
without using this step. But we expect that they would suffer from relatively poor summarization
performance when compared to the implementation that uses the score averaging component.
Following (Brants et al. 2002), we also use model averaging to help improve the performance of
the proposed summarization system. Thus, what the score averaging component does is, it
accepts scores from different runs of a sentence ranking algorithm, averages the scores for the
different runs and finally assigns this value as the final score to the sentences. The model
averaging scheme we follow is detailed in section 4.3.1.
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3.6.5. Sentence Selection

The last task performed in the sentence ranking sub-system is sentence selection. It selects
sentences that have the highest score according to the scores that result from the score averaging
component. In addition to this, we took advantage of the fact that we experiment with news
articles. It has been observed that the first few sentences of a news article bear important
information (Nenkova 2005). To use this fact in our summarization algorithms, we follow the
work of (Ledeneva 2008). Ledeneva modifies her ranking algorithms in such a way that
k best+first sentences are always selected, where k best means the k top ranked sentences
according to her proposed ranking algorithms. This means that when she wants to select S
sentences for the summary, she selects S — kbest number of first sentences of the document and
then select kbest sentences from her proposed ranking algorithms. The best summarizer is found
when k = 1, i.e., only one sentence is chosen using her proposed algorithm while the rest of the

sentences come from the first sentences of the document.

In contrast to this, we plan to use only the first sentence of the document as the sentence that
needs to be always included in the summary. The rest of the sentences would come from our
ranking algorithms. This may not give the maximum performance for our system, but instead we
would like to investigate the strength of the proposed ranking algorithms by giving them

minimum support.

To sum up, the steps followed during sentence selection are:
1. Accept sentence scores from the score averaging component.
2. Sort the sentence scores.
3. Pick the top ranking sentences. The number of top ranking sentences selected is given by
extraction rate %X total number of sentences in the document.
4. If the first sentence has not been selected at step 3, it is included at the expense of the
lowest ranking sentence that has been selected as a summary sentence in step 3.
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3.7. Summary

In this chapter, we proposed six new keyword-based text summarization algorithms using PLSA.
The six algorithms are divided into three approaches. Approach 1: consisting of algorithms
JWTS and CWTS. Approach 2: consisting of JWS and CWS. Approach 3: consisting of KITS
and KIVSM.

Unlike most of the previous works (except TopicLSA by Melese 2009), the algorithms make use
of the term by concept matrix that result from topic modeling. All of the proposed algorithms
have two major steps: keyword selection and sentence ranking. Keywords of the document are
selected by making use of the term by concept matrix. The keywords represent the main points
of the text to be included in the summary. The sentence ranking step estimates the presence of
the selected keywords in each sentence. Sentences that best contain the selected keywords are
selected to form the document summary. Since we experiment with news articles, the sentence
ranking algorithm is designed to always select the first sentence of the document in order to take
advantage of the fact that important information exists near the beginning of news articles most

of the time.

Our work is different from TopicLSA in two major ways:

1. While TopicLSA uses LSA to represent topics of the document, we use PLSA. PLSA
suits discrete data such as text documents and is shown to outperform LSA based systems
in many experiments. This way, our algorithms take advantage of topics that have been
identified with PLSA which has been specifically designed for discrete data.

2. We identified TopicLSA as a keyword approach and showed that its keyword ranking
and sentence ranking algorithms are not in tune. In contrast to this, the algorithms we
proposed have sentence ranking algorithms that make appropriate use of the selected
keywords.

In order to fulfill point 2 cited above, we proposed to use two different keyword selection
strategies. The first strategy has been used by TopicLSA,; it selects top ranking terms from each
topic/concept as identified from the PLSA model. Approach 1 uses this strategy. Folding the
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resulting keywords in the topic simplex, like in TopicLSA, and using it for ranking will not yield
a sound sentence ranking algorithm for the keyword selection strategy of Approach 1. Instead,
we propose to use a ranking algorithm that selects a sentence that has a high value for the
joint/conditional probability of the keywords, topics of the keywords from which they were
selected for and the sentence. When the joint probability is used, we get the ranking algorithm
JWTS. When the conditional probability is used, we get the ranking algorithm CWTS. In
information retrieval applications, the conditional probability measure is usually used so as to
give equal chance for a long and short sentence to be selected. But the requirement could be
different for the task of text summarization and hence we want to see the application of the joint

probability measure to the task at hand.

To use the folding approach like TopicLSA, we proposed the second keyword selection strategy
that selects keywords by considering their score with respect to each topic. This way, we can use
the folding approach. The resulting algorithm is KITS of Approach 3. Approaches 2 and 3 make
use of this keyword selection strategy. We also considered ranking algorithms that are similar to
algorithms of Approach 1 when ranking. This results in Approach 2. Approach 2 selects a
sentence that has a high score for the joint/conditional probability of the keywords and a
sentence. When joint probability is used, we get JWS. When conditional probability is used we
get CWS. Finally, to investigate whether detecting keywords from the reliable PLSA
representation is really advantageous when compared to the original sparse term by sentence
matrix, we proposed the KIVSM algorithm of Approach 3. This algorithm is similar to KITS.
While KITS uses the topic simplex to represent keywords as query, KIVSM uses the vector
space model of the original sparse term by sentence matrix to represent keywords as query.
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Chapter 4. Evaluation

This chapter presents the evaluation we carried out on the summarization methods we proposed
in chapter 3. Section 4.1 presents implementation details such as libraries of modules used to
implement the proposed methods and the way the summarizers are implemented for the
evaluation purpose. The data corpus used for evaluation, the evaluation procedure we followed
and discussion of systems implemented by other authors used for comparison purposes with the
proposed algorithms are covered in section 4.2. In Section 4.3, we present in detail the
experimental setup used, results of the experiments and discussion of the results. Section 4.4

presents an overall discussion of our experimental findings.

4.1. Implementation Details

We implemented the various algorithms we proposed for Amharic text summarization in order to

evaluate their performance.

As pointed out in section 3.4, we used the pre-processing module as adopted/implemented by
(Melese 2009) from the work of (Tessema 2007). We also used Melese’s term by sentence
construction module in our work. The pre-processing module makes use of, Lucene®, which is an
open-source information retrieval library implemented in Java. We have used JAMA’ for making
computations associated with matrices since it makes the calculations much easier to implement.
We have used MathWork and NIST’s reference implementation of JAMA.

Since we carry out a large number of experiments, we have made the evaluation process fully
automated. Because of this, the architecture of the summarizer contains a component, labeled
“evaluation on precision/recall”, which is used for evaluation purposes. Thus, the summarizer
calculates precision/recall for each summarized document according to fixed parameters as per
the requirements of the experiment being run, then calculates the average precision/recall for all
the documents and finally writes the result in a file. Typically, in a single run for a given set of

parameters, 135 or 160 files are produced. So, java code is written to read the resulting

® http://lucene.apache.org
" http://math.nist.gov/javanumerics/jama
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precision/recall results from the files, which are later transferred to Microsoft Excel for further

analysis.

Each of the six algorithms that are evaluated has its own class. In order to make the
implementation modular and make code reuse between each classes easier, we have used three
methods for each class. Each class contains the methods:

e rank

e score

e exp

rank produces scores for each sentence of the document using a single PLSA model for a fixed
set of parameters. The method score is used to create the final score for each sentence by
summing scores that result from calling rank repeatedly for a number of random restarts of the
PLSA model. exp accepts list of summary sentence numbers from score, calculates
precision/recall for each document, averages the precision/recall from all documents and finally
writes the resulting average value to a file. As a sample, we have put the java class for JWTS in

Appendix E.

We experiment for the three extraction rates of 30, 25 and 20%. The required extraction rate is
passed only to score and exp. score uses the extraction rate to limit the number of sentences it
returns to exp. exp uses the extraction rate value as follows: if the extraction rate is 30%, it
generates precision/recall results for 25 and 20% as well, otherwise only the indicated extraction
rate has its precision/recall result calculated. During all of our experimentation, we have passed
the extraction rate of 30% to exp (and hence to score) in order to limit the running time for the
experiments. When a document is summarized, score always selects the top ranking sentences
according to the extraction rate. For example, if a document has a total of 30 sentences and the
extraction rate is 30%, then 30 x 0.3 = 9 sentences are extracted. Once these 9 sentences reach
exp, it reduces them to a length required for producing 25% (8 sentences) and 20% (6 sentences)
rate summaries. This way, we have reduced the total running time of our experiments by two-
thirds.
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4.2. Experimental Settings

This section describes the preparations made to carry out experiments that test the performance

of the proposed summarization systems.

4.2.1. Data Corpus

60 Amharic news articles are used for the experiment. 47 of the documents are acquired from
Melese’s work (Melese 2009), while we have added 13 new documents, taken from the

Ethiopian Reporter website®. Table 4.1 below provides the statistics of the corpus.

Table 4.1: Corpus statistics.

Corpus Attribute Value

Number of documents 60

Minimum number of sentences per document 10

Maximum number of sentences per document | 45

Average number of sentences per document 27
Minimum number of words per document 382
Maximum number of words per document 933
Average number of words per document 585

Three independent human evaluators were used to generate ideal summaries for the 60
documents against which the summaries produced by our systems are compared. Thus, a single
document has three summaries, one per each evaluator. Each evaluator was asked to select
sentences that s/he considers the best that summarizes the content of each document. The number
of sentences selected at a given extraction rate is obtained by multiplying the total number of
sentences of the document without the title by the extraction rate and rounding off the result to
the nearest integer. The evaluators were asked to generate summaries for the three extraction
rates of 30%, 25% and 20%. Once they select the sentences for the 30% extraction rate, they

were asked to eliminate the required number of sentences from those selected for 30% to reach at

& http://www.ethiopianreporter.com
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25% extraction rate summaries. In a similar fashion, to get summaries for 20% extraction rate,

the required number of sentences is removed from those selected for the 25% extraction rate.

The work of (Brown and Day 1983) identifies six basic rules of generating abstractive
summarization. Because the ideal summaries we require are extractive, only two of these rules
are relevant to our work. The rules we use are

1. Deletion of material that is trivial

2. Deletion of material that is redundant even if it is important.

These two rules were given to the human summarizers in addition to other instructions to prepare
the ideal summaries. See Appendix A for the guideline and instructions we used for the

preparation of ideal summaries.

4.2.2. Evaluation Procedure

In order to evaluate the performance of the summarization systems, we have used the
precision/recall/F-measure metric (see section 2.2.1). This metric is used because our
summarization systems produce extractive summarization and the ideal summaries are also

composed of whole sentences extracted from the summarized document.

Because the number of sentences chosen by both humans and the system are always the same,
equations 2.1, 2.2 and 2.3 give the same result. This means that precision, recall and F-measure
have all the same values. To reflect this, we have indicated the performance results as

“precision/recall” in all cases.

A given summarization algorithm is evaluated for precision/recall according to the following
steps:
1. Calculate the precision/recall obtained by summaries of the algorithm for all documents

with respect to each ideal summary.
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2. Sum up all of the resulting precision/recall values and divide it by 60 x 3 = 180. This
gives the average precision/recall attained by the algorithm with respect to the 60

documents and the three human evaluators.

4.2.3. Compared Systems

There are a number of single-document summarization systems developed by different scholars
for different languages. We have selected systems which are implemented using topic modeling
approaches (LSA and PLSA) that are reported to have performed the best. TopicLSA is selected
to represent systems that are implemented using LSA, while PROC3 is used to represent systems
that are implemented using PLSA. We have not found a single-document text summarization
system that has been implemented using LDA. We have included two additional summarizers
(random summarizer and first n sentences summarizer) that are used as baselines. See table 4.2
for the performance of these summarizers. The performance of each of the above summarizers

has been tested using our Amharic corpus.

Random Summarizer
This summarizer selects summary sentences randomly. Following the work of (Steinberger and

Jezek 2004; Ledeneva 2008), we report the average of 10 runs of the random summarizer.

First n Sentences

This summarizer gives the highest importance to the first sentence, then the second sentence and
so on, ranking the last sentence of the document the lowest. Depending on the extraction rate and
the number of sentences of the document, this summarizer selects the first n sentences of the
document (n = extraction rate X number of sentences). We chose this summarizer because
it is considered a very strong baseline in the domain of news articles (Nenkova 2005). This is
because of the journalistic tendency of putting the most important points of an article in the
initial paragraphs.
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TopicLSA

This is a system by (Melese 2009) discussed in sections 2.4.5 and 3.1. Experiments by (Melese
2009) have shown that TopicLSA outperforms other LSA based single-document summarization
systems. To get the precision/recall score for TopicLSA we have run the algorithm for the 16
term weighting functions and six number of terms (3, 5, 6, 8, 10, and 15) as specified in (Melese
2009). This means that we have 16 x 6 = 96 system variations for the algorithm. The scores

shown in table 4.2 are the maximum for each extraction rate out of the 96 system variations.

PROC 3/PROC 3+

PROC 3 is a system by (Bhandari et al. 2008) discussed in section 2.4.5. It is the best reported
system using PLSA for single-document summarization. We have also created a new algorithm
by modifying the original algorithm in such a way that it always includes the first sentence of the
document, giving rise to the PROC3+ algorithm. In this manner, we can compare our work with
that of (Bhandari et al. 2008) more interestingly since some of our algorithms relate to PROCS.
As discussed in section 2.4.5, this system uses p(s) to rank each sentence. However, p(s) is
simply the normalized word count of a sentence (without stop words), as discussed in section

2.3.3. Thus, in other terms, PROC3 can be called Longest Sentences summarizer.

PROC3 is implemented in (Bhandari et al. 2008) using p(s) =Y., p(s|z)p(z), where the
parameters p(s|z) and p(z) are from the symmetric graphical model of PLSA. However, this
implementation is prone to the randomized initial conditions of the PLSA model as far as getting
the true word count of a sentence, p(s), is concerned. This can be verified from their work where
different runs of PROC3 for various numbers of topics give different results in ROUGE scores.
The highest score is achieved when the number of topics is 2. In contrast, we use the
asymmetrical model of PLSA and are able to get the accurate value of p(s) so that there is no
need to carry out experiments on PROC3 for the various parameters of the PLSA model such as
the number of topics. In fact, under the asymmetric model of PLSA, the value of p(s) is

independent of all parameters of the PLSA model.

Because of the way our sorting algorithm is implemented, if we have two sentences that have the
same length (word count), then the sentence that appears first in document gets selected. This is a
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desirable behavior since news reports tend to put important information in the beginnings of the
document rather than at the end.

Table 4.2 below gives the precision/recall value for each of the systems discussed above.

Table 4.2: Precision/Recall values for compared systems.

Precision/Recall

Compared System Extraction Rate (%0)

30 25 20
Random Summarizer 0.30973 | 0.26208 | 0.20345
First n Sentences 0.45770 | 0.45675 | 0.46689
TopicLSA 0.43946 | 0.41611 | 0.37202
PROC3 0.44956 | 0.39045 | 0.30935
PROC3+ 0.51383 | 0.46147 | 0.42990

As table 4.2 shows, the best systems are PROC3+, for 30% and 25%, and First n Sentences, for
20%. We can see from the table that addition of the first sentence to PROC3 gives a big
difference in the scores. PROC3 performs better than TopicLSA at 30% but is outperformed at
25% and 20% extraction rates. The Random summarizer is the least performing system and is
outperformed by all the other systems by a big margin. It can be observed from the table that for
the kind of texts we experimented with (news articles), the First n Sentences heuristic always
performs better than the Longest Sentences (PROC3) heuristic. The difference becomes more

significant at lower extraction rates.

4.3. Experiments

This section describes the way we designed our experiments to evaluate the performance of the
proposed summarization algorithms and presents the results. Our summarization algorithms have
a number of parameters. To account for this, we have designed our experiments so that they
would be manageable in size. Section 4.3.1 discusses the parameters and the values they have.
We have carried out six experiments in total, one for each algorithm. The experiments are
presented from section 4.3.2 up to 4.3.9.
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4.3.1. Setting System Parameters for the Experiments

Scoring Method

As discussed in section 3.6.4, we use score averaging to help improve our PLSA-based
summarizer. In order to take this into account, we define a parameter called scoring method. We
define scoring method to be which of the models of PLSA that result from different runs of the
EM algorithm are used to create the average score for a sentence. It is to be noted that each

PLSA model is obtained from random initial conditions.

To counter act the randomized initial conditions of the EM (Expectation Maximization)
algorithm during creation of a PLSA model and hence achieve better precision/recall result, we
have explored 13 different scoring methods. In his information retrieval experiments, Hofmann
(Hofmann 2001) observed that the global maximum and local maxima produce models that have
low performance when compared to other models that are obtained by running the PLSA
algorithm. We use this finding in the following manner. Out of, say, 20 restarted PLSA models
which of the models should we use? The models that have the best likelihood values, £ (which
are possible local maxima), or the models that have “poor” £? Thus we define the Position
parameter as being top, bottom or all. Top means that we use the top models out of all of the
restarted models, say 5 out of a total of 20. Bottom refers to models with lower values for £
including the lowest model in terms of £ and all means that we use all the generated models. In
the works of (Brants 2002; Hennig 2009), 5 different models are generated to get an average
scores. In the hope of getting better results, we explore the use of 1, 5, 10, 15 and 20 different
PLSA models. We have limited the maximum value to 20 because of compromise made with
respect to computational time. When these numbers of models are combined with the three

position parameters, we get 13 different scoring methods, shown in table 4.3.
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Table 4.3: Scoring Methods

Position | Number of Models Scoring Method
1 1 random start
5 5 restarts’
All 10 10 restarts
15 15 restarts
20 20 restarts
1 Top 1 of 20 restarts
5 Top 5 of 20 restarts
Top 10 Top 10 of 20 restarts
15 Top 15 of 20 restarts
20 Top 20 of 20 restarts (same as 20 restarts)
1 Bottom 1 of 20 restarts
5 Bottom 5 of 20 restarts
Bottom 10 Bottom 10 of 20 restarts
15 Bottom 15 of 20 restarts
20 Bottom 20 of 20 restarts (same as 20 restarts)

We have avoided scoring methods such as top 5 of 10 restarts. This is because of our assumption
that more number of models help better in the exploration of good models than small number of
models. The Position parameter of all is meant to represent a mix of models with high, medium

and low values of L.

Tempering Parameter, B, for Generating the PLSA Model

This value is used during the construction of the PLSA model via the EM algorithm (see section
2.3.3). According to (Hofmann 2001), g falls in the range of 0.6 to 1(inclusive). We have also
run experiments on three representative documents'® (small, medium and large sized documents)
from our data set to see the effect of 8 on the resulting PLSA models. We have found that for
values of f below 0.6, the resulting models of p(w|z) for different topics are almost equal.
Because of this we have limited the value of g between 0.6 and 1. According to the tempered

EM (TEM) algorithm of (Hofmann 2001), g has the maximum value of 1, which is considered as

° Note that for all scoring methods, “restarts” refers to independently generated models, each generated from random
initial conditions.
19 These three documents are used throughout our experiments when the need arises.
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the unmodified EM algorithm. The actual values of 8 used in our experiments are 0.6, 0.65, 0.7,
0.75, 0.8, 0.85, 0.9, 0.95, and 1.

Tempering Parameter, g f, for Folding

During the process of folding into a trained PLSA model we may use either EM (Brants et al.
2002; Monay 2007) or TEM (Hofmann 1999b). We have carried out some experiments on three
representative data sets. In our work, the main reason we used TEM in the training of a PLSA
model is to reduce the effect of local maxima during convergence. The folding operation
proceeds by minimization of the KL divergence between the query and points of the topic
simplex (Hofmann 1999b). According to our experiments, we have observed only one maximum

during the folding operation. For this reason, the value of Sf has been fixed to 1.

Convergence criterion (%) for Generating the PLSA Model

The iterative EM algorithm performs a maximization process while finding parameters of the
PLSA model. The question here is when do we judge to have attained enough maximum value
of L.

We have referred to the literature and found only one work that discusses the value for the
convergence criterion (Brants et al. 2002). They report that an iteration of 20 of the EM
algorithm usually suffices (they use a value of 1 for £ througout their experiments). We
conducted our own experiments to take a closer look at the behavior of the EM algorithm while
iterating. For this, we used three representative documents and studied the values attained by
successive values of £ under different values of other parameters of the PLSA model such as the

number of topics, g and different randomized initial conditions.
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Figure 4.1: Predictive log-likelihood for a sample document (5 topics, g = 0.85).

