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ABSTRACT

The advance of technology and extensive use of the web has prompt the need
to summarization of text documents. Users tend to extract the most informative and/or
indicative information instead of reading the whole original document(s). Naturally,
automatic text summarization will save time and effort for the users, and will enable
them to make decisions in less time. This work aims at building a system for Arabic
text summarization. The system design should be guided by optimality in sense that it
should be easily trained and adaptable to different domains. The implemented system
currently extracts important sentences using supervised learning for political news
domain. For each sentence a feature vector is extracted basically using Arabic
morphological analysis and part of speech tagging. We have analyzed eleven features
and then reduced them to only five effective and discriminative features using a naive
Bayesian classifier along Genetic programming classier. The two classifiers are
integrated together in an optimized way using simple intersection and union operators
to get better results. The system is evaluated using recall, precision and F-Measure.
The system performance is also compared against other human generated summaries
and it was found that the system performance is very close to performance of humans.
In addition, we used a well known commercial summarization system and compared
it against the system again using recall, precision, F-Measure and ranking the
extracted sentences by two independent humans. We found that in most cases our
system performed better. In conclusion, the system has been designed, implemented
and successfully tested. The experimental results show that its summaries compare

favorably to those generated by humans.
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Chapter
1 Introduction



1.1 Summarization

Summarization is the process of producing shorter presentation of the most
important information from a source or multiple sources of information according to
particular needs. Summarization is not applied only on text documents but also on any
multimedia facility. Summarization of text documents became a very important issue
due to the very large text source already available. Users tend to extract the most
informative and/or indicative information instead of reading the whole original

document(s).

1.2 Applications

The process of summarization is becoming very important in the presence of
large number of information sources available in every field. Summarization work has
been started as early as in the 1950’s. (Luhn 1958) extracted abstracts of scientific
articles automatically using based on the assumption that frequent words represents
the most important concepts of the document. (Edmundson et al. 1961) presented a
survey of the existing methods for automatic summarization. Based on cue phrases,
title, key words and title (Edmundson 1969) has implemented document
summarization. Basically, these methods form the core of the extraction methods even
today. Generally speaking, summaries could be extractive or abstractive.

Extractive summarization extracts text by selecting from original document important
pieces to produce shorter result. Human summaries often relay on cutting and pasting
of the original document to generate summaries. By decomposing human summary,
we can learn the kind of operations which are usually performed to extract and edit
sentences and then develop automatic programs to simulate the most successful
operations.

Abstraction, on the other hand, generates summaries at least some of whose material
IS not present in the original document. Abstraction of documents by humans is
complex to model as is any other information processing by humans. The abstracts

differ from person to person, and usually vary in the style, language and detail.



Dealing with multiple documents summarization (MDS) is challenging taking into
consideration the possible large input corpus and the possibility of repeated and/or
conflicted data. Summary can be used to be indicative to produce a reference function
to select documents for more in-depth reading or informative to cover all or most
salient information in the source text documents. Summary can be generic where
there is no focus on some topic or view point provided by the user or it can be user-
focused where summaries, are guided by user view point statement, topic or question
to be answered.

Size of produced summary can be very short (Key words, Headline) or relatively short
typically 20% to 25% of original document size.

Summary evaluation methods attempt to determine how adequate and reliable or how
useful a summary is relative to its source. Generally, there are two types of evaluation
methods. The first is intrinsic evaluation in which users judge the quality of
summarization by directly analyzing the summary. The second type of evaluation
methods is extrinsic. Users judge a summary’s quality according to how it affects the
completion of some other task, such as how well they can answer certain questions
relative to the full source text. ROUGE (Recall-Oriented Understudy for Gisting
Evaluation) is also used for summary evaluation by counting the number of
overlapping units such as n-gram, word sequences, and word pairs between the
computer-generated summary to be evaluated and the ideal summaries created by

humans.

1.3 Problem Definition

Our goal is to develop an extractive informative summarization system for
Arabic single document. The extraction process will be based on sentences. Each
sentence is represented as a feature vector. Based on literature survey, we used
supervised classification techniques in order to generate extractive summaries of
documents.