Figure 4.1 shows the progression of £ for a sample document when the number of topics is five
and g is 0.85. From the experiments we conducted, we identified three points of interest. We call
them characteristic points of £. The first one is when the iteration is at 11. This point, as can be
seen from the graph, is the “turning point” where £ is just about to start to stabilize. The second
point, when the iteration is 19, corresponds to the point used by (Brants et al. 2002). This point
can be identified as when £ has almost stabilized (“stabilization point”). The third point, x = 34,
can be associated with a point (“overtraining point™) that is close to a local maximum. As we go
closer and closer to a local maximum like the third point does, we have what we call overtraining
(Brants et al. 2002), where £ changes by a very small margin at each iteration. Points of
overtraining have shown poor performance in information retrieval experiments (Hofmann
2001).

As discussed in section 3.5, the convergence criterion is measured in percentage. The main
reason for the adoption of % value is that for different documents and different parameters of the
PLSA model, the number of iterations are not reliable indicators of when the characteristic points
appear. For example, for low values of £ such as 0.65, the stabilization point of £ may appear
when the number of iterations has reached in the 40s.
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Based on our experiments with three sample documents from our data sets, we have assigned the
convergence criterion for the various points:

e 0.9% for the turning point

e 0.03% for the stabilization point

e 0.007% for the overtraining point.

Depending on the document and the model parameters, the convergence criterion of 0.9% may
result roughly in 5 to 15 iterations. So, increasing the convergence criterion beyond 0.9% might
cause undertraining. As discussed above, the value of 0.03% is selected based on the work of
(Brants et al. 2002). We have chosen the value of 0.007% to fairly represent points of

overtraining, without going very near to the local maximum.

Convergence criterion (Number of Iterations) for Folding

In the information retrieval (Brants 2002) and document segmentation (Brants et al. 2002)
papers, the authors write that only a very small number of iterations are sufficient for the folding
operation. We also performed our own experiments based on three documents. Figure 4.2 shows
the plot of the log-likelihood of a query for five number of topics, § = 0.85 and number of
keywords = 20%. The plot is quite smoother than that of figure 4.1, perhaps attributable to the
existence of only one local maximum. We tried to determine characteristic points for the log-
likelihood by measuring the convergence criterion in % value. However, we could not get
consistent % value for our candidate characteristic points. Instead, we opted for the number of
iterations for measurement of the convergence criterion, which surprisingly gives quite accurate

identification of properties of the log-likelihood.

As the figure shows, at about five iterations, we achieve convergence value, which is quite a
small number of iterations. But, from our experiments, we saw that, to achieve a very precise
point of the local maximum it usually requires a very large number of iterations, such as 100,
depending on the type of document and the parameters of the PLSA model. Because we are not
sure of the effect of overtraining on the performance of our summarization algorithm, KITS, we

planned to experiment for a large number of iterations: 5, 10, 15, 20, 30, 40, 60, 100, and 200.
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Figure 4.2: Log-likelihood for a sample document (5 topics, f = 0.85, Number of
keywords=20%).

Number of Topics

The use of increasingly larger number of topics has shown a continuous improvement in
performance in information retrieval experiments (Hofmann 2001). Hofmann indicates that the
number of topics can even be higher than the rank of the term by sentence matrix (which is not
the case of LSA). However, for the case of single-document text summarization, where the term
by sentence matrix is quite sparse and the topics discussed are usually small, we believe that the
number of topics 2, 3, 4, 5 and 6 give us a reasonable exploration of the effect of this parameter.
The work of (Bhandari et al. 2008) also uses these number of topics for their experiments.

Term Ranking Parameter, a

For this parameter we have used the values of 2, 3, 4, and 5. Higher values are still possible but
this increases the number of our experiments by a big margin. We believe that this set of values
give us enough values to see the effect of this parameter in altering the empirical distribution of

p(w) in order to give rank to words of the document summarized.
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Number of Keywords (%0)
As a starting point to decide the values of this parameter, we rely on TopicLSA (Melese 2009).
We use experiments we conducted on TopicLSA on our own data set. TopicLSA selects a fixed
number of terms (3, 5, 6, 8, 10, or 15) from each of the dimensions of the reduced term by
concept matrix to form a query. To determine what percentage of unique terms™! this
corresponds to, we use the following calculations:
e If we select ] number of terms from a single dimension, then the total number of
keywords selected will be ] x number of topics.
e The number of topics depends on the extraction rate and the number of sentences of the
document: number of topics = number of sentences X rate.
e The percentage of unique terms selected will then be ] x number of sentences %

rate x 100/number of unique terms .

We calculated the percentage of unique terms for all the 60 documents and for the three
extraction rates as well. For each extraction rate we chose J of the best performing system. This
value is 10 for 30% and 25% rates and 6% for the 20% rate. The results we got were quite
variable. This is expected because for fixed value of J, small documents will attain higher value
for the percentage of unique terms while large documents will attain small values. For this reason
we averaged the results for all the documents and for each extraction rate and got the following
results:

o 27.73% for 30% extraction rate

o 23.11% for 25% extraction rate

e 11.09% for 20% extraction rate

To have a wider coverage of our parameter, we took 23 as starting point and moved three steps
both to larger values and smaller values. This gives us the percentage of keywords to be 11, 14,
17, 20, 23, 26, 29, and 32.

1 We have observed that TopicLSA might include a term more than once in the query because each LSA dimension
is independent. We ignore this issue since we are carrying out a rough estimation.
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Similarity Measure

This parameter is used for KITS and KIVSM. For KITS it is used for estimating the similarity

between the folded query and the reduced representations of the sentences in the topic simplex.

We adopt the widely used similarity measures of the JS divergence (section 2.3.4), KL
divergence (section 2.3.4) and cosine (section 2.2.2) (Steyvers and Griffiths 2007; Hennig 2009).

For KIVSM we use the similarity measures of cosine and dot product. We have chosen this

similarity measures because they are widely used similarity measures in vector space models.

4.3.2. System Parameters of the Summarization Algorithms

Table 4.4 gives the association of system parameters with the various summarization algorithms.

An entry of “variable” indicates that this parameter is experimented for all of its values. An entry

of “fixed” means that the parameter is experimented for only some of its values. An entry of

“NA” means that the parameter does not exist in the algorithm.

Table 4.4: Association of the summarization algorithms with system parameters.

Algorithm
Parameters

JWTS | CWTS | JWS CWS | KITS | KIVSM
Scoring Method Variable | Variable | Fixed Fixed Fixed Fixed
B Variable | Variable | Fixed Fixed Fixed Fixed
Convergence Criterion (%) Variable | Variable | Fixed Fixed Fixed Fixed
Number of Topics Variable | Variable | Variable | Variable | Variable | Variable
a NA NA Variable | Variable | Variable | Variable
Number of Keywords (%) NA NA Variable | Variable | Variable | Variable
Similarity Measures (JS, KL, cos, dot) NA NA NA NA | Variable | Variable
Bf NA NA NA NA Fixed NA
Convergence Criterion ( Iterations) NA NA NA NA Variable NA

System parameters are fixed in some of the algorithms in order to make the number of

experiments carried out manageable in size. For the first two algorithms, JWTS and CWTS, all
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of their parameters are experimented for their values. For the rest of the algorithms, the scoring
method, £, and convergence criteria (%) are fixed to a maximum of three triples. The reason that
these parameters are fixed instead of the others is the nature of their influence in the ranking
processes of the algorithms. The purpose of these fixed parameters, together with the number of
topics, is to generate the PLSA model over which the algorithms operate on. All of the other
parameters operate on this model to give ranks to sentences. Because of this, the parameters that
we have made variable have a direct influence on how sentence ranks are generated using each
algorithm. We expect that good enough values of the scoring method, #, and convergence
criterion (%) give acceptable precision/recall results for the other algorithms. Thus, exploring the
parameters that we have made variable gives us insight on the properties of the algorithms more
than the fixed parameters give us and at the same time possible high values of precision/recall.

We have made the number of topics variable for all algorithms even though it is used in the
construction of the PLSA model. The reason is that the number of topics has a direct influence
on the ranking algorithms, as can be seen from the discussions of section 3.6.

As discussed above, we experiment JWTS and CWTS for all values of the scoring method, £,
and convergence criteria (%). We then select a maximum of three triples of these parameters
from each algorithm that best represent the three extraction rates and use these as fixed
parameter values for the rest of the algorithms. Our assumption here is that values of scoring
method, £, and convergence criteria (%) that have performed best for any two algorithms are
likely to represent the creation of good PLSA models, which can also perform well with the
other algorithms.

4.3.3. Experiment 1 — JWTS Algorithm

Goal
This experiment is carried out to assess the performance of JWTS (joint word topic sentence) in

terms of precision/recall.
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Experimental Setup

Considering the number of values the four parameters above can take, we have a total of
13x 9 x 3 x5=1755 system variations. ldeally, a single system variation needs to be
evaluated for precision/recall against all the 60 documents of our data set. However, this is a very
large number of experiments to do. For this reason, we divide experiment 1 into two different
experiments to make the size of the experiment manageable: experiment 1.1 and experiment 1.2.
The purpose of experiment 1.1 is to fix the value of scoring method for use in experiment 1.2.
We assume that the scoring method does not affect the performance of the algorithm by a
significant margin as compared to the other parameters. We will choose a maximum of three
scoring methods, each representing an extraction rate. Experiment 1.2 will test the performance
of JWTS for the chosen values of the scoring methods and for all combinations of the other
parameters (i.e. ,9x 3 x5 = 135). Thus, the performance of JWTS will be judged by the

outcome of experiment 1.2.

4.3.3.1. Experiment 1.1
Goal
The goal of this experiment is to fix the value of the scoring method parameter of JWTS to a

maximum of three different scoring methods for use in experiment 1.2.

Experimental Setup

As discussed above, we have 13 scoring methods. ldeally, each scoring method needs to be
experimented for all 135 combinations of S, convergence criterion and number of topics. Since
this approach is not feasible we designed experiment 1.1. Our aim is to choose three
representative values from the 135 triples, experiment them with the 13 scoring methods and
finally choose three best scoring methods, one for each extraction rate. We choose 2, 4 and 6 for
number of topics; 0.7, 0.8, and 0.9 for 5. These values are chosen to give a wider coverage for
the respective parameters. These values of parameters are then randomly paired. We then
randomly pair these with the three values of convergence criterion to get three random triples out
of the total of 135:

e Number of topics = 2, = 0.8, convergence criterion = 0.03%

e Number of topics =4, p = 0.7, convergence criterion = 0.9%
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e Number of topics = 6, § = 0.9, convergence criterion = 0.007%

Each triple is then experimented with all of the 13 scoring methods. When we conducted our
experiments, we observed that each run of our experiments gave slightly different results under
the same experimental conditions. This is due to the effect of randomized initial conditions of the
EM algorithm which converges to a local maximum. To overcome this effect, we run repeated
experiments and used the average value as a final result. This ensures the robustness of the
scoring methods that will be used for a large number of experiments in experiments 1,3,4,5 and
6.

Results
The full experimental results can be found in Appendix F, table F.1 (table F.1.1, table F.1.2, and
table F.1.3). Here, in table 4.5, we present the best performing parameters from each of the

triples for each extraction rate.

Table 4.5: Best performing parameters of experiment 1.1.

_ Number Convergence Preci§ion/RecaII

Scoring Method B of_ Criterion (%) Extraction Rate (%)

Topics 30 25 20
Bottom 10 of 20 restarts 0.8 5 0.03 0.48668 | 0.45203 | 0.42707
20 restarts 0.48538 | 0.45228 | 0.41672
15 restarts 0.50583 | 0.4667 | 0.4301
Top 15 of 20 restarts 0.7 4 0.9 0.49691 | 0.46052 | 0.43149
Bottom 15 of 20 restarts 0.50586 | 0.46299 | 0.42175
Bottom 1 of 20 restarts 0.9 6 0.007 0.45086 | 0.42643 | 0.39982

Discussion

The bold numbers in each triple have the best performing parameters for that specific triple,
while the results marked by bold borders have the best performing parameters from the entire
table'?. For the first triple, the scoring method of bottom 10 of 20 restarts gives the best result for
both 30 and 20% rates, while 20 restarts gives the best result for the 25% extraction rate. Unlike

12 This convention will be used throughout the thesis to differentiate the best performing parameters of a group of
experiments from the best performing parameters of the entire experiment.
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the first triple, the second triple requires three different scoring methods to represent each of the
extraction rates. 15 PLSA models, with different position parameters, give the best results for all
extraction rates. The third triple gives the lowest precision/recall result, all extraction rates
represented by bottom 1 of 20 restarts. This means that for the third triple, only one PLSA
model, which has the lowest log-likelihood out of 20 restarts, is sufficient for summarization.
The scoring methods from the second triple (8 = 0.7, number of topics = 4 and convergence
criterion (%) = 0.9) give the best results and hence they will be used in experiment 1.2. They are:

e 15 restarts

e Top 15 of 20 restarts

e Bottom 15 of 20 restarts.

4.3.3.2. Experiment 1.2
Goal

The goal of experiment 1.2 is to evaluate the performance of JWTS for precision/recall. As input,

it uses three scoring methods from experiment 1.1.

Experimental Setup
Experiment 1.2 is carried out by fixing the scoring method parameter of JWTS to the three best
scoring methods from experiment 1.1:

e 15 restarts

e Top 15 of 20 restarts

e Bottom 15 of 20 restarts.

Each of these scoring methods is then experimented for 135 system variations (triples) of the
number of topics, B, and convergence criterion. It is to be noted that each system variation is

tested for precision/recall performance on all of the 60 documents.
Results

The full experimental results can be found in Appendix F, table F.2. Table 4.6 shows the best

performing combinations of parameters of experiment 1.2 for the three scoring methods.
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Table 4.6: Best performing combinations of parameters of experiment 1.2 for the three scoring

methods.
Number Convergence Precision/Recall

Scoring Method B of_ Criterion (%) Extraction Rate (%)

Topics 30 25 20
0.65 3 0.9 0.51335 | 0.45838 | 0.42968
15 restarts 0.85 3 0.9 0.49645 | 0.47098 | 0.42509
0.9 2 0.9 0.50272 | 0.46924 | 0.4353
Top 15 of 20 restarts 0.7 2 0.9 0.51165 | 0.46765 | 0.43747
0.9 3 0.9 0.50103 | 0.47274 | 0.43092
1 2 0.9 0.52012 | 0.46791 | 0.42549
Bottom 15 of 20 restarts 0.7 2 0.007 0.494 ] 0.47281 | 0.43066
0.6 2 0.3 0.49742 | 0.45539 | 0.44068

As discussed in section 4.3.2, there are four algorithms that need to have a fixed value for their
scoring method, 8, and convergence criterion parameters. We need to choose a maximum of
three triples of these parameters for use in the other algorithms. One way of doing this is to pick
those triples from table 4.6 that have the best precision/recall, from each extraction rate. This
results in the choice of all the parameters corresponding to the scoring method of bottom 15 of
20 restarts. But if we look at the full results of table F.2.3, we see that each of these parameters
favor only a certain number of topics, especially 2 number of topics. But the various algorithms
for which we fix these parameters for may work best on other number of topics. For this reason,
we remove the effect of the number of topics on the precision/recall scores of the triples of
parameters of table F.2 by assigning the average of the precision/recall values corresponding to
the 5 number of topics, for each extraction rate. This averaging is done for all of the tables
represented by table F.2.

For example, taking table F.2.1, let us calculate the score for the triple
e Scoring Method = 15 restarts
° ﬁ =1

e Convergence Criterion = 0.9.
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This triple has a precision/recall score corresponding to each of the five number of topics and
three of the extraction rates. If we take the 30% extraction rate, the precision/recall values are:
0.50768, 0.47579, 0.45332, 0.46301, and 0.44444. These five values are then averaged to give
0.46885. This value becomes the score of our example triple at 30% extraction rate. The full
table for each scoring method is shown in Appendix F, table F.3. Here, we present table 4.7 that
shows the best triples selected from each scoring method, representing each extraction rate.

Table 4.7: Best values for the averaged table (across topics) of F.2.

Convergence Precision/Recall
Scoring Method B Criterion (%) Extraction Rate (%)
30 25 20
0.65 0.9 0.50879 | 0.45938 | 0.42441
15 restarts
0.6 0.9 0.50844 | 0.45718 | 0.42788
. 0.9 . . .
Top 15 of 20 restarts 0.7 0.49759 1 0.46111 | 0.43024
0.6 0.9 0.50862 | 0.45916 | 0.42848
Bottom 15 of 20 restarts 0.7 0.9 0.49812 | 0.4604 | 0.4252
0.6 0.9 0.51005 | 0.45661 | 0.42775

Discussion

We can see from the results of the performance table, table 4.6, that the scoring method of
bottom 15 of 20 restarts is associated with all of the best systems, showing that it is favored by
JWTS than other scoring methods. The experiments show that two and three number of topics
give the best performing systems. The same, near homogenous trend, applies for the convergence
criterion. The convergence criterion of 0.9 gives the best results almost in all cases, indicating
that the PLSA model becomes good enough without much training (usually 5 to 20 number of
iterations). This makes the EM algorithm much faster. More generally, we can see from table F.2
that increasing the number of iterations for the EM algorithm (i.e., decreasing the convergence
criterion (%)) results in reduced performance. Our experiments do not give a clear value of § that
can be labeled the best. Table 4.6 shows that the value of B for the best performing combinations

of parameters depends on the other parameters.

The results shown in table 4.7 show us which scoring method and [ pairs are stable across the
number of topics. The table shows that the best pairs have performance that is one less than the
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best combinations of parameters of table 4.6. Table 4.7 shows that the scoring method of top 15
of 20 restarts performs well for low extraction rates while the scoring method of bottom 15 of 20
restarts performs well for 30% extraction rates. On average, we see from the table that, the
convergence criterion of 0.9 gives the best stable scores across topics, showing that high quality
PLSA models are achievable at small number of iterations. Table 4.7 also confirms our
observation that the best value of B depends on other parameters. In this case a higher tempering
parameter (0.7) is associated with top 15 of 20 restarts, while a lower tempering parameter of 0.6
is associated with bottom 15 of 20 restarts. The table also shows that lower values of B are not

affected as much as higher values when the number of topics is varied.

4.3.4. Experiment 2 - CWTS Algorithm

Goal
The goal of experiment 2 is to evaluate the performance of the summarization algorithm CWTS

for precision/recall.

Experimental Setup

The experimental setup of experiment 2 mirrors that of the previous experiment, experiment 1.
We could have used the scoring method, 8, and convergence criteria values from experiment 1,
table 4.7. But, the normalization that CWTS uses for ranking could make the algorithms favor a
different set of parameters. Because of this, we will carry out the exact experimental setup used
in experiment 1 so that we can see which parameter values are favored by CWTS.

Experiment 2 is divided into two different experiments: experiment 2.1 and experiment 2.2.
Experiment 2.1 will be used to decide a maximum of three scoring methods, each representing
the three extraction rates. These values will be given as input to experiment 2.2. Experiment 2.2
will use each scoring method from experiment 2.1 to test the performance of CWTS for the 135

triples of the number of topics, convergence criterion and .
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4.3.4.1. Experiment 2.1

Goal

This experiment is carried out to decide the value of the scoring method parameter of CWTS to a
maximum of three values for use in experiment 2.2. Each scoring method represents the best

precision/recall value for each extraction rate.

Experimental Setup

Here, we decide which of the 13 scoring methods available are best for CWTS. We use the same
random triples out of the 135 values of the parameters number of topics, 8, and convergence
criterion as in experiment 1.1. Each random triple is then used with each of the 13 scoring
methods to generate summaries for the 60 documents. Summarization is repeated in all cases and

the average precision/recall result is recorded.

Results

The outcome of experiment 2.1 produces the exact kind and number of tables found in Appendix
F, table F.1. For this reason, we report only the best performing parameters from each of the
triples representing the best performing parameters for each extraction rate. The results are
shown in table 4.8 below.

Table 4.8: Best performing parameters of experiment 2.1

Number Convergence Precision/Recall
Scoring Method B of_ Criteria (%) Extraction Rate(%o)

Topics 30 25 20
Bottom 5 of 20 restarts 0.8 2 0.03 0.40584 | 0.3827 | 0.36432
Bottom 10 of 20 restarts 0.7 4 0.9 0.42554 1 0.40241 | 0.37576
20 restarts ' ' 0.42473 | 0.4002 | 0.38376
1 random start 0.9 6 0.007 0.42668 | 0.39503 | 0.37978
Bottom 1 of 20 restarts 0.43691 | 0.3977 | 0.37334

Discussion

For the first triple, the scoring method of bottom 5 of 20 restarts gives the best result for all
extraction rates. This is an interesting stable performance with respect to a scoring method which
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was also observed in experiment 1.1, table 4.5, for the scoring method of bottom 1 of 20 restarts.
From table 4.8 we see that the best scoring methods that will be used for experiment 2.2 are
bottom 10 of 20 restarts (representing the best system at 25% extraction rate), 20 restarts

(representing 20% extraction rate) and bottom 1 of 20 restarts (representing 30% extraction rate).

Comparing this table with table 4.5 of algorithm JWTS shows that, CWTS seems a “poor”
algorithm, with lower precision/recall scores (although the remaining 147 parameter triples are
yet to be explored). Table 4.8 shows us that most of the scoring methods use a small number of
PLSA models (1, 5 and 10 — 10 may be considered medium). We may cautiously conclude that a
small number of PLSA models perform well on poor summarization parameters/algorithms than
large number of PLSA models. This is of course in a direct contrast to the results of table 4.5
where large number of PLSA models (15 and 20) performed the best on parameters/algorithm
that have high precision/recall value. Table 4.5 also supports our conclusion since the triple of
parameters represented by the last row performs poorly and this is achieved by the scoring
method of bottom 1 of 20 restarts (the reader can refer to table F.1.3 in the appendix for more

details on the data used to arrive at this conclusion).

4.3.4.2. Experiment 2.2

Goal

The aim of experiment 2.2 is to evaluate the performance of CWTS for precision/recall. It
accepts three values for the parameter of scoring method from experiment 2.1.

Experimental Setup
The performance of CWTS is evaluated by carrying out experiments where its scoring method
parameter is fixed to those identified as best in experiment 2.1. Then, each of the three chosen
scoring method is experimented for the 135 triples of the rest of the parameters (number of
topics, B, and convergence criterion). The chosen scoring method from experiment 2.1 are:

e Bottom 1 of 20 restarts.

e Bottom 10 of 20 restarts.

e 20 restarts.

99



Results

The result of experiment 2.2 produces tables that are similar to those of experiment 2.1. Table

4.9 below shows the best performing combinations of parameters for each of the three scoring

methods of experiment 2.2.

Table 4.9: Best performing combinations of parameters of experiment 2.2 for the three scoring

methods.
Number Convergence Precision/Recall
Scoring Method B of_ Criteri Og] (%) Extraction Rate(%o)
Topics 30 25 20
1 6 0.9 0.44809 | 0.41214 | 0.3738
Bottom 1 of 20 restarts 0.8 6 0.03 0.43738 | 0.417 | 0.37773
0.95 6 0.007 0.42788 | 0.40703 | 0.40285
Bottom 10 of 20 restarts 0.65 3 0.9 0.45044 | 0.4216 | 0.39367
0.95 6 0.9 0.43461 | 0.40951 | 0.37766
20 restarts
0.65 6 0.9 0.43062 | 0.40326 | 0.3872

We have one remaining table to report. This table is a table similar to table 4.7 of experiment 1.

The purpose is to choose a maximum of three scoring method, S, and convergence criteria triples
for use in the algorithms of JWS, CWS, KITS and KIVSM. To remove the influence of the
number of topics, we average the precision/recall value of a triple, independently for each

extraction rate. The resulting table looks like table F.3 of experiment 1. Table 4.10 below shows

only the best results from each scoring method.

Table 4.10: Best values for the averaged table (across topics) of the full table of experiment 2.2.

Precision/Recall
Scoring Method B gg?;?g%e?(;; Extraction Rate(%b)
30 25 20

1 0.03 0.42512 | 0.39089 | 0.36678

Bottom 1 of 20 restarts 0.65 0.007 0.42413 | 0.39808 | 0.37371
0.75 0.03 0.42144 | 0.39756 | 0.37704

Bottom 10 of 20 restarts 0.65 0.9 0.43143 | 0.40432 ] 0.37722
20 restarts 0.65 0.9 0.42592 | 0.39607 | 0.37418
0.75 0.9 0.41756 | 0.39551 | 0.37601
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Discussion

Table 4.9 shows that the performance of CWTS is significantly lower than that of JWTS. The
performance of CWTS is also lower than PROC3+. CWTS normalizes sentence length before
counting the number of keywords contained in a sentence. JWTS does not normalize sentence
length and PROC3+ simply selects the longest sentences. This suggests that normalizing
sentence length for text summarization is not good for the keyword-based summarization

algorithms that we have proposed.

The best systems are for the scoring methods of bottom 1 of 20 restarts and bottom 10 of 20
restarts, supporting our previous conclusion that small number of PLSA models perform well on
low performing systems. We also observe that top based scoring methods, except for top 15 of
20 restarts, perform poorly both in JWTS and CWTS.

Contrary to JWTS, CWTS works best under a large number of topics, six for most of the best
systems. But three number of topics gives the best result for 30% and 25% extraction rates. We
recall that two number of topics gave the best results for JWTS.

As for the parameter of the convergence criterion we see two distinct patterns. Bottom 1 of 20
restarts does best when we have more number of iterations (convergence criteria is either 0.03%
or 0.007%). But the other scoring methods, which use many PLSA models for sentence scoring,
prefer a convergence criterion of 0.9%, just like JWTS. Similar to the case of JWTS, table 4.9
shows that the optimum value of B depends on other parameters and a distinct value of 3 is not

favored.

Table 4.10 shows that only a single triple is required to represent all extraction rates; bottom 10
of 20 restarts, B = 0.65 and convergence criterion 0.9. We again observe from table 4.10 that
bottom 1 of 20 restarts prefers large numbers of iterations to get large values of precision/recall,

while the other scoring methods need only a small number of iterations.

Table 4.11 below summarizes the triples of the parameters scoring method, 8, and convergence
criterion that are chosen from experiment 1.2 (table 4.7) and experiment 2.2 (table 4.10).
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Table 4.11: Values of scoring method, B, and convergence criterion chosen for subsequent
algorithms (JWS, CWS, KITS and KIVSM).

Convergence Chosen from Chosen for
Scoring Method p TR , Extraction
Criterion (%) Experiment Rate(s) of (%)
Top 15 of 20 restarts 0.7 0.9 1.2 25 and 20
Bottom 10 of 20 restarts 0.65 0.9 2.2 30, 25 and 20
Bottom 15 of 20 restarts 0.6 0.9 1.2 30

We see from table 4.11 that each extraction rate is represented twice. The convergence criterion
is 0.9% for all triples, which will also make the running time of the algorithms much faster. We

also observe that different values of  are associated with different scoring methods.

4.3.5. Experiment 3 — JWS Algorithm

Goal

The goal of experiment 3 is to evaluate the performance of the JWS (joint word sentence)

summarization system for precision/recall.

Experimental Setup

Experiment 3 is carried out by fixing the scoring method, B, and convergence criterion
parameters of JWS to values given in table 4.11. The other parameters of JWS are then tested
with each triple of values of table 4.11. The number of system variations due to the parameters

that have not been fixed (number of keywords, number of topics and «) is 8 x 5 x 4 = 160.

Results
The full experimental results can be found in Appendix F, table F.4. Table 4.12 shows the best

performing combinations of parameters of experiment 3 for the three scoring methods and the
other two fixed parameters.
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Table 4.12: Best performing combinations of parameters of experiment 3 for the three scoring

methods.
Scoring Method, B, Number Precision/Recall
L Number of ;

Convergence Criterion Keywords (%) of_ a Extraction Rate (%)

(%) Topics 30 25 20
23 3 5 0.51644 | 0.46852 | 0.43963
g%‘?ggmo restarts, 26 6 4 | 050324048499 | 0.45472
29 6 4 0.48942 | 0.46179 | 0.45511
20 2 5 0.51669 | 0.45992 | 0.41828
5%2??910 of 20 restarts, 23 6 5 | 0.50714 | 0.4656 | 0.42702
11 6 3 0.50831 | 0.46385 | 0.43623
23 2 3 0.516 | 0.46295 | 0.43055
g%“g”; 15 of 20 restarts, 17 3 5 | 0.50938 | 0.46403 | 0.42644
20 6 5 0.51067 | 0.45726 | 0.43141

Discussion

Table 4.12 shows that JWS has performance values similar to JWTS. This is because of the

similarity between their sentence ranking algorithms. That is, both use joint probability rather

than conditional probability to estimate the presence of keywords in a sentence.

The results show that the scoring method of top 15 of 20 restarts gives the best systems for the

low extraction rates of 25% and 20%, while bottom 10 of 20 restarts performs best at the higher

extraction rate of 30%. The table also shows that in most cases, the best systems favor a high

value of a (4 and 5). This means that the dominant topics have greater influence in the term

ranking process. We can also observe that a large percentage of unique words are usually

required to compose the best summaries. A particular number of topics do not seem to be

favored; the best value for the number of topics seems to depend on the values of the other

parameters.
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4.3.6. Experiment 4 - CWS Algorithm

Goal
The purpose of this experiment is to evaluate the performance of the CWS (conditional word

sentence) summarization algorithm for precision/recall.

Experimental Setup

The experimental setup of experiment 4 is similar to that of Experiment 3 because of the
similarity between the summarization algorithms CWS and JWS. The scoring method, B, and
convergence criterion parameters of CWS are fixed with values obtained from experiments 1 and
2 (table 4.11). The combination of parameters that are allowed to vary in experiment 4 (number
of keywords, number of topics and «) have a total of 160 triples. Each of these triples is tested

with the three fixed parameter sets of table 4.11.

Results

Experiment 4 results in tables similar to that of table F.4. We report only the best performing
combinations of parameters from each of the three scoring methods. The results are given in
table 4.13 below.
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Table 4.13: Best performing combinations of parameters of experiment 4 for the three scoring

methods.
Scoring Method, B, Number of Number Preci§ion/Recall

Convergence Criteria Keywords (%) of_ o Extraction Rate (%)

(%) Topics 30 25 20
32 6 3 0.45139 | 0.4155 | 0.39228
g.(;;’)ggofzo restarts, 32 5 4 | 044631042393 | 0.40016
20 5 2 0.43738 | 0.41349 | 0.41327
32 5 2 0.44773 | 0.39752 | 0.38215
5%2??910 of 20 restarts, 23 6 5 | 0.4306 | 0.41613 | 0.39188
23 5 3 0.44017 | 0.41257 | 0.39533
32 5 2 0.44698 | 0.41353 | 0.37808
3%“8”; 15 of 20 restarts, 17 4 4 | 0.44460 | 0.41432 | 0.39874
T 29 5 3 0.43547 | 0.40801 | 0.40327

Discussion

We can see from the results of experiment 4 that CWS has a low performance like that of

CWTS. This is because both use conditional probabilities to identify keywords in sentences,

which is a form of sentence length normalization.

The results show that the best systems are all attainable with the scoring method of top 15 of 20

restarts. This is an improved performance by this scoring method from the previous experiment

(experiment 3) in that it gives the best systems for all extraction rates. As in the case of JWS, a

large percentage of unique words give the best summarization systems.

A trend that is different from that of JWS is the behavior of the parameter used in term ranking,

a, and the number of topics. CWS seems to require a large number of topics to produce good

summaries. In contrast to this, « for the best systems is seen to depend on the values of the other

parameters.
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4.3.7. Experiment 5 — KITS Algorithm

Goal
The purpose of this experiment is to evaluate the performance of KITS (keywords in topic

simplex) for precision/recall.

Experimental Setup

The parameters of KITS is the same as JWS and CWS except for the parameters similarity
measure, Sf, and convergence criterion (iterations). The addition of these parameters forces us
to adopt an experimental setup similar to JWTS and CWTS. The similarity measure parameter
does not create a problem since it has only three values; JS (Jensen-Shannon), KL (Kullback
Leibler) and cosine. That is we can run experiment for all of these values. Bf has been fixed to
the value of 1 as discussed in section 4.3.1. We, therefore, remain with the parameter
convergence criterion (iterations). Thus, we have four variable parameters as in the case of
JWTS and CWTS. This means that we need a preliminary experiment to fix one of the four
variable parameters so that we have a manageable number of experiments. From the four
variable parameters (number of keywords, a, number of topics, and convergence criterion
(iterations)), we have decided to fix the convergence criterion (iterations). The reason for this is
that the other parameters have a more direct influence on the behavior of KITS than the

convergence criterion as can be seen from the discussion of section 3.6.3.1.

Once we have decided to fix the value of convergence criterion (%), the next issue is how many
values we need to fix, possibly each representing the three extraction rates. In the case of
JWTS/CWTS where the parameter to fix was the scoring method, we fixed three values. But the
case of convergence criterion (iterations) is different. We decided to fix only one value of
convergence criterion (iterations) based on the following argument. From the results for the
performances of JWTS and CWTS we see that the best systems share a common value of
convergence criterion (%) which is 0.9%. This leads us to the conclusion that we can associate
one convergence value for the creation of a PLSA model to suit all algorithms. That is, that
particular value of convergence criterion (%) is an indication of a good PLSA model. Following
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this observation we can argue that only one value of convergence criterion (iterations) suffices to

produce a good folded query in a PLSA model.

Experiment 5 will then consist of two experiments: experiment 5.1 and experiment 5.2. The
purpose of experiment 5.1 will be to fix the convergence criterion (iterations) to one value. Then,
experiment 5.2 will be used to evaluate the performance of KITS.

4.3.7.1. Experiment5.1

Goal

The goal of this experiment is to fix the value of the convergence criterion (iterations) parameter
of KITS to one value for use in experiment 5.2.

Experimental Setup
We follow the same experimental setup as in experiments 1.1 and 1.2. We choose three random
triples out of the 160 possible values for the parameters number of topics, @, and number of
keywords:

e Number of topics = 2, a = 4, number of keywords = 17%

e Number of topics = 4, a = 5 number of keywords = 32%

e Number of topics = 6, a = 2,number of keywords = 26%

Then, these three triples are each experimented for all of the values of the parameters of
convergence criterion (iterations). Experiment 5 also uses the three scoring methods from table
4.11. For experiment 5.1, we use top 15 of 20 restarts because it performed best in most cases of
the previous algorithms. Each experiment is run twice and the average is reported.

Results
Experiment 5.1 results in three tables that are similar to table F.1. We report only the best
performing parameters representing each extraction rate. The results are shown in table 4.14

below.
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Table 4.14: Best performing of parameters of experiment 5.1 (Scoring method = Top 15 of 20

restarts, § = 0.7, convergence criterion = 0.9%).

Convergence

Precision/Recall

Criteri Number of Number i Average
riterion umber o of Extraction Rate (%) of a
(Number of Keywords (%) Tobics Row
iterations) P 30 25 20
20 17 5 0.41713 | 0.38598 | 0.38349 | 0.39554
100 0.42623 | 0.39123 | 0.37503 | 0.39750
60 32 4 0.44398 | 0.413 |[0.39698 | 0.41799
20 0.44637 | 0.41783 | 0.38488 | 0.41636
100 26 6 0.4392 | 0.41329 | 0.39341 | 0.41530
200 0.44666 | 0.4065 | 0.38678 | 0.41331
Discussion

We can see from table 4.14 that three different iterations (20, 60 and 200) represent the three

extraction rates. But because we have to use only one value for the convergence criterion

(iterations), we need to break the tie. To achieve this, we consider average of the performances

of each convergence criterion (iterations) across all extraction rates. This is represented in table

4.14 by the column designated by “Average of a Row”. From the table we see that 60 number of

iterations gives the best results and it will be used in experiment 5.2. This number of iterations

also gives the best result for the 20% extraction rate and compares quite well on other extraction

rates with the other best system variations (20 and 200 iterations). From our experiments, we

conclude that points of overtraining, such as 200, perform well on summarization tasks with

respect to the folding operation.

4.3.7.2.

Goal

Experiment 5.2

The goal of experiment 5.2 is to evaluate the performance of KITS for precision/recall.
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Experimental Setup

The scoring method, B, and convergence criteria parameters of KITS are fixed to values given in
table 4.11. The convergence criterion (iterations) parameter is fixed to the value of 60 as
discussed in experiment 5.1. We are then left with four parameters that can be varied. As in
experiments 3 and 4, we form 160 triples of the parameters number of keywords, number of
topics and «. Each of the 160 triples will then be experimented for the three values of the
similarity measure parameter (JS, KL and cos). The resulting configuration is also tested for the
three scoring methods of table 4.11.

Results

The outcome of experiment 5.2 results in three tables which look like table F.4 of experiment 3.
Each of the three tables is associated with exactly one similarity measure (JS, KL or cos). Each
similarity measure uses three scoring methods to test the performance of KITS with the 160
triples of the parameters number of keywords, number of topics and «. Table 4.15 below shows
the best performing combinations of parameters of experiment 5.2. We have reported only the
best systems from each similarity measure parameter that represent the three extraction rates.
Because of space constraints, we have left out the values of 8, and convergence criteria and

presented only the value of the scoring method.
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Table 4.15: Best performing combinations of parameters of experiment 5.2 for the three

similarity measures of JS, KL and cos.

A Scoring Method, f, Number Precision/Recall
Similarity g Number of -
Convergence Criteria o of a Extraction Rate (%)
Measure (%) Keywords (%) Topics 20 o 20
17 4 3 0.46069 | 0.41649 | 0.38098
jg | Bottom 10 0f 20 restarts 26 5 4 | 0.45015 | 0.42461 | 0.39443
Top 15 of 20 restarts 26 5 5} 0.44226 | 0.41554 | 0.41026
32 6 5 0.46537 | 0.43633 | 0.41513
KL Top 15 of 20 restarts 17 5 4 0.44964 | 0.43709 | 0.40537
23 6 3 0.4541 | 0.42164 | 0.41931
coS Bottom 15 of 20 restarts 26 4 2 0.46655 | 0.4327 | 0.41629
Discussion

The table shows us that in general the KL similarity measure gives the best performance,
followed by cosine and then JS. We are surprised that the cosine similarity measure
outperformed the JS similarity measure. The KL and JS similarity measures are specifically
created to assess similarity measures between probability distributions, unlike the cosine measure
which is supposed to work best in vector space models.

The scoring method of top 15 of 20 restarts again seems to perform better than the other scoring
methods. An interesting observation that can be made from the table above is that, the similarity
measures of KL and cosine give the best performing systems using only one scoring method. As
in the case of JWS and CWS, a large number of keywords is required to produce the best

extractive summaries. The required number of topics and the value of « is also high.

4.3.8. Experiment 6 — KIVSM Algorithm

Goal
The goal of experiment 6 is to evaluate the performance of the KIVSM (keywords in vector

space model) summarization system for precision/recall.
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Experimental Setup

The experimental setup for KIVSM is similar to that of experiments 3 and 4. KIVSM has the
same number of parameters like JWS/CWS expect for the similarity measure parameter (cosine
and dot product). Thus, the scoring method, B, and convergence criteria parameters of KIVSM
are fixed to values given in table 4.11. The other parameters of KIVSM disregarding the
similarity measure form 160 triples of values. Each similarity measure is then run with the 160

triples of values and the three scoring methods.

Results

Experiment 6 results in two tables like that of table F.4. Each table represents either the cosine or
dot produce similarity measure. Each similarity measure in turn hosts three scoring methods and
160 triples of values (for the parameters number of keywords, number of topics and «)
associated with each scoring method. The full experimental results can be found in Appendix F,
table F.4. Table 4.16 shows the best performing combinations of parameters of experiment 6

from each of the two similarity measures.

Table 4.16: Best performing combinations of parameters of experiment 6 for the two similarity

measures of cos and dot product.

o Precision/Recall
Similarity Scoring Method, B, Number of Number reCIS.Ion/ oL
L 0 of o Extraction Rate (%)
Measure | Convergence Criteria (%) | Keywords (%) .
Topics 30 25 20
26 3 5 0.50521 | 0.45673 | 0.42207
cos | BOttom 15 of 20 restarts 29 2 2 | 0492 |0.46465| 0.4243
Top 15 of 20 restarts 29 5 ) 0.48204 | 0.45483 | 0.43743
Top 15 of 20 restarts 32 2 2 0.51721 | 0.46862 | 0.42527
dot Bottom 15 of 20 restarts 32 4 4 0.50438 | 0.48076 | 0.41928
Top 15 of 20 restarts 29 6 4 0.5027 | 0.46298 | 0.44816
Discussion

We observe from the results that the dot product similarity measure gives the best
precision/recall results in most cases. This is in line with our previous observation that sentence
length normalization reduces performance. In the case of CWTS and CWS the effect is severe.
But we are surprised that the effect is not that severe in the case of KIVSM-cos (KIVSM with the
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cosine similarity measure). As in the previous cases, a high number of keywords are required to
compose the best extractive summaries. As can be seen from the table, no particular values of the

number of topics and « are favored by KIVSM.

We have observed an interesting behavior of KIVSM with respect to the parameter of number of
keywords. The observation holds for all experiments done concerning KIVSM. For illustration
purposes, we present precision/recall results that contain the best system variation at 30%
extraction rate of KIVSM-dot (KIVSM used with the dot product) at « = 2. See figure 4.3
below.
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Figure 4.3: Performance variations of KIVSM-dot that contains the best system variation at 30%

extraction rate, at « = 2.