Corpus collection and annotation is actually a challenging task due to the lack of such
information for Arabic language. Feature selection and excretion is also challenging
due to the fact that it requires in-depth Arabic language analysis such as

Morphological analyzer, Stemmer, and Part Of Speech Tagging (POS). Another



challenge is the output summary evaluation. Comparing output summary with one
golden summary is relatively easier than evaluating the output summary by itself.
Using techniques for evaluation such as human judgment or through measuring the
success of another task like answer some questions after reading a summary is time
and cost consuming taking into consideration the purpose of the generated summary

and the expected human qualitative variances.

1.4 Contributions

In this thesis we used simple and effective techniques for classification which are
naive Bayesian classification and Genetic Programming. We used each classification
approach alone and then we combined both techniques in a multi-classifier system
using an optimized and simple way to get better results. Feature selection was based
on literature review and new features where proposed. Feature extraction is actually a
language dependent task as it needs a specific Arabic word level analysis.

Finally, for evaluation we adopted the Information Retrieval (IR) evaluation
techniques. We used the Recall, Precision and F-Measure to evaluate the system
generated summaries against the golden summaries. We also used human ranking for
generated summaries. Also we compared our system against a well known

commercial system. Here are the main contributions:

1. Trainable System
a. Designing and Implementing optimized trainable Arabic document
summarization system useful for a wide range of applications. System
evaluations were comparable to other English language based systems.
b. Choosing an Optimized set of features. Features were extracted using
commercial lexical analysis and part of speech tags core engines along
with heuristic features. Moreover, Implementing features reduction
approach to reduce system dimensionality where maintaining system
accuracy. We started by 11 features and reduced to only 5 features and

with better results.



c. Embedding a Genetic programming classier from a well known
commercial tool in our implementation of Bayesian classier based on
Intersection and union.

d. Adopting non-supervised techniques based on sentence cosine
similarity in a supervised approach. To the author knowledge, this is
first time such a measure has been used this way.

2. System Evaluation:

a. Automating a process for measuring the difference between human
summaries. First a cross-evaluation between summaries has been
calculated. Next the system has been evaluated against three
independent human summaries. It is worth mentioning that the
proposed system results were better compared to the human reference
summarizer.

b. Comparing the system results to a commercially well known
summarization system (referenced as the S system), the proposed
system has performed better given the same testing set.

The results indicate that the proposed system is promising and suitable for many

applications.

1.5 Thesis Overview

Chapter two is a survey of the summarization work and current approaches.
Chapter three define in detail the system structure including the corpus collection and
annotation details, features selection and extraction and the used classification
approaches (Naive Bayesian classification and Genetic Programming) and how we
combined them together. Chapter four includes experiments, summary evaluation
techniques and system results. Finally chapter five, based on the results, introduces

conclusions and future work.



Chapter

2 Summarization Approaches



2.1 Introduction

The process of summarization is becoming very important in the presence of
large number of information sources available in every field. Summarization work has
been started as early as in the 1950’s. (Luhn 1958) introduced away for
summarization based on keywords. (Edmundson 1969) presents a survey of the
existing methods for automatic summarization and an approach to summarization
based on sentence location which forms the core of the extraction methods even

today. Generally speaking, summaries could be extractive or abstractive.

2.2 Extractive summarizers

Extractive summarization extracts text by selecting from original document
important pieces to produce shorter result. Human summaries often relay on cutting
and pasting of the full document to generate summaries. By decomposing human
summary, we can learn the kind of operations which are usually performed to extract
and edit sentences and then develop automatic programs to simulate the most
successful operations. A Hidden Markov Model solution to the decomposition
problem was proposed by (Jing 1999) and it found that 78% of summary sentences
produced by humans are based on cut-and-past. Granularities of extraction could be
phrases (2 or 3 words) as in or sentences as used by (Kupiec et al. 1995). Extraction
approach may have the problem of coherence but they are trusted by the users. There
are different approaches to implement extractive summaries. The most important ones
are: the linear methods that give a score for each sentence depending on heuristic
measures, Latent Semantic Analysis (LSA) which is inspired by latent semantic
indexing and applying Singular Value Decomposition (SVD) to the document
sentence matrix (Gong and Liu 2001), Maximal Marginal Relevance (MMR) which
measures the relevance or similarity between each sentence in the full document and
the sentences that have been selected and added into the summary (Carbonell and
Goldstein 1998), and Graph Based methods that models the document into graph
where sentences are the vertices, and Machine Learning Approaches (Kupiec et al.
1995).