As shown in figure 4.3, the performance of KIVSM-dot tends to increase steadily when the
number of keywords used to rank sentences increases. Lower values of the number of keywords
are particularly associated with low values of precision/recall results. This indicates that the half-
concept-based approach, KIVSM, needs a large number of important point indicative keywords
to create good summaries. We did not observe such a pattern in JWS, CWS or KITS. The later

algorithms, although they perform better at higher values of the number of keywords, also
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perform very well at lower values of the number of keywords. This is the case because KIVSM
uses the original sparse term by sentence matrix to detect the presence of keywords in sentences.
A keyword that has been selected at the word ranking stage is thus forced to have influence only
in the sentences that it originally appeared in when used in the sparse term by sentence matrix for
sentence ranking. However, in the case of JWS, CWS and KITS, they use the reliable
representations of the document to be summarized that result from the PLSA model (p(w, s) and
p(w|s)). These representations are not sparse and hence during sentence ranking, a certain
keyword will have influence not only in the original sentences that it appeared but also in other
sentences that are conceptually related to it as determined by the PLSA model. This enables the
algorithms that use a full-concept-based approach to be robust to low values of the number of

keywords parameter.

4.3.9. Experiment 7 — Summarization Algorithms without the First Sentence

Table 4.2 of section 4.2.3 has shown that the inclusion of the first sentence in the summarization
of PROCS3 has a significant effect on the resulting algorithm of PROC3+. Considering the nature
of the documents we experimented with (news articles), this is also expected for our proposed
algorithms. As a confirmation of this behavior, we have tested the performance of one of our best
proposed systems, JWS, by avoiding the inclusion of the first sentence during summary
generation. The resulting algorithm is labeled JWS-. The result is shown in table 4.17 below.

Table 4.17: Performance of JWS without first sentence.

Precision/Recall
Summarizer Extraction Rate (%)
30 25 20
JWS 0.50324 | 0.48499 | 0.45472
JWS- 0.45469 | 0.41362 | 0.36612
PROC3 0.44956 | 0.39045 | 0.30935

The parameters used to generate summary for JWS- are that of the best performing JWS system
variation at 25% extraction rate (table 4.12). The performance of JWS shown is also taken from
table 4.12. This system variation of JWS differs from JWS- only by the inclusion of the first

sentence while the summary is created.
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The results show that JWS- performs well below JWS as expected. However, JWS- performs
better than PROC3. The difference in performance between JWS- and PROC3 becomes more
significant at the 20% extraction rate.

4.4. Discussion

In this chapter, we evaluated the performance of the proposed summarization algorithms.
Precision/recall measurements were used for the evaluation purpose at different rates of
extraction; 20%, 25% and 30%.

Our experimental results show that the inclusion of the first sentence of the document to the
summary has shown to be very effective in taking advantage of the genre information of the

summarized documents, which are news reports.

The various parameters of the summarization system play a crucial role in helping algorithms
achieve their full potential. In particular, a small number of iterations of the EM algorithm that
generates the PLSA model is found to be quite effective in creating high quality PLSA models.
Increasing the number of iterations further produces in significant reduction in precision/recall
scores. Lower values of the tempering parameter 5(0.6, 0.65 and 0.7), have also produced quite
stable and good performance. The scoring method of top 15 of 20 restarts coupled with g = 0.7
has performed quite well in most algorithms, especially at lower extraction rates. This shows that
the problem of local maxima that affect the EM algorithm can be tackled well consistently by a
single scoring method. This is an improvement over previous proposed approaches that use the
method of 5 restarts to solve the same problem (Brants 2002; Hennig 2009). We have also found
out that large numbers of keywords are required in all algorithms to produce the best summaries.

Previous experiments in information retrieval (Deerwester et al. 1990; Hofmann 2001) have
shown quite clearly that topic modeling using statistical methods via co-occurrence analysis of a
text without the use of other knowledge sources can detect conceptual relations between words.
Our experiments have indirectly shown us that this is the case. More specifically, we
implemented the half-concept-based approach algorithm of KIVSM. We found out that this half-
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concept-based approach always needs a large number of keywords to achieve its full potential,
with its performance increasing steadily as the number of keywords is increased. However, the
full-concept-based approaches that make explicit use of keywords (JWS, CWS and KITS) can
perform near their best with a small number of keywords. In some cases, the use of small number
of keywords turns out to be the best method depending on the scoring method used. This means
that the latter algorithms are able to use a small number of keywords to discover most of the
salient points of the text, which would not be possible if term matching is used to select summary

sentences using a small number of keywords.

We have made a comparison of the performances of the proposed algorithms with one another
and the other systems that we have introduced earlier. We take two of the best systems that have
been introduced in section 4.2.3 for comparison with our proposed algorithms: PROC3+ and

First n Sentence. The comparisons are made separately for each extraction rate.
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Comparison at 30% Extraction Rate

Figure 4.4 below shows the precision/recall scores of the best of the proposed systems and the
compared systems at 30% extraction rate.
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0.413
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JWTS CWTS JWS CWS KITS KIVSM PROC3+ Firstn
Summarizer

Figure 4.4: Best of proposed systems and compared systems at 30% extraction rate.

While JWTS is the best performing system at 30% rate, it can be seen that systems that have the
best performance are the algorithms that favor long sentences; they are JWTS, JWS, KIVSM-dot
and PROC3+. This can be explained by the argument that the longer the sentence, the higher the
chance that it contains useful concepts. PLSA gives a formal proof that the longest sentences are
the likely candidates for inclusion in summary. This has been shown by (Bhandari et al. 2008)
and proved to be correct in their experiment on a standard English data set of the DUC 2002.
Bhandari et al. (Bhandari et al. 2008) implemented the longest sentences algorithm (PROC3)
and it outperformed all the compared systems (such as HITS and LexPageRank). The principle
of PROC3 is to pick those sentences that score high with respect to most topics. This can be
achieved by having the sum Y., p(s|z)p(z). What this sum does is that it weights the score of a

sentence with respect to a topic, p(s|z), by the importance (magnitude) of the topic, p(z), and
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sums the contribution from all topics. But we have p(s) = Y., p(s|z)p(z), where p(s) is simply
the length of a sentence in words.

Algorithms CWTS, CWS and KITS use some form of normalization of a sentence feature with
respect to the sentence length. This resulted in decreased precision/recall performance. But the
performance of KITS is higher, followed by CWS and then by CWTS. KITS seems less prone to
the normalization issue, probably because it takes into account all words of the document to give
sentence scores. The scoring algorithm of CWTS cancels out the effect of the keywords in the
final sentence scores. It is for this reason, we think that CWS, which takes into account the
contribution from keywords, slightly does better than CWTS. But both CWTS and CWS are
outperformed by first n sentences algorithm.

As shown in figure 4.4, all of the proposed algorithms that favor longest sentences perform better
than the modified algorithm of (Bhandari et al. 2008). This shows us that the longest sentences
algorithm can benefit from the inclusion of shorter sentences once in a while. But to be precise,
we have not made empirical study on the proportion of the longest sentences selected by the
proposed approaches that favor long sentences. It is surprising that the half-concept-based
approach KIVSM-dot slightly outperforms JWS. This shows that the vector space model can
have good performance if combined with concept-based techniques, in this case the keyword
selection process. In contrast to the case of CWTS and CWS, JWTS which cancels the effect of
the keywords in the ranking process outperforms JWS. It can be seen from figure 4.4 that the
first n sentences performs poorly with respect to the algorithms that favor long sentences.

Comparison at 25% Extraction Rate

Figure 4.5 below shows the precision/recall scores of the best of the proposed systems and the
compared systems at 25% extraction rate.
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Figure 4.5: Best of proposed systems and compared systems at 25% extraction rate.

The situation at 25% extraction rates is largely the same as that of at 30% except for a few
differences:

e JWS now performs much better than JWTS, as expected from the fact that JWTS ignores
the influence of the selected keywords.

e KIVSM-dot now performs better than JWTS. This means that the keywords counting
procedure of KIVSM-dot™ compensates for its use of a half-concept-based approach.

e JWS also outperforms KIVSM-dot. The use of the concept-based sentence ranking
procedure of JWS seems too much for KIVSM-dot at lower and hence more demanding
extraction rate. Certainly, we expect that more “thinking” is needed to produce shorter
summaries than longer ones.

e PROC3+ now gets outperformed more significantly than previously by all of the
proposed approaches that favor long sentences. This is expected because as the extraction
rate goes lower, the chance that a longer sentence gets selected decreases. Hence, more
analysis is required to get better precision/recall results than just selecting the longest
sentences.

13 Keyword counting because it uses the dot-product as a similarity measure and sentence scores are always integers.
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e The first n sentences summarizer now performs better than KITS and it has now
performance that is comparable to the algorithms that favor long sentences. But it is still
outperformed by the algorithm that uses the longest sentences heuristic.

Comparison at 20% Extraction Rate

Figure 4.6 below shows the precision/recall scores of the best of the proposed systems and the
compared systems at 20% extraction rate.
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Figure 4.6: Best of proposed systems and compared systems at 20% extraction rate

The way the different algorithms compare at 20% extraction rate mirrors the one at 25% rate, the
differences being:

e The first n sentences algorithm now performs better than all of the algorithms. This
confirms previous results in the literature that this heuristic is a strong baseline for text
summarization in the news domain.

e CWS has now performance better than CWTS by a bigger margin than at 30% and 25%
extraction rates. This shows that the lack of use of keywords by CTWS affects its

performance strongly at lower extraction rates.
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We have observed that the keyword approach using LSA by (Melese 2009), TopicLSA, has
performance slightly below CWTS and well outperformed by the best proposed systems that
favor long sentences. The reason for this can be explained by the fact that TopicLSA uses the
cosine similarity measure to rank sentences, which has the effect of normalizing sentence length.
However, one reason for reduced performance of TopicLSA could be the fact that its term
ranking and sentence ranking algorithms are not aligned, as discussed in section 3.1.

The comparisons we made above for each of the extraction rates show us that three of our
proposed algorithms, JWTS, JWS and KIVSM-dot performed better than summarization systems
proposed by other authors using topic modeling®* for single-document summarization. JWTS
performs the best at 30% rate, although JWS and KIVSM-dot achieve very close performance
results with respect to JWTS. In the case of 20% and 25% extraction rates, JWS outperforms
both JWTS and KIVSM-dot by some distance.

Of the proposed ranking algorithms, three of them (JWTS, JWS, and KIVSM-dot) favor long
sentences for inclusion in summary while the rest (CWTS, CWS, KITS, and KIVSM-cos)
normalize sentence length and give more or less equal chance to sentences of all lengths. Our
experiments show that normalizing sentence length while generating scores significantly reduces
the performance. This shows that longer sentences have more chance of capturing important
points of the document. Unlike PROC3 of (Bhandari et al. 2008) which always selects the
longest sentences, which still produces very competitive results, our algorithms (JWTS, JWS,
and KIVSM-dot) do not always pick the longest sentences. This can be seen to be the case
clearly for the algorithms of JWTS and JWS, as shown in sections 3.6.1.1 and 3.6.2.1
respectively. We have discussed how JWTS and JWS are related to PROC3. They weight the
length of a sentence p(s) by concept-based features specific to a sentence. This way, they are
able to judge when a long sentence really does include useful concepts for inclusion in
summaries. This has shown to be the case from our experiments, especially at lower extraction

rates where PROC3 does not cope with the summarization task well.

14 Note that the summarization system of first n sentences is the best performing system at the 20% extraction rate. It
is not an approach based on topic modeling. It just serves as a strong baseline in the domain of news articles.
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Chapter 5. Conclusion and Recommendations

5.1. Conclusion

This thesis investigated the application of topic modeling to the task of concept-based single-
document Amharic text summarization. Text summarization involves the identification of topics
of a document and the use of these topics to select sentences that best summarize the document.
The identification of topics using the topic modeling approach results in word-based features and
sentence-based features. From the extensive literature review we carried out, all but one of the
previous works made use of the sentence-based features to form sentence scores. Only one work
used word-based features for sentence ranking but the ranking algorithm it used is not quite
sound from a theoretical point of view. The research highlighted the advantages of using the
word-based features (keyword approach) over the sentence-based features (sentence-based
approach).

We proposed new approaches to use the word-based features that result from a PLSA
(Probabilistic Latent Semantic Analysis) model. PLSA was selected over other topic models,
LSA (Latent Semantic Analysis) and LDA (Latent Dirichlet Allocation), because of its
appropriateness for single-document summarization. In total, we proposed six algorithms, each
algorithm categorized under one of three approaches:
% Approach 1
» JWTS (joint word topic sentence) algorithm
» CWTS (conditional word topic sentence) algorithm
% Approach 2
» JWS (joint word sentence) algorithm
» CWS (conditional word sentence) algorithm
% Approach 3
» KITS (keywords in topic simplex) algorithm
» KIVSM (keywords in vector space model) algorithm
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In addition, to take advantage of the fact that we experiment with news articles, all of the
algorithms always include the first sentence of the document while forming the document
summaries. This is important because news articles put important points of the document near
the beginning of the document in most cases. These six algorithms were used to explore the
different possibilities of using the word-based features of a PLSA model for text summarization.
Each algorithm consists of two major steps

s Keyword selection: words of the document that best represent the main topics/points

of the document are selected.
% Sentence scoring: sentences of the document that best contain the keywords of the

document are selected for inclusion in the summary.

The six algorithms differ by the approaches they use to carry out the two major steps:
% Keyword selection
» Approach 1 selects keywords that are dominant within a single topic of the
document only.
» Approaches 2 and 3 select keywords that are dominant across all topics of the
document.
¢+ Sentence scoring
» Approaches 1 and 2 have sentence scoring methods that estimate the probability
of each sentence containing the keywords of the document.
> Approach 3 first gives representation to the keywords like sentences of the
document. Then it measures the degree of similarity between the resulting
keywords representation and each sentence of the document.

We carried out experiments to determine which of the proposed algorithms works best for single-
document Amharic text summarization. Experiments were also carried to compare the
performance of the proposed algorithms with systems proposed by previous works. The
algorithms were evaluated for precision/recall on three different extraction rates: 20%, 25% and
30%.
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From the six algorithms we proposed, JWS performs the best. JWS selects keywords that are
dominant across all topics and ranks these keywords based on a joint probability measure. JWS
gives the best performance for 20% and 25% extraction rate summaries while JWTS gives the

best performance for the 30% extraction rate summary.

When compared to previous summarization approaches using topic modeling, the best of the
proposed systems gave improved results. This shows that the PLSA-based keyword approach to
single-document text summarization represents a step forward in building better summarization

systems using topic modeling.

5.2. Recommendations

We have explored the use of the keyword approach to Amharic text summarization in detail and
obtained results that improve upon previous works. However, more investigation should be
conducted to advance the technology of Amharic text summarization further. We suggest
potential research directions below:

e Applying the proposed algorithms for the task of multi-document, query-focused and
update summarization tasks is one possible future work. These summarization tasks
usually involve the summarization of a collection of topically related documents. This
means that redundant materials are likely to exist throughout the document collection
whose summary is required. Thus, unlike the case of single-document summarization, the
former summarization tasks require a component that detects and removes redundant
material from the summary.

e The stemming algorithm used in our work identifies inflectional morphology only.
However, we believe that the increase in co-occurrence counts that results by the use of
derivation morphology could result in increased performance. Especially for the task of
single document summarization where co-occurrence counts are scarce, the proposed
summarization algorithms could benefit from more co-occurrence data to work with.

e |t is quite common that LSA based systems make use of term weighting to help the
summarization algorithms perform better. However, all of the summarization systems we

reviewed that use probabilistic topic models, including ours, do not use term weighting.
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Thus, future works should investigate the appropriate term weighting techniques for
probabilistic topic models.

Local languages like Amharic suffer from lack of linguistic resources that can help in
representing the various concepts of documents. Thus, it becomes necessary to maximize
the use of the co-occurrence statistics available for documents. One way of achieving this
is to consider the use of larger units of co-occurrence counts such as bigrams, trigrams;
their “skip” versions (e.g. skip bi-grams); and grams that are considered the same if the
order of the words they contain is ignored. These statistics can be used together with the
simple unigram counts we considered. The use of such co-occurrence statistics although
possible for single-document summarization, we think that it is more advantageous for
multi-document summarization. This is because of the possibility for the appearance of
high-order grams in multiple documents to be greater than that for single documents.

The algorithms proposed here generated sentence/keywords features and use these
features for creating sentence scores. If we take the case of the algorithms JWTS and
CWTS, the effect of the keywords on resulting sentence scores degenerates because of
their scoring technique (multiplication of sentence features). This in turn resulted in
reduced performance of the algorithms when compared to JWS and CWS. To solve this
problem, we can resort to other ways of combining the generated features for creating
scores. For example, we can use addition to combine the features when creating the
sentence scores.

The establishment of a large-scale standard data set for evaluation of Amharic text
summarization systems is crucial. This helps to greatly simplify comparing works that
have been done before with future works. The construction of the data set for multi-
document summarization, query-focused summarization and update summarization
should particularly be given attention. The presence of such a data set would encourage
more research to be carried out on the mentioned types of summarization, as current

works are dominated by single-document text summarization.
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Appendix A. Ideal Summary Preparation
This appendix describes guideline and instructions that are used to prepare ideal summaries.
A.1 Guideline for Ideal Summary Preparation

You are requested to form an extractive summary for each of the documents you are given. An
extractive summary is created by selecting a certain number of sentences that are judged to be

the most important out of the original text.

When sentences are selected for inclusion in the summary all that needs to be considered is the
importance of the sentences. When the selected sentences are concatenated together to form the
summary they do not need to be coherent. Among other things, this means that you can select a
sentence for inclusion in a summary and leave out a sentence which is not that important but
contains information that describes another selected sentence. Thus this work does not deal with

creating coherent summaries.

Please follow these two methods of selecting sentences for inclusion in the summary.
1. Delete material that is trivial (not important). Example: unimportant details.

2. Delete material that, although it is important, is also redundant.

A.2 Instructions for Ideal Summary Preparation

Each sentence in a document is identified by a serial number. To make the summarization
process easier, each sentence starts on a new line. Select 30%, 25% and 20% of the total number
of the sentences in the document. These numbers are already calculated for each document and
put in a table at the end of the document. Each column of the table represents spaces where you
should write the serial number of sentences that are selected for a particular extraction rate (30%,
25%, or 20%). The number of sentences to be selected is indicated at the top of each column.
Starting from the left of the table, the second column represents sentences at 30% extraction rate,
the third one at 25% extraction rate and the last one at 20%. Note that within a column of chosen

sentences, ranking is not important. The serial numbers shown in the leftmost column of the
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table are just to show you how many sentences you have selected, not the importance of the

sentences.

A recommended method to generate sentences at 30% extraction rate is as follows
e As you read the sentences for the first time or as you are rereading them, categorize the
sentences by marking them (see the third bullet to see a recommended method for
marking the sentences) in one of three groups: selected, candidate, discarded. This would
be advantageous for keeping memory of the status of each sentence for inclusion in the
summary in a reliable manner.
e Make sure to change the label of a sentence when its category is changed to guarantee
accurate summarization.
e To mark the sentences, the following methods are recommended
= |f you are using an electronic version of the document: use boldface for selected
sentences, underline candidate sentences and mark discarded sentences with red
color.
= |f you are using printed version of the document: mark the serial number of a
sentence by a tick sign (v) if it is selected, circle the serial number if it is a
candidate, or with a cross sign (x) if it is discarded.

To generate summary sentences at each of the three extraction rates, the following method is
recommended
1. First, choose sentences at 30% extraction rate according to the guideline of section A.1
(giving attention to the two methods indicated).
2. Second, eliminate the required number of sentences from the summary produced in step
one using the guideline of section A.1 (giving attention to the two methods indicated) to
reach at 25% extraction rate summary sentences.

3. Finally, do the same as in step two to reach at the 20% rate summary sentences.
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Appendix D. List of Suffixes and Prefixes
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Appendix E. Java Class for JIWTS

import java.io.*;
import Jama.Matrix;
import java.util_TreeMap;

public class JWTS {

public double loglL; //Stores predictive log-likelihood of the current PLSA
//model for use by the “score” method

public double [] rank (Matrix termBySent, int numTopic, double cc, int
numRestart, double beta) throws Exception
{

//cc stands for convergence criteria (%)

plsa plsal = new plsa (numTopic,cc,numRestart,beta);
TreeMap <String, Matrix> para = plsal.trainp(termBySent.copy());

double [] ppdz = new double [termBySent.getColumnDimension()];
double product;

for(int i=0;i<para.get(plsa.sentByTopicfT).getRowDimension();i++)

{
product = 1.0d;

for(int j=0;j < para.get(plsa.sentByTopicf).getColumnDimension();j++)

product = product * (para.get(plsa.sentByTopicfT).get(i, j));
}

ppdz[i]=product;

}
logL = plsal.logL2(para, termBySent.copy());

return ppdz;

} //End of class “rank”

public int [] score (String position, int numModel, double rate,File doc,
int numTopic, double cc, Int numRestart, double beta)
throws Exception

algouUtil util = new algoutil();

double [] score;

double [] tempScore;

double [][] tempScores = new double [numRestart][];

double [] logLs = new double [numRestart];

int [] ixLogLs = new int [numRestart]; // “ix” stands for index

Matrix termBySent;
sentencevector sv= new sentencevector();
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termBySent= sv.generatematrix(doc);

//Calcualte number of sentences extracted
int len = (int) Math.round(((double) termBySent.getColumnDimension())*rate);
///////Finished ... /////////7//

score = new double [termBySent.getColumnDimension()];
util_setToZeros(score);

//numRestart number of restarts
if(position.equals(algoutil._all))

System.out.printIn(numRestart + ™ restarts.');
for (int i=0; i<numRestart;i++)

{
tempScore = rank(termBySent.copy(), numTopic,cc,1,beta);

score = util_plus(score, tempScore);

}

//Top models
else if(position.equals(algoUtil._top))

System.out.printIn("'Top "+numModel+" of "+numRestart+" restarts.™);

for (int i=0; i<numRestart;i++)
{
tempScores[i] = rank(termBySent.copy(), numTopic,cc,1,beta);
logLs[i] = loglL;
}
ixLogLs = util_bubbleSort(logLs) ;

for (int i1=0; i<numModel ;i++)

{

score = util._plus(score, tempScores[ixLogLs[i]]);

}

//Bottom models
else if(position.equals(algoUtil_bottom))

{

System.out.printIn("'Top "+numModel+" of "+numRestart+" restarts.™);
for (int i=0; i<numRestart;i++)
{
tempScores[i] = rank(termBySent.copy(), numTopic,cc,1,beta);
logLs[i] = loglL;

ixLogLs = util_bubbleSort(logLs) ;
util_reverse(ixLoglLs);
for (int i=0; i<numModel ;i++)

{
}

score = util._plus(score, tempScores[ixLogLs[i]]);
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else
{
//Dummy code. No scoing method is executed here.
//Gives “First n Sentences” algorithm
System._out.printIn(’’'Dummy scoring method™);
score = new double [termBySent.getColumnDimension()];
}

System._out.printIn(’’'Sentence socres');
util.display(score);

int [] tempSummary = util.bubbleSort(score);
int [] summary = new int [len];
for (int i1=0; i<len; i++)
{
summary [i] = tempSummary [i] + 1;//Because java index starts from zero
//while sentence number starts from one

}

util._addOne(summary); //Include the first sentence if it is not there

System.out.printIn("’'Ranked sentences of ™ + len + in total at " +
(int) (rate*100)+"% extraction rate.™);

for (int i=0; i< summary.length;i++)

{

}
System.out.printin(Q);

System.out.print(summary[i] + ", ");

return summary

} /7/End of class “score”

public void expJWTS (String [] file, String outputFileName,String
position, int numModel ,double rate, int numTopic, double
cc, int numRestart, double beta) throws Exception

{

String dirPr=algoUtil.prDir._concat(""\\expJWTS\\"+Double.toString(rate)+"\\");

String dirPr25 = algoUtil_prDir.concat(""\\expJWTS\\0.25\\"");

String dirPr20 = algoUtil_prDir.concat(""\\expJWTS\\0.2\\"");

algoutil util = new algoutil();
String fileName;

double [1[] pr = new double [file.length][3];//pr stands for precision/recall
double []1[] pr25 new double [file.length][3];

double []1[] pr20 new double [file.length][3];

int [] summary;
double [] avgPr;
double [] avgPr25
double [] avgPr20

new double[0]; //Dummy initialization to obey compiler
new double [0];
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//Summarize at given rate (usaully 0.3d)
for (int i=0; i<file_length;i++)

{
TfileName = algoutil_fileDir._concat(file[i]+".txt™);
summary = score(position,numModel,rate,new
File(fileName) ,numTopic,cc,numRestart,beta);
pri]=util_pr(summary.clone(), file[i], rate);
if(rate == algouUtil._rate30)
{
pr25[i]=util._pr(summary.clone(), file[i], algoUtil.rate25);
pr20[i]=util._pr(summary.clone(), file[i], algoUtil._rate20);
}
}

//Calculate average p/r
avgPr = util._avg(pr-clone());
if(rate == algouUtil._rate30)
{
avgPr25
avgPr20

util.avg(pr25.clone());
util.avg(pr20.clone());

}

//Writing avgPr to file

String prFile;

String signature = "position="+ position+" numModel="+numModel+"
rate="+rate+" numTopic="+numTopic+" cc="+cc+"
numRestart=""+numRestart+" beta="+beta;

prFile = dirPr.concat(outputFileName+"_txt™);

util _writeAvg(prFile, signature, avgPr.clone());

if(rate == algoUtil._rate30)
{

signature = "‘position="+ position+" numModel=""+numModel+""
rate="+algoUtil.rate25+" numTopic="+numTopic+" cc=""+cc+""
numRestart=""+numRestart+" beta="+beta;

prFile = dirPr25.concat(outputFileName+" . txt');

util _.writeAvg(prFile, signature, avgPr25.clone());

signature = "‘position="+ position+" numModel=""+numModel+""
rate="+algoUtil.rate20+" numTopic="+numTopic+" cc=""+cc+""
numRestart=""+numRestart+" beta="+beta;

prFile = dirPr20.concat(outputFileName+" . txt');
util _writeAvg(prFile, signature, avgPr20.clone());

}
} //End of class “expJWTS”

} /7/End of class “JWTS”
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Appendix F. Full Experimental Results for Selected
Experiments

Table F.1: Results of experiment 1.1. It contains tables F.1.1, F.1.2 and F.1.3.
Table F.1.1: Result of experiment 1.1 for

B = 0.8, Number of topics = 2 and convergence criterion (%) = 0.03.

Precision/Recall
No. Scoring Method Extraction Rate (%)
30 25 20
1 1 random start 0.42531 | 0.40276 | 0.38904
2 Top 1 of 20 restarts 0.42055 | 0.39402 | 0.37072
3 Bottom 1 of 20 restarts 0.44601 | 0.41885 | 0.39891
4 5 restarts 0.45563 | 0.42267 | 0.41102
5 Top 5 of 20 restarts 0.46097 | 0.42837 | 0.40388
6 Bottom 5 of 20 restarts 0.46540 | 0.43830 | 0.41156
7 10 restarts 0.47691 | 0.43805 | 0.41532
8 Top 10 of 20 restarts 0.46151 | 0.42795 | 0.40540
9 Bottom 10 of 20 restarts 0.48668 | 0.45203 | 0.42707
10 15 restarts 0.48499 | 0.45185 | 0.42337
11 Top 15 of 20 restarts 0.47857 | 0.43408 | 0.41322
12 Bottom 15 of 20 restarts 0.47783 | 0.44904 | 0.41851
13 20 restarts 0.48538 | 0.45228 | 0.41672
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Table F.1.2: Result of experiment 1.1 for

B = 0.7, Number of topics = 4 and convergence criterion (%) = 0.9.

Precision/Recall
No. Scoring Method Extraction Rate (%)
30 25 20
1 1 random start 0.47159 | 0.43943 | 0.40959
2 Top 1 of 20 restarts 0.46620 | 0.42735 | 0.40049
3 Bottom 1 of 20 restarts 0.48171 | 0.44819 | 0.40586
4 5 restarts 0.49614 | 0.45978 | 0.42637
5 Top 5 of 20 restarts 0.48863 | 0.43973 | 0.40115
6 Bottom 5 of 20 restarts 0.49412 | 0.46298 | 0.42679
7 10 restarts 0.49756 | 0.45600 | 0.42329
8 Top 10 of 20 restarts 0.49043 | 0.45242 | 0.41955
9 Bottom 10 of 20 restarts 0.49106 | 0.45732 | 0.42000
10 15 restarts 0.50583 | 0.46670 | 0.43010
11 Top 15 of 20 restarts 0.49691 | 0.46052 | 0.43149
12 Bottom 15 of 20 restarts 0.50586 | 0.46299 | 0.42175
13 20 restarts 0.49864 | 0.45872 | 0.41709
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Table F.1.3: Result of experiment 1.1 for

B = 0.9, Number of topics = 6 and convergence criterion (%) = 0.007.

Precision/Recall
No. Scoring Method Extraction Rate (%)
30 25 20
1 1 random start 0.43457 | 0.39537 | 0.36958
2 Top 1 of 20 restarts 0.44245 | 0.40555 | 0.38100
3 Bottom 1 of 20 restarts 0.45086 | 0.42643 | 0.39982
4 5 restarts 0.43625 | 0.40176 | 0.38542
5 Top 5 of 20 restarts 0.42332 | 0.38988 | 0.36843
6 Bottom 5 of 20 restarts 0.43532 | 0.40531 | 0.39207
7 10 restarts 0.43006 | 0.40170 | 0.37166
8 Top 10 of 20 restarts 0.42059 | 0.39338 | 0.36823
9 Bottom 10 of 20 restarts 0.43361 | 0.40682 | 0.38651
10 15 restarts 0.43028 | 0.40908 | 0.38661
11 Top 15 of 20 restarts 0.42587 | 0.40034 | 0.38006
12 Bottom 15 of 20 restarts 0.43513 | 0.40317 | 0.38392
13 20 restarts 0.42895 | 0.40162 | 0.38437
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Table F.2: Results of experiment 1.2. It contains tables F.2.1, F.2.2 and F.2.3.

Table F.2.1: Result of experiment 1.2 when the scoring method is 15 restarts.

Precision/Recall

Convergence Criterion (%)

No. B N#@S&Of 0.9 0.03 0.007
Extraction Rate (%) Extraction Rate (%) Extraction Rate (%)
30 25 20 30 25 20 30 25 20

1 2 0.50768 | 0.46336 | 0.43160 | 0.45456 | 0.43006 | 0.41545 | 0.44418 | 0.42829 | 0.41588
2 3 0.47579 | 0.44152 | 0.42180 | 0.42573 | 0.40132 | 0.37740 | 0.41354 | 0.38846 | 0.36701
3 1 4 0.45332 | 0.42688 | 0.38383 | 0.43025 | 0.39920 | 0.38522 | 0.41597 | 0.40374 | 0.37418
4 5 0.46301 | 0.43601 | 0.42589 | 0.43757 | 0.40603 | 0.37372 | 0.41740 | 0.38864 | 0.37611
5 6 0.44444 | 0.41650 | 0.38720 | 0.42719 | 0.39887 | 0.38241 | 0.42025 | 0.39909 | 0.36059
6 2 0.49904 | 0.44991 | 0.43360 | 0.45254 | 0.41923 | 0.39815 | 0.43782 | 0.40728 | 0.37058
7 3 0.49052 | 0.44486 | 0.42316 | 0.42366 | 0.38520 | 0.36777 | 0.41886 | 0.39721 | 0.39065
8 0.95 4 0.46847 | 0.43555 | 0.41027 | 0.44019 | 0.41642 | 0.39214 | 0.40984 | 0.37999 | 0.34733
9 5 0.46542 | 0.44558 | 0.41088 | 0.43532 | 0.41236 | 0.38055 | 0.42270 | 0.39099 | 0.36206
10 6 0.46445 | 0.41304 | 0.39515 | 0.43112 | 0.41039 | 0.38642 | 0.42845 | 0.39124 | 0.37977
11 2 0.50272 | 0.46924 | 0.43530 | 0.46285 | 0.42800 | 0.39922 | 0.45611 | 0.41782 | 0.40870
12 3 0.49205 | 0.45455 | 0.42392 | 0.41988 | 0.39551 | 0.37044 | 0.43934 | 0.39735 | 0.36769
13 0.9 4 0.47555 | 0.44753 | 0.40809 | 0.42150 | 0.40605 | 0.38154 | 0.42239 | 0.38233 | 0.37812
14 5 0.46055 | 0.41480 | 0.40009 | 0.43158 | 0.40152 | 0.37515 | 0.42923 | 0.40525 | 0.38649
15 6 0.46707 | 0.42405 | 0.41028 | 0.44063 | 0.40705 | 0.37550 | 0.43225 | 0.40254 | 0.37758
16 2 0.51124 | 0.46207 | 0.43034 | 0.47324 | 0.43924 | 0.41553 | 0.46093 | 0.43290 | 0.41461
17 3 0.49645 | 0.47098 | 0.42509 | 0.45300 | 0.42533 | 0.40033 | 0.44035 | 0.40914 | 0.39155
18 0.85 4 0.48847 | 0.44763 | 0.41023 | 0.44515 | 0.42229 | 0.38274 | 0.42528 | 0.40903 | 0.37017
19 5 0.47374 | 0.43643 | 0.40716 | 0.44060 | 0.39801 | 0.39506 | 0.45013 | 0.42300 | 0.40103
20 6 0.48193 | 0.43953 | 0.42763 | 0.44608 | 0.40194 | 0.36263 | 0.43345 | 0.39891 | 0.38336
21 0.8 2 0.50120 | 0.45411 | 0.42491 | 0.48210 | 0.45086 | 0.42591 | 0.47814 | 0.43249 | 0.41130
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Precision/Recall

Convergence Criterion (%)

No. B N‘i@gfgsc’f 0.9 0.03 0.007
Extraction Rate (%) Extraction Rate (%) Extraction Rate (%)
30 25 20 30 25 20 30 25 20

22 3 0.49655 | 0.44990 | 0.42434 | 0.46521 | 0.42041 | 0.38587 | 0.45502 | 0.42748 | 0.39558
23 4 0.48076 | 0.43743 | 0.41987 | 0.44989 | 0.42036 | 0.38185 | 0.45496 | 0.42655 | 0.39068
24 5 0.47136 | 0.42957 | 0.40105 | 0.46405 | 0.42250 | 0.39617 | 0.44032 | 0.40926 | 0.38445
25 6 0.46416 | 0.43395 | 0.40982 | 0.44694 | 0.42026 | 0.39494 | 0.45158 | 0.42082 | 0.39844
26 2 0.50645 | 0.45707 | 0.42338 | 0.48421 | 0.45128 | 0.42759 | 0.48388 | 0.44873 | 0.41382
27 3 0.49529 | 0.45662 | 0.42183 | 0.46616 | 0.43533 | 0.40606 | 0.46828 | 0.43300 | 0.39737
28 0.75 4 0.49000 | 0.44682 | 0.42592 | 0.45968 | 0.42202 | 0.39834 | 0.46045 | 0.43790 | 0.40525
29 5 0.48111 | 0.44924 | 0.41322 | 0.46163 | 0.41928 | 0.38899 | 0.47111 | 0.42181 | 0.39074
30 6 0.47872 | 0.44296 | 0.40730 | 0.45986 | 0.42238 | 0.39485 | 0.45613 | 0.42745 | 0.39317
31 2 0.50445 | 0.46491 | 0.42463 | 0.48962 | 0.45885 | 0.43286 | 0.49660 | 0.44349 | 0.42648
32 3 0.50889 | 0.46640 | 0.42249 | 0.48079 | 0.44664 | 0.42191 | 0.48669 | 0.44568 | 0.42164
33 0.7 4 0.49511 | 0.45679 | 0.42068 | 0.47948 | 0.44228 | 0.41360 | 0.48563 | 0.45215 | 0.41341
34 5 0.47908 | 0.45247 | 0.42075 | 0.46545 | 0.43708 | 0.40043 | 0.47501 | 0.42885 | 0.40833
35 6 0.48024 | 0.44425 | 0.40792 | 0.46794 | 0.43774 | 0.42168 | 0.46760 | 0.43863 | 0.39898
36 2 0.51203 | 0.45537 | 0.41926 | 0.48845 | 0.45789 | 0.42789 | 0.48777 | 0.45773 | 0.41797
37 3 0.51335 | 0.45838 | 0.42968 | 0.47463 | 0.43639 | 0.41474 | 0.48521 | 0.44915 | 0.42476
38 0.65 4 0.50995 | 0.45876 | 0.42561 | 0.47511 | 0.45062 | 0.41985 | 0.48476 | 0.43290 | 0.41537
39 5 0.50719 | 0.46119 | 0.42608 | 0.46768 | 0.43571 | 0.40704 | 0.48633 | 0.44240 | 0.41670
40 6 0.50140 | 0.46319 | 0.42141 | 0.48754 | 0.45701 | 0.41927 | 0.48384 | 0.44242 | 0.41475
41 2 0.50829 | 0.45407 | 0.42478 | 0.49396 | 0.45677 | 0.43068 | 0.49617 | 0.45545 | 0.42279
42 0.6 3 0.50814 | 0.45438 | 0.43008 | 0.48508 | 0.45516 | 0.42681 | 0.49207 | 0.44513 | 0.42723
43 4 0.50928 | 0.45979 | 0.43414 | 0.48751 | 0.45305 | 0.42577 | 0.48914 | 0.44491 | 0.40636
44 5 0.50698 | 0.46075 | 0.42465 | 0.49076 | 0.45268 | 0.43017 | 0.48329 | 0.44856 | 0.41248
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No.

45

Precision/Recall

Convergence Criterion (%)

N#@ngsc’f 09 0.03 0.007
Extraction Rate (%) Extraction Rate (%) Extraction Rate (%)
30 25 20 30 25 20 30 25 20
6 0.50951 | 0.45691 | 0.42574 | 0.48357 | 0.44569 | 0.41613 | 0.48052 | 0.43944 | 0.40727
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Table F.2.2: Result of experiment 1.2 when the scoring method is top 15 of 20 restarts.