2.2.1 Keyword method: Luhn 1958

Based on the assumption that words which are frequent in a document indicate
the topic discussed. After pre-processing, stemming and stop word removal is done,
the distribution of each word in the document represented by term frequency (tf) and
the distribution of words in documents represented by document frequency and
inverted document frequency (idf), are computed. Consider the inverted document

frequency

idf (term) = log( NUMDOC ) 2.1
NUMDOC (term)

Where NUMDOC is the number of documents in corpus, and NUMDOC (term)

is the number of documents where term occurs.

Then only those terms such that (tf*idf) is larger than certain threshold are
considered of key words is identified. The sentences that contain a high concentration
of key words are selected into summary. The term weight and sentence weigh are

computed as follows:

weight(t) = tf (t).ifd (t) 22
weight(S) = 3 weight(t) 23

teS

Luhn suggested using named entity such as (persons , places, organizations, products ,
materials, et cetera) to promote certain sentences. The named entity could be extracted
from a dictionary.

2.2.2 Cue words, title and location method: Edmundson1969

In addition to words frequency, Edmundson added three components. Cue
words, title words and sentence location. The Cue word method based on the
hypothesis that the probable relevance of a sentence is affected by the presence of
pragmatic words such as “significant”, “impossible” and “hardly”. The Cue method
uses a dictionary of selected words. Cue words could be Bonus words that are
positively relevant. Stigma words that are negatively relevant. Title method is based

on the hypothesis that an author conceives the title as circumscribing the subject
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matter of the document. The sentence gets a score if it contains title words. Location
method is based on the hypothesis that: 1) Sentences located under certain headings
(such as “introduction” and “conclusion”) are positively relevant. 2) Topic sentences
tend to be located very early or very late in document and paragraphs. Location
method uses a dictionary of words. Basically, four features are used: title, cue,

keyword, position. And then a weight is assigned to sentences as follows:

Weight(S) = e Titlg(S) + S.Cue(S) + y.Keyword(S) + 6.Position(S) 2.4

And the weighting parameters may be assigned as rules or adjusted using training
data. According to Edmundson’s experiments it was shown that the most important
features are: Cue, Title and Position, where the co-selected sentences in both
automatic and target extracts were 55% in average.

2.2.3 A Trainable document summarizer: Kupiec et al. 1995

Kupiec developed a trainable summarization program based on statistical
framework. The system used five features to classify sentences to be in summary or
not. Sentence length, Fixed phrase: binary feature set to true if the sentence contains
any of a predefined set of phrases (two words long at most) such as “In conclusion”,
“this letter” , paragraph position: initial, final or middle, Thematic word: a binary
feature if the sentence contains high frequent words) and Uppercase binary feature.
The classifier was based on naive Bayesian classification. Kupiec in his experiments
used features accumulatively by adding one feature at a time. The strongest features
were: Fixed phrases and Sentence length. The system generated 84% correct

sentences when summary size was 20%.

2.2.4 Extracts by Lexical Chains: Barzilay and Elhadad 1997

Lexical chains method defines a chain as a list of words; the order of the
words is that of their occurrence in the text where a Word D is inserted in chain C if D
is related to C semantically using WordNet. (synonym for example). The contribution
of word W to chain C is computed given the distance in sentences between word W

and W-1 in the chain. After inserting all words in chains, for each word, the chain

9



where it most contributes is identified, and then it is deleted from the other chains and
so on. The summary is extracted by selecting sentences that belong to strong chains
that contain largest weights. The system was developed to produce indicative
summaries. It was found that when the summary size was about 20% length, recall

was 64% and precision was 47% compared to human generated summaries.

2.2.5 Similarity Between Paragraphs: Salton et al. 1997

In (Salton et al. 1997) paragraphs are represented as vectors then the similarity
between paragraphs is evaluated. A graph of paragraphs as nodes and the similarities
as links is constructed. Given a threshold for similarity the link between two
paragraphs exists only if the similarity is above that threshold. The summarization is

based on barograph selection heuristics as follows:

e Bushy path: Select paragraphs with many connections with other paragraphs
and present them in text order.
e Depth-first path: Select one paragraph with many connections; select a
connected paragraph (in text order) which is also well connected.
The average overlap between the system and the human summaries was about 46%.