Precision/Recall

Convergence Criterion (%)

No. B N#@S&Of 0.9 0.03 0.007
Extraction Rate (%) Extraction Rate (%) Extraction Rate (%)
30 25 20 30 25 20 30 25 20

1 2 0.48842 | 0.46061 | 0.42970 | 0.45624 | 0.42835 | 0.41203 | 0.45700 | 0.43191 | 0.39572
2 3 0.48115 | 0.44367 | 0.40454 | 0.41913 | 0.38902 | 0.37699 | 0.42099 | 0.38256 | 0.35618
3 1 4 0.44559 | 0.41451 | 0.40295 | 0.42987 | 0.40503 | 0.38254 | 0.40618 | 0.38810 | 0.37289
4 5 0.46273 | 0.41870 | 0.41379 | 0.42896 | 0.39602 | 0.37148 | 0.42306 | 0.39342 | 0.35717
5 6 0.44492 | 0.40148 | 0.38539 | 0.41869 | 0.39383 | 0.37985 | 0.42713 | 0.39477 | 0.36687
6 2 0.50097 | 0.46664 | 0.43290 | 0.43502 | 0.42039 | 0.40181 | 0.43629 | 0.41670 | 0.40062
7 3 0.47725 | 0.44579 | 0.41747 | 0.43527 | 0.40937 | 0.39183 | 0.40788 | 0.37151 | 0.34790
8 0.95 4 0.47403 | 0.44740 | 0.41836 | 0.43749 | 0.40608 | 0.37224 | 0.41778 | 0.39753 | 0.37313
9 5 0.45638 | 0.42996 | 0.40772 | 0.42653 | 0.39086 | 0.36896 | 0.42159 | 0.38845 | 0.36937
10 6 0.45374 | 0.41989 | 0.39628 | 0.42267 | 0.40665 | 0.38379 | 0.40839 | 0.37685 | 0.36163
11 2 0.50377 | 0.46031 | 0.43148 | 0.44849 | 0.41403 | 0.40349 | 0.43659 | 0.41031 | 0.39172
12 3 0.50103 | 0.47274 | 0.43092 | 0.43844 | 0.41638 | 0.37961 | 0.41944 | 0.40100 | 0.38924
13 0.9 4 0.47474 | 0.44703 | 0.40260 | 0.42262 | 0.39488 | 0.35901 | 0.42402 | 0.39049 | 0.37528
14 5 0.44668 | 0.42721 | 0.41252 | 0.42789 | 0.41164 | 0.39251 | 0.42543 | 0.39375 | 0.37413
15 6 0.46498 | 0.42911 | 0.40124 | 0.43202 | 0.39906 | 0.38514 | 0.41996 | 0.39487 | 0.37970
16 2 0.50329 | 0.45051 | 0.42074 | 0.46341 | 0.43538 | 0.41584 | 0.44935 | 0.41764 | 0.40570
17 3 0.48857 | 0.44890 | 0.41108 | 0.44823 | 0.40965 | 0.39260 | 0.43851 | 0.40326 | 0.38285
18 0.85 4 0.49041 | 0.44523 | 0.42460 | 0.43118 | 0.41190 | 0.38436 | 0.43619 | 0.40505 | 0.38174
19 5 0.46675 | 0.43829 | 0.42006 | 0.43587 | 0.39849 | 0.38871 | 0.42641 | 0.40382 | 0.39520
20 6 0.46336 | 0.42208 | 0.40562 | 0.44137 | 0.41049 | 0.38852 | 0.44220 | 0.40228 | 0.39025
21 0.8 2 0.49760 | 0.45130 | 0.42888 | 0.46050 | 0.43730 | 0.41164 | 0.47390 | 0.44138 | 0.41682
22 3 0.48872 | 0.45905 | 0.42882 | 0.46706 | 0.41973 | 0.38859 | 0.45810 | 0.42746 | 0.39468
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Precision/Recall

Convergence Criterion (%)

No. B N‘i@gfgsc’f 0.9 0.03 0.007
Extraction Rate (%) Extraction Rate (%) Extraction Rate (%)
30 25 20 30 25 20 30 25 20

23 4 0.49046 | 0.44994 | 0.43744 | 0.46619 | 0.42786 | 0.39316 | 0.46050 | 0.41590 | 0.39231
24 5 0.47233 | 0.43406 | 0.40743 | 0.44906 | 0.41107 | 0.39186 | 0.43852 | 0.40321 | 0.38829
25 6 0.46854 | 0.42848 | 0.39869 | 0.43438 | 0.39189 | 0.38142 | 0.45654 | 0.41868 | 0.38936
26 2 0.51084 | 0.46377 | 0.41980 | 0.48659 | 0.44137 | 0.40535 | 0.47616 | 0.44127 | 0.42761
27 3 0.49208 | 0.44775 | 0.42535 | 0.47166 | 0.43212 | 0.40416 | 0.46846 | 0.42451 | 0.41226
28 0.75 4 0.47849 | 0.43899 | 0.40861 | 0.44962 | 0.41877 | 0.41093 | 0.47563 | 0.42462 | 0.40663
29 5 0.47941 | 0.44579 | 0.42475 | 0.46034 | 0.42247 | 0.38967 | 0.45583 | 0.41929 | 0.39349
30 6 0.47859 | 0.43416 | 0.41824 | 0.45640 | 0.40694 | 0.39205 | 0.46995 | 0.42028 | 0.39075
31 2 0.51165 | 0.46765 | 0.43747 | 0.48898 | 0.45001 | 0.41555 | 0.48684 | 0.44776 | 0.43537
32 3 0.50841 | 0.47041 | 0.43292 | 0.48078 | 0.43939 | 0.41580 | 0.47857 | 0.43239 | 0.40741
33 0.7 4 0.48029 | 0.45238 | 0.42316 | 0.48690 | 0.43794 | 0.41165 | 0.47643 | 0.43750 | 0.41496
34 5 0.49490 | 0.45435 | 0.42116 | 0.46546 | 0.42454 | 0.40097 | 0.47455 | 0.43051 | 0.41143
35 6 0.49272 | 0.46073 | 0.43652 | 0.46652 | 0.43100 | 0.40963 | 0.47312 | 0.43315 | 0.40140
36 2 0.50406 | 0.46074 | 0.41846 | 0.49046 | 0.45163 | 0.42704 | 0.48834 | 0.44446 | 0.42247
37 3 0.50695 | 0.45408 | 0.42515 | 0.49200 | 0.45515 | 0.41727 | 0.47631 | 0.43511 | 0.42645
38 0.65 4 0.51047 | 0.46714 | 0.43314 | 0.48542 | 0.43890 | 0.39760 | 0.48699 | 0.44231 | 0.41496
39 5 0.50439 | 0.45748 | 0.42415 | 0.47678 | 0.43677 | 0.41466 | 0.49089 | 0.45129 | 0.41380
40 6 0.50043 | 0.44538 | 0.41987 | 0.48413 | 0.44219 | 0.40954 | 0.49058 | 0.44871 | 0.41135
41 2 0.51127 | 0.45909 | 0.43442 | 0.49348 | 0.46499 | 0.42881 | 0.49220 | 0.45151 | 0.42640
42 3 0.50654 | 0.46131 | 0.43318 | 0.49018 | 0.43044 | 0.41181 | 0.48419 | 0.44865 | 0.41945
43 0.6 4 0.50976 | 0.45608 | 0.42389 | 0.48071 | 0.43009 | 0.41226 | 0.48285 | 0.44146 | 0.41505
44 5 0.50622 | 0.45720 | 0.42473 | 0.48523 | 0.44412 | 0.41336 | 0.49190 | 0.43793 | 0.41772
45 6 0.50934 | 0.46211 | 0.42620 | 0.48187 | 0.43682 | 0.41718 | 0.48644 | 0.44518 | 0.42410
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Table F.2.3: Result of experiment 1.2 when the scoring method is bottom 15 of 20 restarts.

Precision/Recall

Convergence Criterion (%)

No. B N#@S&Of 0.9 0.03 0.007
Extraction Rate (%) Extraction Rate (%) Extraction Rate (%)
30 25 20 30 25 20 30 25 20

1 2 0.52012 | 0.46791 | 0.42549 | 0.47299 | 0.44758 | 0.42012 | 0.44571 | 0.42919 | 0.39868
2 3 0.48343 | 0.45411 | 0.42780 | 0.40582 | 0.38094 | 0.35190 | 0.41611 | 0.39387 | 0.37465
3 1 4 0.46186 | 0.43604 | 0.40588 | 0.42373 | 0.39159 | 0.36709 | 0.43286 | 0.41791 | 0.38565
4 5 0.47107 | 0.43389 | 0.40549 | 0.42327 | 0.39357 | 0.35718 | 0.41077 | 0.38359 | 0.35664
5 6 0.45616 | 0.42336 | 0.39177 | 0.44258 | 0.41514 | 0.38377 | 0.43302 | 0.39355 | 0.37587
6 2 0.49856 | 0.46693 | 0.42977 | 0.46392 | 0.42132 | 0.40553 | 0.43577 | 0.41734 | 0.40331
7 3 0.50197 | 0.46548 | 0.42749 | 0.43127 | 0.39929 | 0.37660 | 0.41484 | 0.39333 | 0.36397
8 0.95 4 0.48559 | 0.43933 | 0.41162 | 0.44660 | 0.41386 | 0.38534 | 0.40460 | 0.39420 | 0.36902
9 5 0.46970 | 0.43859 | 0.40766 | 0.42132 | 0.39368 | 0.37586 | 0.44309 | 0.42184 | 0.38414
10 6 0.47211 | 0.42454 | 0.39564 | 0.42050 | 0.39035 | 0.37045 | 0.42783 | 0.40061 | 0.37773
11 2 0.50184 | 0.45659 | 0.42591 | 0.45233 | 0.42232 | 0.41076 | 0.46087 | 0.42309 | 0.39963
12 3 0.47765 | 0.43366 | 0.41213 | 0.44749 | 0.42333 | 0.40465 | 0.42820 | 0.39619 | 0.37453
13 0.9 4 0.47272 | 0.43342 | 0.41156 | 0.44290 | 0.40591 | 0.37593 | 0.42593 | 0.39879 | 0.39204
14 5 0.46464 | 0.43886 | 0.40501 | 0.45902 | 0.43511 | 0.40529 | 0.42435 | 0.39488 | 0.37598
15 6 0.47464 | 0.42757 | 0.40185 | 0.44915 | 0.42052 | 0.38305 | 0.42143 | 0.40367 | 0.38939
16 2 0.50178 | 0.46393 | 0.42093 | 0.46974 | 0.43781 | 0.40661 | 0.46182 | 0.43989 | 0.42019
17 3 0.48937 | 0.45267 | 0.42903 | 0.44481 | 0.41412 | 0.38492 | 0.43803 | 0.40573 | 0.38760
18 0.85 4 0.49323 | 0.44251 | 0.42874 | 0.44147 | 0.41052 | 0.39472 | 0.43854 | 0.40406 | 0.38225
19 5 0.46841 | 0.44281 | 0.41444 | 0.44156 | 0.41644 | 0.38084 | 0.43446 | 0.39536 | 0.37741
20 6 0.46471 | 0.43325 | 0.40861 | 0.44566 | 0.41072 | 0.38225 | 0.43632 | 0.39615 | 0.37361
21 0.8 2 0.51036 | 0.46576 | 0.42630 | 0.48272 | 0.45268 | 0.42557 | 0.48372 | 0.43754 | 0.41019
22 3 0.49752 | 0.46255 | 0.43437 | 0.46890 | 0.43231 | 0.40408 | 0.45363 | 0.42789 | 0.40666
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Precision/Recall

Convergence Criterion (%)

No. B N‘i@gfgsc’f 0.9 0.03 0.007
Extraction Rate (%) Extraction Rate (%) Extraction Rate (%)
30 25 20 30 25 20 30 25 20

23 4 0.49351 | 0.44675 | 0.41002 | 0.46196 | 0.41653 | 0.39267 | 0.45612 | 0.41559 | 0.38415
24 5 0.47313 | 0.43373 | 0.42383 | 0.45010 | 0.42497 | 0.40350 | 0.43752 | 0.40833 | 0.39072
25 6 0.48989 | 0.45843 | 0.41157 | 0.44898 | 0.42654 | 0.39088 | 0.45250 | 0.42334 | 0.40382
26 2 0.50278 | 0.45877 | 0.42513 | 0.47434 | 0.44443 | 0.42302 | 0.49260 | 0.44288 | 0.41001
27 3 0.50563 | 0.46515 | 0.42981 | 0.46423 | 0.43806 | 0.41632 | 0.46533 | 0.43435 | 0.39989
28 0.75 4 0.49262 | 0.46295 | 0.42347 | 0.46889 | 0.43223 | 0.40709 | 0.47939 | 0.44556 | 0.41748
29 5 0.48695 | 0.45373 | 0.41261 | 0.46306 | 0.42978 | 0.40422 | 0.45485 | 0.42135 | 0.39100
30 6 0.48549 | 0.44155 | 0.41856 | 0.46803 | 0.43011 | 0.39788 | 0.47288 | 0.42636 | 0.40796
31 2 0.50841 | 0.45792 | 0.42858 | 0.47950 | 0.44388 | 0.42117 | 0.49400 | 0.47281 | 0.43066
32 3 0.50270 | 0.46601 | 0.43051 | 0.47398 | 0.44766 | 0.40970 | 0.48928 | 0.44259 | 0.41906
33 0.7 4 0.49897 | 0.46384 | 0.43456 | 0.47874 | 0.44149 | 0.41358 | 0.46707 | 0.43041 | 0.41717
34 5 0.49894 | 0.46124 | 0.42282 | 0.47228 | 0.42780 | 0.40562 | 0.46747 | 0.44386 | 0.42442
35 6 0.48157 | 0.45300 | 0.40954 | 0.46622 | 0.43450 | 0.41411 | 0.47659 | 0.44148 | 0.42496
36 2 0.50701 | 0.45913 | 0.41784 | 0.49260 | 0.45626 | 0.43338 | 0.48887 | 0.44809 | 0.42502
37 3 0.50973 | 0.46299 | 0.42959 | 0.47850 | 0.43845 | 0.41142 | 0.48454 | 0.44313 | 0.41705
38 0.65 4 0.50848 | 0.45870 | 0.43214 | 0.48710 | 0.44928 | 0.42340 | 0.48519 | 0.44378 | 0.41980
39 5 0.51159 | 0.45595 | 0.42010 | 0.47620 | 0.44480 | 0.41292 | 0.48219 | 0.44452 | 0.42095
40 6 0.50855 | 0.45942 | 0.41979 | 0.48390 | 0.44438 | 0.41917 | 0.48141 | 0.44423 | 0.40979
41 2 0.50884 | 0.45869 | 0.42836 | 0.49742 | 0.45539 | 0.44068 | 0.49701 | 0.45802 | 0.42453
42 3 0.51037 | 0.45922 | 0.42972 | 0.48039 | 0.45017 | 0.42422 | 0.48428 | 0.44577 | 0.41904
43 0.6 4 0.51165 | 0.45693 | 0.42951 | 0.47574 | 0.43587 | 0.41696 | 0.48612 | 0.44554 | 0.41894
44 5 0.51043 | 0.45255 | 0.42268 | 0.48869 | 0.44174 | 0.40906 | 0.48953 | 0.44322 | 0.42109
45 6 0.50896 | 0.45567 | 0.42848 | 0.49004 | 0.45890 | 0.41599 | 0.48177 | 0.44848 | 0.41773
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Table F.3: Averaged table (across topics) of F.2. It contains tables F.3.1, F.3.2 and F.3.3.
Table F.3.1: Averaged table (across topics) of F.2.1.

Precision/Recall
No. B Convergence Criterion (%) Extraction Rate (%)
30 25 20

1 0.9 0.46885 | 0.43685 | 0.41006

2 1 0.03 0.43506 | 0.40710 | 0.38684

3 0.007 0.42227 | 0.40164 | 0.37876

4 0.9 0.47758 | 0.43779 | 0.41461

5 0.95 0.03 0.43657 | 0.40872 | 0.38501

6 0.007 0.42353 | 0.39334 | 0.37008

7 0.9 0.47959 | 0.44203 | 0.41554

8 0.9 0.03 0.43529 | 0.40763 | 0.38037

9 0.007 0.43586 | 0.40106 | 0.38372
10 0.9 0.49037 | 0.45133 | 0.42009
11 0.85 0.03 0.45161 | 0.41736 | 0.39126
12 0.007 0.44203 | 0.41460 | 0.39214
13 0.9 0.48281 | 0.44099 | 0.41600
14 0.8 0.03 0.46164 | 0.42688 | 0.39695
15 0.007 0.45600 | 0.42332 | 0.39609
16 0.9 0.49031 | 0.45054 | 0.41833
17 0.75 0.03 0.46631 | 0.43006 | 0.40316
18 0.007 0.46797 | 0.43378 | 0.40007
19 0.9 0.49355 | 0.45696 | 0.41929
20 0.7 0.03 0.47665 | 0.44452 | 0.41809
21 0.007 0.48231 | 0.44176 | 0.41377
22 0.9 0.50879 | 0.45938 | 0.42441
23 0.65 0.03 0.47868 | 0.44752 | 0.41776
24 0.007 0.48558 | 0.44492 | 0.41791
25 0.9 0.50844 | 0.45718 | 0.42788
26 0.6 0.03 0.48817 | 0.45267 | 0.42591
27 0.007 0.48824 | 0.44670 | 0.41523
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Table F.3.2: Averaged table (across topics) of F.2.2.

Precision/Recall

No. B Convergence Criterion (%) Extraction Rate (%)
30 25 20
1 0.9 0.46456 | 0.42779 | 0.40727
2 1 0.03 0.43058 | 0.40245 | 0.38458
3 0.007 0.42687 | 0.39815 | 0.36977
4 0.9 0.47248 | 0.44194 | 0.41455
5 0.95 0.03 0.43140 | 0.40667 | 0.38373
6 0.007 0.41838 | 0.39021 | 0.37053
7 0.9 0.47824 | 0.44728 | 0.41575
8 0.9 0.03 0.43389 | 0.40720 | 0.38395
9 0.007 0.42509 | 0.39808 | 0.38201
10 0.9 0.48248 | 0.44100 | 0.41642
11 0.85 0.03 0.44401 | 0.41318 | 0.39401
12 0.007 0.43853 | 0.40641 | 0.39115
13 0.9 0.48353 | 0.44457 | 0.42025
14 0.8 0.03 0.45544 | 0.41757 | 0.39333
15 0.007 0.45751 | 0.42133 | 0.39629
16 0.9 0.48788 | 0.44609 | 0.41935
17 0.75 0.03 0.46492 | 0.42433 | 0.40043
18 0.007 0.46921 | 0.42599 | 0.40615
19 0.9 0.49759 | 0.46111 | 0.43024
20 0.7 0.03 0.47773 | 0.43658 | 0.41072
21 0.007 0.47790 | 0.43626 | 0.41411
22 0.9 0.50526 | 0.45696 | 0.42415
23 0.65 0.03 0.48576 | 0.44493 | 0.41322
24 0.007 0.48662 | 0.44438 | 0.41780
25 0.9 0.50862 | 0.45916 | 0.42848
26 0.6 0.03 0.48630 | 0.44129 | 0.41668
27 0.007 0.48752 | 0.44494 | 0.42055
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Table F.3.3: Averaged table (across topics) of F.2.3.

Precision/Recall

No. B Convergence Criteria (%) Extraction Rate (%)
30 25 20
1 0.9 0.47853 | 0.44306 | 0.41129
2 1 0.03 0.43368 | 0.40576 | 0.37601
3 0.007 0.42769 | 0.40362 | 0.37830
4 0.9 0.48558 | 0.44697 | 0.41443
5 0.95 0.03 0.43672 | 0.40370 | 0.38276
6 0.007 0.42523 | 0.40546 | 0.37963
7 0.9 0.47830 | 0.43802 | 0.41129
8 0.9 0.03 0.45018 | 0.42144 | 0.39594
9 0.007 0.43216 | 0.40332 | 0.38632
10 0.9 0.48350 | 0.44703 | 0.42035
11 0.85 0.03 0.44865 | 0.41792 | 0.38987
12 0.007 0.44183 | 0.40824 | 0.38821
13 0.9 0.49288 | 0.45345 | 0.42122
14 0.8 0.03 0.46253 | 0.43061 | 0.40334
15 0.007 0.45670 | 0.42254 | 0.39911
16 0.9 0.49469 | 0.45643 | 0.42191
17 0.75 0.03 0.46771 | 0.43492 | 0.40971
18 0.007 0.47301 | 0.43410 | 0.40527
19 0.9 0.49812 | 0.46040 | 0.42520
20 0.7 0.03 0.47414 | 0.43906 | 0.41284
21 0.007 0.47888 | 0.44623 | 0.42325
22 0.9 0.50907 | 0.45924 | 0.42389
23 0.65 0.03 0.48366 | 0.44664 | 0.42006
24 0.007 0.48444 | 0.44475 | 0.41852
25 0.9 0.51005 | 0.45661 | 0.42775
26 0.6 0.03 0.48646 | 0.44841 | 0.42138
27 0.007 0.48774 | 0.44821 | 0.42026
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Table F.4: Results of experiment 3. It contains tables F.4.1, F.4.2 and F.4.3.

Table F.4.1: Result of experiment 3 for

Top 15 of 20 restarts, B = 0.7, and convergence criterion (%) = 0.9.

Number

Precision/Recall

of Number o
No. Keywords of_ 2 3 4 5)
(%) Topics Extraction Rate (%) Extraction Rate (%) Extraction Rate (%) Extraction Rate (%)
30 25 20 30 25 20 30 25 20 30 25 20

1 2 0.50917 | 0.45940 | 0.42913 | 0.51040 | 0.46182 | 0.42880 | 0.50873 | 0.45783 | 0.43393 | 0.51015 | 0.45463 | 0.42972
2 3 0.50478 | 0.45746 | 0.43760 | 0.49873 | 0.46055 | 0.43632 | 0.50476 | 0.45593 | 0.42242 | 0.50179 | 0.45581 | 0.41961
3 11 4 0.50299 | 0.45492 | 0.42862 | 0.50534 | 0.47058 | 0.43028 | 0.50872 | 0.46601 | 0.43220 | 0.50477 | 0.46461 | 0.42446
4 5 0.49389 | 0.46580 | 0.42868 | 0.50597 | 0.47344 | 0.42888 | 0.49790 | 0.46618 | 0.43224 | 0.49260 | 0.45163 | 0.42084
5 6 0.49641 | 0.45934 | 0.43898 | 0.48409 | 0.45940 | 0.43277 | 0.48890 | 0.45139 | 0.43069 | 0.49401 | 0.46314 | 0.42562
6 2 0.51453 | 0.45875 | 0.42617 | 0.50988 | 0.46247 | 0.42389 | 0.51531 | 0.45683 | 0.42938 | 0.50997 | 0.45891 | 0.42345
7 3 0.50145 | 0.45472 | 0.43354 | 0.50041 | 0.45018 | 0.43057 | 0.49900 | 0.45997 | 0.42857 | 0.49600 | 0.46719 | 0.42867
8 14 4 0.50235 | 0.46466 | 0.43119 | 0.49898 | 0.45282 | 0.43633 | 0.50900 | 0.45991 | 0.44006 | 0.50672 | 0.45783 | 0.43949
9 5 0.50515 | 0.46645 | 0.43543 | 0.50354 | 0.46220 | 0.44086 | 0.49138 | 0.46461 | 0.43453 | 0.49588 | 0.46222 | 0.43280
10 6 0.49689 | 0.47006 | 0.43194 | 0.49086 | 0.45684 | 0.42756 | 0.50394 | 0.47017 | 0.44634 | 0.49533 | 0.46747 | 0.44905
11 2 0.51089 | 0.45787 | 0.42308 | 0.50855 | 0.46219 | 0.42805 | 0.51572 | 0.45830 | 0.42780 | 0.51113 | 0.45921 | 0.42304
12 3 0.51105 | 0.46034 | 0.43384 | 0.50874 | 0.46004 | 0.43365 | 0.49974 | 0.45599 | 0.43021 | 0.50581 | 0.46824 | 0.44101
13 17 4 0.50992 | 0.47166 | 0.43813 | 0.51203 | 0.47062 | 0.43606 | 0.49684 | 0.45810 | 0.43583 | 0.50629 | 0.46647 | 0.43371
14 5 0.49192 | 0.46485 | 0.43548 | 0.50536 | 0.45882 | 0.43267 | 0.49177 | 0.46693 | 0.43032 | 0.50294 | 0.45750 | 0.43002
15 6 0.49825 | 0.46501 | 0.43622 | 0.49841 | 0.46863 | 0.44427 | 0.49168 | 0.45586 | 0.42850 | 0.49073 | 0.45720 | 0.42607
16 2 0.50621 | 0.45585 | 0.43031 | 0.51153 | 0.45982 | 0.42837 | 0.50315 | 0.45850 | 0.42492 | 0.51067 | 0.45412 | 0.42656
17 20 3 0.50662 | 0.46219 | 0.43763 | 0.50754 | 0.46264 | 0.43153 | 0.50855 | 0.46383 | 0.42615 | 0.50515 | 0.45710 | 0.43644
18 4 0.50712 | 0.46875 | 0.44519 | 0.51480 | 0.46162 | 0.43738 | 0.50477 | 0.47049 | 0.43541 | 0.51040 | 0.46596 | 0.44228
19 5 0.50339 | 0.46349 | 0.44312 | 0.51331 | 0.47653 | 0.43652 | 0.50314 | 0.46604 | 0.43251 | 0.49677 | 0.45091 | 0.42953
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Precision/Recall

Nu(r)r:cber Number o
No. Keywords of_ 2 3 4 5
(%) Topics Extraction Rate (%) Extraction Rate (%) Extraction Rate (%) Extraction Rate (%)
30 25 20 30 25 20 30 25 20 30 25 20

20 6 0.49880 | 0.46696 | 0.43771 | 0.49617 | 0.46689 | 0.44174 | 0.50417 | 0.46538 | 0.44046 | 0.49292 | 0.44740 | 0.42404
21 2 0.51113 | 0.45620 | 0.42870 | 0.50910 | 0.45104 | 0.42560 | 0.51276 | 0.46142 | 0.43122 | 0.50891 | 0.45638 | 0.42953
22 3 0.51306 | 0.46406 | 0.43213 | 0.50393 | 0.45828 | 0.44067 | 0.50510 | 0.46121 | 0.44035 | 0.51644 | 0.46852 | 0.43963
23 23 4 0.50704 | 0.47806 | 0.44209 | 0.51384 | 0.47704 | 0.44168 | 0.50967 | 0.46904 | 0.43372 | 0.50874 | 0.46829 | 0.43692
24 5 0.49733 | 0.46535 | 0.44236 | 0.50839 | 0.47538 | 0.44588 | 0.50450 | 0.46233 | 0.43859 | 0.48546 | 0.45646 | 0.42912
25 6 0.49283 | 0.46124 | 0.43276 | 0.49612 | 0.45899 | 0.44078 | 0.48994 | 0.45646 | 0.43598 | 0.49317 | 0.45878 | 0.43287
26 2 0.50769 | 0.45781 | 0.42871 | 0.50723 | 0.45356 | 0.42725 | 0.51074 | 0.45602 | 0.42556 | 0.51037 | 0.45693 | 0.43329
27 3 0.49311 | 0.45224 | 0.42758 | 0.51388 | 0.45776 | 0.43656 | 0.50616 | 0.46233 | 0.43380 | 0.50338 | 0.46258 | 0.43058
28 26 4 0.50698 | 0.46690 | 0.44370 | 0.51402 | 0.46881 | 0.44856 | 0.50914 | 0.47297 | 0.43971 | 0.50713 | 0.47089 | 0.43238
29 5 0.49619 | 0.46709 | 0.44427 | 0.49864 | 0.46605 | 0.44746 | 0.50013 | 0.46705 | 0.43647 | 0.49987 | 0.45421 | 0.42940
30 6 0.50068 | 0.45994 | 0.44159 | 0.49718 | 0.46817 | 0.43457 | 0.50324 | 0.48499 | 0.45472 | 0.49977 | 0.46239 | 0.42785
31 2 0.50662 | 0.46224 | 0.43134 | 0.51143 | 0.46160 | 0.42313 | 0.50622 | 0.46444 | 0.42278 | 0.51345 | 0.46851 | 0.42533
32 3 0.51030 | 0.45688 | 0.43721 | 0.50580 | 0.46061 | 0.43707 | 0.50682 | 0.46328 | 0.44190 | 0.51260 | 0.46462 | 0.42334
33 29 4 0.51465 | 0.47147 | 0.43323 | 0.51627 | 0.46989 | 0.44416 | 0.49710 | 0.46612 | 0.42966 | 0.50930 | 0.47173 | 0.43549
34 5 0.49735 | 0.45735 | 0.43737 | 0.49577 | 0.46174 | 0.43951 | 0.50039 | 0.46042 | 0.42555 | 0.49293 | 0.45938 | 0.44316
35 6 0.49985 | 0.46935 | 0.44735 | 0.49305 | 0.46921 | 0.43841 | 0.48942 | 0.46179 | 0.45511 | 0.49547 | 0.46351 | 0.43187
36 2 0.51153 | 0.46489 | 0.42561 | 0.50612 | 0.45984 | 0.43069 | 0.51193 | 0.45779 | 0.42956 | 0.51425 | 0.46048 | 0.41870
37 3 0.50905 | 0.46639 | 0.43784 | 0.51384 | 0.47334 | 0.43521 | 0.50352 | 0.45772 | 0.44287 | 0.51052 | 0.46332 | 0.44030
38 32 4 0.49427 | 0.45232 | 0.42118 | 0.50410 | 0.46502 | 0.43710 | 0.49799 | 0.46107 | 0.43490 | 0.50574 | 0.45834 | 0.43913
39 5 0.50390 | 0.46411 | 0.44160 | 0.49423 | 0.46343 | 0.44256 | 0.49893 | 0.45676 | 0.44098 | 0.48566 | 0.44792 | 0.42874
40 6 0.50156 | 0.46830 | 0.44383 | 0.48501 | 0.45285 | 0.43187 | 0.49533 | 0.45795 | 0.44717 | 0.49503 | 0.45431 | 0.43279

155




Table F.4.2: Result of experiment 3 for

Bottom 10 of 20 restarts, f = 0.65, and convergence criterion (%) = 0.9.

Number

Precision/Recall

of Number o
No. Keywords of_ 2 3 4 5
(%) Topics Extraction Rate (%) Extraction Rate (%) Extraction Rate (%) Extraction Rate (%)
30 25 20 30 25 20 30 25 20 30 25 20

1 2 0.51092 | 0.45758 | 0.42718 | 0.50898 | 0.45699 | 0.42755 | 0.51038 | 0.45766 | 0.42724 | 0.51606 | 0.46156 | 0.43081
2 3 0.51187 | 0.46224 | 0.42720 | 0.51099 | 0.46023 | 0.42733 | 0.50945 | 0.45945 | 0.42906 | 0.51114 | 0.45946 | 0.43032
3 11 4 0.51014 | 0.46321 | 0.42718 | 0.50983 | 0.45960 | 0.42564 | 0.51433 | 0.45698 | 0.42721 | 0.51032 | 0.46156 | 0.42838
4 5 0.50386 | 0.45719 | 0.42324 | 0.50299 | 0.45331 | 0.41867 | 0.51014 | 0.46283 | 0.43067 | 0.51015 | 0.45894 | 0.42162
5 6 0.50807 | 0.45500 | 0.42786 | 0.50831 | 0.46385 | 0.43623 | 0.50669 | 0.45556 | 0.42425 | 0.50331 | 0.45610 | 0.42910
6 2 0.50958 | 0.46097 | 0.42646 | 0.50996 | 0.45778 | 0.42505 | 0.50884 | 0.45884 | 0.42439 | 0.50639 | 0.45406 | 0.42490
7 3 0.51526 | 0.46063 | 0.42548 | 0.51217 | 0.46224 | 0.42466 | 0.51338 | 0.46425 | 0.42893 | 0.51116 | 0.45843 | 0.43047
8 14 4 0.50877 | 0.45704 | 0.42277 | 0.51138 | 0.45940 | 0.42675 | 0.51094 | 0.46232 | 0.42678 | 0.51111 | 0.45753 | 0.42536
9 5 0.51313 | 0.45932 | 0.42124 | 0.50871 | 0.46019 | 0.42789 | 0.50674 | 0.45425 | 0.42293 | 0.51276 | 0.45898 | 0.42804
10 6 0.50204 | 0.45534 | 0.42177 | 0.50494 | 0.45679 | 0.42086 | 0.49960 | 0.46270 | 0.42342 | 0.50969 | 0.46213 | 0.42105
11 2 0.51180 | 0.46234 | 0.42675 | 0.50861 | 0.45815 | 0.42698 | 0.50829 | 0.45742 | 0.41980 | 0.51156 | 0.46239 | 0.43318
12 3 0.51067 | 0.45926 | 0.43236 | 0.51533 | 0.46101 | 0.42951 | 0.50829 | 0.46321 | 0.43090 | 0.51132 | 0.45824 | 0.42301
13 17 4 0.51217 | 0.46063 | 0.43240 | 0.50988 | 0.45926 | 0.42587 | 0.51211 | 0.46016 | 0.42196 | 0.50718 | 0.45940 | 0.42485
14 5 0.51112 | 0.45849 | 0.43054 | 0.50562 | 0.46123 | 0.42450 | 0.50923 | 0.45687 | 0.41869 | 0.50718 | 0.45724 | 0.42055
15 6 0.50632 | 0.45681 | 0.43062 | 0.50214 | 0.46182 | 0.42410 | 0.50815 | 0.45601 | 0.43207 | 0.50961 | 0.46087 | 0.42967
16 2 0.51180 | 0.46000 | 0.42419 | 0.50821 | 0.45752 | 0.42948 | 0.50774 | 0.45603 | 0.42562 | 0.51669 | 0.45992 | 0.41828
17 3 0.50891 | 0.45839 | 0.42549 | 0.51191 | 0.46056 | 0.42408 | 0.51204 | 0.46079 | 0.42382 | 0.51123 | 0.46301 | 0.42818
18 20 4 0.50921 | 0.45994 | 0.42286 | 0.50786 | 0.45820 | 0.42771 | 0.51032 | 0.45371 | 0.42382 | 0.50871 | 0.46326 | 0.42787
19 5 0.50651 | 0.45517 | 0.42281 | 0.51056 | 0.46478 | 0.41727 | 0.50697 | 0.46000 | 0.42203 | 0.51101 | 0.45606 | 0.43110
20 6 0.50500 | 0.45671 | 0.42688 | 0.50537 | 0.46317 | 0.42506 | 0.51369 | 0.46522 | 0.42470 | 0.50517 | 0.45614 | 0.42787
21 23 2 0.50710 | 0.45823 | 0.42629 | 0.51302 | 0.46409 | 0.42490 | 0.50883 | 0.45562 | 0.42683 | 0.51419 | 0.45753 | 0.43189
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Precision/Recall

Nu(r)r:cber Number o
No. Keywords of_ 2 3 4 5
(%) Topics Extraction Rate (%) Extraction Rate (%) Extraction Rate (%) Extraction Rate (%)
30 25 20 30 25 20 30 25 20 30 25 20

22 3 0.51135 | 0.45593 | 0.42481 | 0.50778 | 0.45918 | 0.42058 | 0.51175 | 0.45801 | 0.42409 | 0.50952 | 0.45986 | 0.42379
23 4 0.50959 | 0.46278 | 0.43022 | 0.51043 | 0.45432 | 0.42925 | 0.51481 | 0.45954 | 0.41758 | 0.50847 | 0.45949 | 0.42870
24 5 0.50922 | 0.45776 | 0.42625 | 0.50565 | 0.45575 | 0.41748 | 0.50868 | 0.45214 | 0.42179 | 0.51258 | 0.45633 | 0.43092
25 6 0.50416 | 0.45860 | 0.42464 | 0.50447 | 0.44561 | 0.41930 | 0.50280 | 0.45605 | 0.42739 | 0.50714 | 0.46560 | 0.42702
26 2 0.50996 | 0.45702 | 0.42274 | 0.51154 | 0.46051 | 0.41851 | 0.50618 | 0.45242 | 0.42629 | 0.50959 | 0.46071 | 0.43191
27 3 0.51324 | 0.46264 | 0.42786 | 0.50835 | 0.45488 | 0.42471 | 0.51169 | 0.45912 | 0.43187 | 0.51105 | 0.45793 | 0.42623
28 26 4 0.51272 | 0.46037 | 0.42732 | 0.50994 | 0.45668 | 0.42382 | 0.51242 | 0.46148 | 0.43113 | 0.51407 | 0.45432 | 0.41789
29 5 0.50993 | 0.45753 | 0.42604 | 0.51109 | 0.45542 | 0.42531 | 0.50643 | 0.45641 | 0.42205 | 0.50907 | 0.45859 | 0.41970
30 6 0.50983 | 0.45559 | 0.42032 | 0.50596 | 0.45567 | 0.42632 | 0.50097 | 0.45789 | 0.42392 | 0.51014 | 0.45537 | 0.42516
31 2 0.51241 | 0.46085 | 0.42834 | 0.51340 | 0.45954 | 0.42513 | 0.51152 | 0.45759 | 0.42019 | 0.51512 | 0.45959 | 0.43225
32 3 0.51218 | 0.45610 | 0.42360 | 0.50947 | 0.46093 | 0.42466 | 0.50841 | 0.45744 | 0.42666 | 0.50764 | 0.46188 | 0.42417
33 29 4 0.50958 | 0.45841 | 0.42340 | 0.51119 | 0.45926 | 0.42357 | 0.51398 | 0.46232 | 0.42271 | 0.50946 | 0.45952 | 0.42870
34 5 0.50649 | 0.45939 | 0.42638 | 0.50730 | 0.46170 | 0.42591 | 0.50884 | 0.46449 | 0.41793 | 0.50756 | 0.46330 | 0.42671
35 6 0.50065 | 0.45489 | 0.42224 | 0.50756 | 0.45774 | 0.42165 | 0.49887 | 0.45082 | 0.41653 | 0.49995 | 0.45548 | 0.41687
36 2 0.51087 | 0.45540 | 0.42478 | 0.50689 | 0.45736 | 0.42456 | 0.51397 | 0.46014 | 0.42716 | 0.50928 | 0.46091 | 0.41972
37 3 0.51094 | 0.46164 | 0.43014 | 0.50977 | 0.45994 | 0.42312 | 0.51123 | 0.46175 | 0.42451 | 0.50842 | 0.46411 | 0.42771
38 32 4 0.51306 | 0.46224 | 0.42608 | 0.50818 | 0.45932 | 0.42388 | 0.50888 | 0.46231 | 0.41874 | 0.50965 | 0.46046 | 0.41951
39 5 0.50569 | 0.45119 | 0.41877 | 0.50814 | 0.45764 | 0.41827 | 0.50983 | 0.46347 | 0.42308 | 0.51424 | 0.46049 | 0.42165
40 6 0.51429 | 0.45622 | 0.42177 | 0.50926 | 0.46276 | 0.42562 | 0.50108 | 0.46159 | 0.42892 | 0.51455 | 0.46336 | 0.42810
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Table F.4.3: Result of experiment 3 for

Bottom 15 of 20 restarts, f = 0.6, and convergence criterion (%) = 0.9.

Number

Precision/Recall

of Number o
No. Keywords of_ 2 3 4 5
(%) Topics Extraction Rate (%) Extraction Rate (%) Extraction Rate (%) Extraction Rate (%)
30 25 20 30 25 20 30 25 20 30 25 20

1 2 0.51000 | 0.45712 | 0.42273 | 0.51146 | 0.46017 | 0.42754 | 0.50945 | 0.46071 | 0.42675 | 0.50938 | 0.46153 | 0.42736
2 3 0.51276 | 0.46363 | 0.42569 | 0.50829 | 0.45925 | 0.42412 | 0.50921 | 0.46148 | 0.42610 | 0.51193 | 0.45883 | 0.42598
3 11 4 0.51145 | 0.45994 | 0.42939 | 0.51062 | 0.45753 | 0.42507 | 0.51068 | 0.45843 | 0.42502 | 0.51067 | 0.46162 | 0.42831
4 5 0.51025 | 0.45753 | 0.42692 | 0.51100 | 0.45843 | 0.42909 | 0.51203 | 0.45759 | 0.42795 | 0.51040 | 0.45670 | 0.42257
5 6 0.50855 | 0.46056 | 0.42831 | 0.50859 | 0.45759 | 0.42721 | 0.50780 | 0.45962 | 0.42754 | 0.50766 | 0.45704 | 0.42925
6 2 0.51573 | 0.45940 | 0.42479 | 0.51135 | 0.45851 | 0.42374 | 0.51217 | 0.46008 | 0.42011 | 0.51062 | 0.45905 | 0.42140
7 3 0.50976 | 0.45906 | 0.42521 | 0.51276 | 0.45746 | 0.42397 | 0.51043 | 0.46147 | 0.43004 | 0.50994 | 0.46085 | 0.42601
8 14 4 0.51376 | 0.46202 | 0.42744 | 0.51171 | 0.45966 | 0.42646 | 0.51192 | 0.45903 | 0.42369 | 0.50827 | 0.45813 | 0.42953
9 5 0.51079 | 0.45940 | 0.42832 | 0.51203 | 0.46017 | 0.42656 | 0.50965 | 0.45815 | 0.42860 | 0.51094 | 0.45877 | 0.42430
10 6 0.51178 | 0.46141 | 0.42539 | 0.51598 | 0.46085 | 0.42567 | 0.51242 | 0.46023 | 0.42773 | 0.51094 | 0.46133 | 0.42412
11 2 0.50859 | 0.45875 | 0.41946 | 0.50970 | 0.45982 | 0.42744 | 0.51179 | 0.46286 | 0.42308 | 0.51119 | 0.45980 | 0.42459
12 3 0.51407 | 0.46093 | 0.42760 | 0.51113 | 0.46051 | 0.42536 | 0.51381 | 0.46125 | 0.42459 | 0.50938 | 0.46403 | 0.42644
13 17 4 0.51348 | 0.46000 | 0.42420 | 0.51075 | 0.46133 | 0.42767 | 0.50938 | 0.45772 | 0.42462 | 0.51067 | 0.45906 | 0.42415
14 5 0.50915 | 0.46133 | 0.42397 | 0.50891 | 0.45954 | 0.42629 | 0.51129 | 0.46079 | 0.42678 | 0.50952 | 0.46017 | 0.42466
15 6 0.50916 | 0.45726 | 0.42547 | 0.51149 | 0.45871 | 0.42490 | 0.51146 | 0.46017 | 0.42582 | 0.51043 | 0.46280 | 0.42814
16 2 0.50902 | 0.45940 | 0.42646 | 0.50786 | 0.45935 | 0.42701 | 0.51022 | 0.46042 | 0.42723 | 0.51010 | 0.46017 | 0.42728
17 3 0.50938 | 0.46084 | 0.42389 | 0.51191 | 0.45759 | 0.42428 | 0.50915 | 0.45710 | 0.42814 | 0.51340 | 0.46224 | 0.42686
18 20 4 0.50946 | 0.45918 | 0.42561 | 0.51161 | 0.46085 | 0.42755 | 0.50754 | 0.45875 | 0.42392 | 0.51018 | 0.46009 | 0.42548
19 5 0.50767 | 0.45932 | 0.42721 | 0.51067 | 0.45778 | 0.42539 | 0.50908 | 0.46091 | 0.42937 | 0.50970 | 0.45857 | 0.42531
20 6 0.51363 | 0.46079 | 0.42598 | 0.51111 | 0.45780 | 0.42721 | 0.51099 | 0.45918 | 0.42448 | 0.51067 | 0.45726 | 0.43141
21 23 2 0.50756 | 0.45655 | 0.42516 | 0.51600 | 0.46295 | 0.43055 | 0.51081 | 0.45996 | 0.42597 | 0.51105 | 0.45434 | 0.42528
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Precision/Recall

Nu(r)r:cber Number o
No. Keywords of_ 2 3 4 5
(%) Topics Extraction Rate (%) Extraction Rate (%) Extraction Rate (%) Extraction Rate (%)
30 25 20 30 25 20 30 25 20 30 25 20

22 3 0.50892 | 0.45898 | 0.42706 | 0.50803 | 0.45945 | 0.42317 | 0.51302 | 0.45986 | 0.42335 | 0.50915 | 0.45652 | 0.42371
23 4 0.50978 | 0.45732 | 0.42678 | 0.51105 | 0.45509 | 0.42989 | 0.51038 | 0.46071 | 0.42132 | 0.50926 | 0.45648 | 0.42605
24 5 0.50962 | 0.45925 | 0.42402 | 0.51487 | 0.46085 | 0.42659 | 0.51056 | 0.46056 | 0.42716 | 0.50921 | 0.45884 | 0.42675
25 6 0.50970 | 0.45801 | 0.42448 | 0.50823 | 0.45932 | 0.42744 | 0.50908 | 0.45801 | 0.42539 | 0.51246 | 0.46042 | 0.42865
26 2 0.50785 | 0.45706 | 0.42584 | 0.50855 | 0.45834 | 0.43045 | 0.51327 | 0.45820 | 0.42917 | 0.51184 | 0.45601 | 0.42108
27 3 0.50753 | 0.45792 | 0.42551 | 0.51049 | 0.46155 | 0.42629 | 0.51050 | 0.46293 | 0.41948 | 0.50970 | 0.45795 | 0.42710
28 26 4 0.51026 | 0.45309 | 0.42428 | 0.51043 | 0.46056 | 0.42345 | 0.50962 | 0.45778 | 0.42698 | 0.51161 | 0.45762 | 0.42531
29 5 0.51111 | 0.46050 | 0.42624 | 0.50959 | 0.45889 | 0.42358 | 0.50867 | 0.45968 | 0.42263 | 0.51049 | 0.46210 | 0.42659
30 6 0.50908 | 0.45986 | 0.42142 | 0.50767 | 0.46042 | 0.42412 | 0.51302 | 0.45917 | 0.42132 | 0.51061 | 0.45871 | 0.42363
31 2 0.51144 | 0.45682 | 0.42490 | 0.51240 | 0.45599 | 0.42296 | 0.50619 | 0.45690 | 0.42942 | 0.51058 | 0.45709 | 0.41993
32 3 0.50656 | 0.45599 | 0.42528 | 0.50810 | 0.45807 | 0.42700 | 0.51093 | 0.46016 | 0.42466 | 0.51375 | 0.45670 | 0.42414
33 29 4 0.51129 | 0.45925 | 0.42207 | 0.51008 | 0.45571 | 0.42652 | 0.51037 | 0.46168 | 0.42590 | 0.50976 | 0.45925 | 0.41957
34 5 0.51204 | 0.46002 | 0.42266 | 0.51106 | 0.45766 | 0.42190 | 0.50724 | 0.45974 | 0.42479 | 0.50994 | 0.45563 | 0.42575
35 6 0.51087 | 0.46002 | 0.42328 | 0.51438 | 0.45871 | 0.42794 | 0.50855 | 0.45655 | 0.43138 | 0.51026 | 0.45925 | 0.42675
36 2 0.51153 | 0.46221 | 0.42659 | 0.50803 | 0.45313 | 0.42632 | 0.51173 | 0.45871 | 0.42044 | 0.50908 | 0.46063 | 0.42999
37 3 0.51192 | 0.45591 | 0.42554 | 0.51280 | 0.46042 | 0.43064 | 0.51342 | 0.45792 | 0.42062 | 0.50782 | 0.45726 | 0.42662
38 32 4 0.51093 | 0.46293 | 0.42281 | 0.50845 | 0.45759 | 0.42798 | 0.51407 | 0.45815 | 0.42554 | 0.51240 | 0.45974 | 0.42610
39 5 0.50607 | 0.45820 | 0.42505 | 0.50835 | 0.46121 | 0.42420 | 0.50859 | 0.45662 | 0.42633 | 0.51069 | 0.46016 | 0.42605
40 6 0.50635 | 0.45496 | 0.42818 | 0.50847 | 0.45724 | 0.42767 | 0.51248 | 0.46301 | 0.42108 | 0.50915 | 0.45940 | 0.42425
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Appendix G. User Interface of the Summarizer

We have implemented a prototype summarizer whose user interface is shown below in figure
G.1. The user needs to input the document without its title. The summarizer has three options:

e Small-sized summary (summary at 20% extraction rate)

e Medium-sized summary (summary at 25% extraction rate)

e Large-sized summary (summary at 30% extraction rate)

The summary at each extraction rate is generated using the configurations of algorithms that
have performed the best at the given extraction rate according to the results of our experiments.

|| Amheric Test Summerizer Using Probabilstc Latent Semantic A
Enter the path of the document Select Summarization Rate
|C:\Users\seddy’\.Documents\SampIe\Sa.m | Browse ‘Medium (25% of Input Document) ‘v|
Input Document Document Summary

0708 AL (L9971 ATLTS PP KAt holFe0Fae- ool FE P&ED 0[] 1708 AL (L2771 ATLTS P90 XA helFe0Fa- ooil ¢
FOT i APALE TINFPT ATATDNST AL PTLEh FPCAT AR tory| | REED 02PTF ddl ATALS TINFPT ATADT AL POLEDh
Mg PP TOIC A, FROF o $eda PCAT AL tarupie, Bt FOIC A, FL0F @ $80a 1 Ghvt
ALUI® AL TS PAA APT SFAA:: QAut @B PACLIR ATET AL | |[@FT PACLTE ATLT AIF WEWPT PP Kk Ah TSN CTFIP
F WY 0PI Wk ALFRGOFCT P AT AATHLET &0 P31 AP || IF1 AT AQTHLPT &b 9°2F APFT haed A0k Qae™$
IF1 hoe A1a-0Eé:: P13 ATETG 0PI Kt Adli wotPF wid| | (@ AAZAT ALET AL T PANT FIF PPh 18T PACL T P2
ATILC 9% KPP epgoalET Aptharphitd 1@ T hATh PLLATL. A AHASATF @ PRPPARD (LT AwsP
F Ak /2 PTLeNLATDT AP Aue? AT P2 THt @
MA76E @A PAd PACLIR &E0PT ALLT Pood@m G P 3R §AFT TIpZA) POIET e PIPET ANIAGNT 101! (Lh AAPT PO TR
o3t QACPFAFOT A7 ho<P haho19° T 0+L20 (LIFI°T Aws| | (2.9 ARALEING A da@= P7LPT AL 3R ATLTH @89° (ATICFE
7 PA@F €ATT T1TAT AAEFAR: ha<l A0PT Rl @ AL 08| | AmT Ave? Q4@ P9 THH@ 2@ POLEAE TS IFTT AR.7
@7 A 29MF RIRINC BF@ P AT 1T hoop pogonmm: (09,5 ATMTE hovdorp poh ATIZSP ATLAADI° 4101275 A0+
oM oo oTAA ME@ AN ASCIFA:: (Y PhIeT hodt 14| | [F8€ 9°7 Pud AvriL ATRIFY ATed 8 ABCITA:: PATL TP

T o #2920 PO PR N1 ATLHR P07 hret WAt @8V | | ATETS 2 K (PP Tm@- 977 PUd (LT ATL7L9TaNG
NATTNE @L Add ood (IC ALLCA TAA:: PhITShAT HCE hoMICGe | | AaTRF adPT ATL7PT AFa0 142 A0 (PAk P0L4L
e i PNEPTT @RI (i BITT 07 Ao Neram® Pelmei 1 AAGPIFRIIR Pomaldd:: haa RIS SAYE ATAC 0oL

@:: Aurt Avr? OPAL PI@ APH@LLE APCAEIP §40ET ATPTT PAF | | NTIIOLT 000 HATT AL P90 IFE 130 F 4 @AT PUE
A@ QTR ALITIC £ POTG AL Al I E T ROT APLML aogo)h PO 4ENDTT PCAFF@T ANE ATIPLA Aoo it

299 PAM SANL:: PrIMAE FPIPSE@T APANT L9190 174 POAM SANNA::
ATTIF @9 PO LR ATLTS 0P T ALONTA PULTADT
A 3 ATETS P2 T IC OFeH AT518 PhIdt&hi? T +0F OGP FEF AT ATk ALNT POLOF AL TR Aah AT
0@ W10 F @ 1k DAL APOASI° 1@ 20 Ar P AVFT PP AR POCRT has o010t o

LU QATITT H RO Wit PFFo3 ALST PADM @290 PASNEID h
rEhAT At

-

Figure G.1: User interface of the summarizer. User interface is adapted from (Melese 2009).
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Appendix H. Sample Generated Summary

This appendix gives generated summary for a sample document at 25% extraction rate. The
summary is generated using the configuration of the algorithm that has performed the best at
25% extraction rate according to the results of our experiments.

Input Document

ATLPR A2R1S...
01702 AL O FLIITY, APLHS 8P Wt NTLFLAFD- vl I &L S 0 FPT AAT ATALE TINFPTF A1ANT AL
PIL@-(c JOCAT ARYIP Faovpi @, QP FOIC (ALFLOFD- $LhA:: ALV (LLFF T4 PPA0 AT 2TAA:: MAv-r O T
PO TR ATt F LT 0P Wk ADNTRGNTETI® P AL AATHLPT &0 9o KOV har@) A10-A1A:
POLTLYR APLTG 0P W A WeAGTI wCh ATIRC £ 0T KUY ao9PALEY hetavA T 10-::

A28H @QP Piet L1 4SNP T AL AP @Y PATL PR §AYT T19LAT NAGPFAFD-E (.70, hao-op
AONTIPONT 04N (LIPIIPE AU PAD-T €AY TI99 AT AAHFAIR:: <o (.aoM) INLD< A0 7F MNEDT ALVt
ATLINC 3O PN Av-T 17 @ PT,a0M®- (793 a7y avdy aPA\( N LD+ A28 A A&CIFA:: (HY 9°h7 et
Nt 08t PO 42,90 ¢HOA PATL N1 AL PR PoT Tt w9t 080 (ATTNE DL hét avf 1 ALCH
Fad:: eh20teNT7 HCS NONCT O+ PP A PMEPTT LI A BT 07¢- heA Navamt eo.mbh 10+:: Ao~y
AU-T aPNG POD+ hOTOLLS APCOEI® §ATET APTT SAFAD- AT PR ARYTI® 076 POTFS AL AP T%0F
hPd.md. aegPMk Lo9P PAM LANNA::

NOLTLTE APEG PO 2 OC (FFLPH A18718: e 7vhe-NOT 120 FPF 990 NTLI0VFD- 1LH AL APDASI° hD-::
(LT 7R QNATITTIFED Wt FFOY WG POADM OLI° POAGNHI® DFHENAT Ade::

APCO N0 RIOHS P0IOFENTT " LAT" 2¢PTT 0TI W18 A0+ ATHE AA 2260 AMBPD-: "N N191€
A RS ATFAU" 10C PATY::

0AT 2@ . AALA ALET AL TH.. PANT PIG FoN72EF PALTL TR PO M- QAT ..P4LAF.. 26 W 18NN TFD-

PFPPAFD- (L AsPTF Ak £2¢- PT1.L0EAID7 AL TF AU-T QAD- PO THHD T9PLAN L778F e aoPRT ANIAG-OT
1@-::

ATLOAGPD- 1ARE LY MMV F W28 (\F (VF ALU7 +aviHe, ¢ AaPpdet @) 1OPOFD- 0104 v-0+S it (L
AQTIOLPTF OC oMav®- (aP Py 26-@<7 ATISI° av18.8.7 MNRAGTA:: ANLDT (L4 P104T79° POt wertd T
AT8.0CH heCT LA G- PRI PI9PF T RPHTF D7 avhd a9 1147%::
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O AWSPT AL TR PO AANLPING A0+ LTLPT AL F AN ORI° NATILE> AT Av~T AD: PO THHO-
PO 0T LN IO NIPTE WEY ATITE Navpad D AN ATILR RILALADIO (L191470E LT 142 977 PUA APIMiN,
WIRVPT W18:LA h&CITA::

PATLTR ATLHS PO W NPAPNTLD- 927 PUA (LT AILTLETNG ANTRT APPT AILTLPT AT AN T4 A0~
NPAN 097,02 ANGOPRTIP PapAndi::

NAU+ OPF 299,928, TI0FPTF NHE ATIC T9% 11907 +11 0L.P9° AP TA &TFAA::

NA@- PINP FAPT KTAC ATLTR ATl PLav HAB AL PAI° Pr 10T 226 DO P10 LT 7 4-N1ShP T
PCAFTFOT AL ATIPLA Aav 2T 2711k CPPGTFO7 (70PADT £9° 114 PAAM LANNA:: 977 POPh AIHYT®
PATL YR 4NSNPT AL TR AT ALY 0770 F TImGPEE LHETFO- A2 T STAI LUPTA::

ATTIE@I° AL WPLS 0P Wt ALLONTFA PTLTFADT U-ATHFSE 18T (Lm¥E R1éE AG-OP PTLNP LT TR
AT FTE &40 Av-19° AVFG U@ AT14-6 IOCET D@6 TIN0F 1@

LU WIRPYI° avye) ot e YALYE PANTS 142 (1T 3 P9LaoANFFa- D ¥ TETE 971% vNEHAN I°CET
079070  ALATFD- 9L mPa(HG A70-9° A0 AT P LPT ALLCA LTLTANT LHEP apavs@ +Ca 7¢- AL
ap P & 10PA\::

LU7T T4 AU SAD<T PD (1914207 04-( PP T1G RFEPA:: 94 RIC APG: NaPP'RI° av791 2+ K38,10

2094 LM AN 9°CH O FRRA ATLTI0: AhAT AAGPLL 0 PTLEL0°1T RTPC T1L49° LmOPOFA:: i LH
0L N2 HCE O HhhA ALTLY R PTLLALAIT D LCERTG AAANT PO &C1 T hPLATP: 99,50, (19P1P'k:
AFOAT PPI° 070,22 M@7G FhNAT DT T, AGPART 271 00TA Awe-C aPHaNC LTCNFA:: 2V hALPT A@- A0
havtfF eo.eantaet FoIC v-09° PATL PR 108 A78LLDD PRCTPA::

Ideal Summary 1
N10f AL OFLII9 ALt PO 1At NTLFCUFD- av(lF3P &L 0 PPT AAT ATALR TH0FPT A1t AL

eI JOCAT ARIP Favvie, 0P TOIC AFQOTFO- 8200 (AUT OPF LOTLTE APlt F »RUT 0PD ik
ARTFCAFET® 1P AT AATHLET &0 P2+ hePT hoe®) A1O0EA:: PATL PR ATELTS 0P Wt A Wt Tge
WCPt ATILC 20T W1 aoPET AQtavANET Y@< PATLTE ATLTS PO Wt (RAPMR®- P PUA (L
ATL91ETRNG ANTPRT APPT AILTLPT AFAN T4 ATAU- NPAN 09100 ANGPPEI® favAhdA:: hAad« 1Ng

FAYE ATRC ATLTE ATIPLT PP HABT AR PAT° P TI0F 26 OOT L1 LT 40P PPCHFFO7

A0 ATIPLA AP ST Tk PPTTFDT ATarAnTt 9P 114 PAAM LANNN:: ATTTFDI° PATL PR ATLHG PO

2t ALANFA PTLFADY -ATHSP T4 AmTE A1 ALOP PULNP ATLPR AANPITT L4 AT G LRI
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A% PPCET @< TN0T 10 @Y ATAPTIC a0t PRILE YALYE PANTS AR NPT PolevAn I FO-
DrEENTETS 0% VNN PCET 0900t ACATFD 2oL mPar(tG AU NA00 At PTLPT ALLCH
PILTNQOT LHEP aPavs@ +PCR 176~ AR aPPA RIOPA::

Ideal Summary 2

0108 AL (L2071, ATPLHT 8PD Wt NTLFLOFO- avAlI P PLS 0PPT AAT ATALE TINFPT KA AL
P PCAT ARIC avvipiR, PP FOIC AFLOTFD: $Lh:: Nhv-r OPT PATLTR AT NF »RUT 0PD 1ok
ADPRGNTETI® P AL ANTIOLPT &0 9o+ K0P hoom) A1ONEA:: PALTL TR APLHS 0P 2t A Wit T
wCP ATIRC 20T KU1 avIPET WR-FarANtY 1@ (1Y N8t h@é-t 04t PO@- H4DD HIA PAZL 734
ATLYE POE et w9 080 NATINE DL Alet aof NC ALCH TAA:: . ATTIEOG° 0ATL YR APLAG 0P Wt
ALANTFA 9LFADTY UATHSR T Y AldE AGOP 7L0P AL AQNCFTT &40 Av1P° AVFS eUPio-
AT POCET N@ep N0 103 U hPAPIIP oot PP YALYE PANHS 1A% NS PelavAn -
NPRERTCETS 078 VTN PPCET 0TI ACATFD: PTLmPa (S AU A AT PTLPT ALLCAH
PILFNNT LHEP avavs@ AR 4 AL aPPA RINPA:: T AIC PG NaPPRI® av o1t W80 714.PLm-
PATL YR °CT QFFRRA ATLT10 AAT AATPLL (A 091,04, RPPC TILLA9° LmNPNFA::

Ideal Summary 3

NAUE OPF 0ATLTE ATt F YWY 0P Wk ADTRGNFET® V1 AN AOTILPT g0 PP et haea)
AN RLTLTR AP 0P 1t A WeAFTI° Wik ATIRC 220 hOPT aoPPAET he-+avAN Y 10-:: (A14E
O-OT PAt PALTLTR 4NENPT KPR PaPMDY AT §AYE TITIAT QAGPFNFOE AL oo hAnTIgOat
PFLLA (LPP°F AUT PAD-T GAYTF 199N AAHFAI:: NATLTR APLHS PO 24 IC (HPPH A28728: Shvhivhe-nii?
INFPF AP hLIVFO LH (1AL AROASI® 10<:: (Avr OPF 2710%% FPTF Ht AYC T4 19°: +1
0409 APTA STFAN:: ATTIEDI° 0ATLTR ATLAG 0P Tt ALANTA PTLTADY U-ATHSP 18T (LnFE A1k
AP 7N ATLPR AONPFTT 4O AT AVFE QIO ATICeR  9PCEY  hoep Tt o
LU NI a1t PRILe ALY PANTS 182 NPT PolaPANF RO DPHCNTETS 0118 UL+ P°CEY
AT0F ACAFD PTLMPaPOFG WH90-9° (A0 AT FTLPTF ALLCH P7UTANT LHER aPavs TC2 17¢- AL
avPq\ 2 0Pe\::

System Summary

0108 AL (L2070, ATPLHT 8PD Wt NTLFLOFO- avAlF P PLES 0.PPT AAT ATALE TINFPT hIAINT AL
PO PCAT ARIC Favvipie, PP TOIC AFLOTFD: i Nhv-r OPT PATLTR ATLT \F “RUT 0PD 1ok
ADTRGNTETI® 1 AL AATILPT &0 P31 AOUPT havm) AIOEA:: AAGP-PD« | ANLAT hLGT AL T, PANT P15
NIt PATLTE PO M AATY L RLLLTL.. 26 WIRNGNTFD- PHPPAFD- (L AwsPT Ak £2¢- 07100401077
ATLY AUT AAD* PO THHD- TIPLA PTIRT (- aPIPEY AANINGAT 103 (L AwSPT PATLPR PO AANLPING AL -0
PP ATLPR QNI ORI (ATILF AT Av? OA@< PO THT®- 407 PULLAETG NUPIE AST ANTE
havpaop AA A9 RIRAADIC ATF1L75E PALTLYR 182 9°7 QUA AVIPINL ALY WIS RQCHTA:: oL
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ATLTS PO WA (RAPMR®- 9°7 PUA (LT AIL91LTRNG ANTRT APPT AZLTLPY AN 142 AU~ NPAN
eI 0 AAGPIPEIGP PavAnFd:: NA@- PN GAYT ATRC ATLTR ATIPLT PLav HABT AL PNI° Pk TH0F ¢
O P PATLYE $NGNPTE PPCRFFDT AL ATIPLA Aae T T, mAd aPPSTFD-7 (et £219° 174 PNAm
LANNA:: ATTIGEDI° CATLTR APLHG 0P 1ot ALANTA PTLTFADY U-APHFGR T A.n?E Al1dE ALOP 210D
(LI AANICFTT 40 AU-T9° VFS PUPID- A99co PG ha-sp a0t 1o-::

Precision/Recall Results

The performance of the summarizer is given below
e Against ideal summary 1: 0.71429
e Against ideal summary 2: 0.42857
e Against ideal summary 3: 0.28571

e Average performance: 0.47619
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