2.2.6 Maximal Marginal Relevance (MMR): Carbonell and Goldstein
1998

MMR is based on the vector-space model of text retrieval, and is well-suited
to query-based and multi-document summarization. In MMR, sentences are chosen
according to a weighted combination of their relevance to a query (or for generic
summaries, their general relevance) and their redundancy with the sentences that have
already been extracted. Both relevance and redundancy are measured using cosine
similarity. Relevance would normally be the cosine similarity of the sentence and
query vectors, but since this task consisted of generic rather than query-dependent
summaries, relevance was determined by the cosine similarity of the sentence vector

and a document vector representing the average of the sentence vectors.

The MMR score SCum=(D) for a given sentence Si in the document is given by:

10



SCun(i) = A(SIM(S;, D)) —(L—A)(S,, Summ) 25

Where D is the average document vector, Summ is the average vector from the set of
sentences already selected, and A trades off between relevance and redundancy. Sim is
the cosine similarity between two texts.

In usual implementations of MMR, the weight A is annealed, so that relevance is
emphasized when the summary is short, and as the summary grows longer the
emphasis is increasingly put on minimizing redundancy. Typically, for the first third
of the summary, A = 0.7, for the second third A = 0.5, and for the final third of the
summary A = 0.3. According to a set of key questions, the assessor judgment to the

automatic summary was 70%.

2.2.7 KEA System: Witten et al. 1999

KEA stands for Key Extraction Algorithm. KEA system was designed for:
providing support for browsing, searching and clustering in cases where manual key
phrases assignment is infeasible. First, the input document is cleaned and parsed into
words (tokens). Second, the candidate phrases are constructed such that: 1) Candidate
phrase limited to maximum length (usually three words). 2) Candidate phrases cannot
be proper names. 3) Candidate phrases cannot begin or end with a stop word. Finally,
the candidate phrases are stemmed to allow treatment different variations of the same
phrase as the same thing. Two features are used for each candidate phrase: 1) tf*idf 2)
First occurrence (distance into the document of the phrase’s first occurrence. KEA
uses naive Bayesian classier for its simplicity. The results show that KEA can on
average match between 1 or 2 key phrases selected by the author in an independent

domain. It was shown that performance can be improved using a certain domain.

2.2.8 GenEX System: Turney 2000

GenEx is a hybrid genetic algorithm for key phrase extraction. It has two main
components: Genitor and Extractor. Extractor takes a document as input and produces
key phrases as output. The parameters of the extractor are tunes using the Genitor

genetic algorithm (Whitley 1989) to maximize the performance (fitness) on the
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raining data. The system was trained on journal, emails, NASA documents. The
system performed better than C4.5 decision tree due to that fact that the positive
examples were only 0.2% to 2.4% of the total number of examples; C4.5 usually
applied to more balanced class distributions. System average precession was 29%.
Subjective human evaluation showed that about 80% of the key phrases selected by

the system were acceptable to human readers.

2.2.9 Latent Semantic Analysis (LSA): Gong and Liu 2001

LSA is a vector-space approach which involves projection of the term-
document matrix to a reduced dimension representation. It was originally applied to
text retrieval by (Deerwester et al. 1990), and has since been applied to a variety of
other areas, including text summarization (Gong and Liu 2001) and (Steinberger et al.
2004). LSA is based on the singular value decomposition (SVD) of an m by n term-

document matrix A, whose elements A ; represent the weighted term frequency of

term i in document j. In SVD, the term-document matrix is decomposed as follows:
T
A=USV 2.6

Where U is an m by n matrix of left singular vectors, S is an n by n matrix of

: : . . . T
singular values, and V is n by n matrix of right singular vectors. The rows of \ may

be regarded as defining topics, while the columns representing sentence form the

. . . . . T
document. Summarization is achieved by choosing from each row of V' the
sentence with the heist value. The process continues until the desired summary size is
reached. According to his experiments on CNN news documents, LSA method was

equivalent to relevance measure method. The average F-Measure was 56%.

2.2.10 LAKHAS System: Douzidia and Lapalme 2004

In its 2004 evaluation, NIST decided to include two tasks (3 and 4) to explore
summarization from noisy input produced by Arabic to English machine translation.
So the proposed scenario by the DUC organizers was the following: the original
Arabic texts are first translated to English by a Machine Translation (MT) system.

The resulting English text is used as a source for the summarization system in order to

12



obtain a very short summary (< 75 bytes) of the document in English. Two MT
systems were used: one from the Information Science Institute (ISI) of the University
of Southern California and another one developed by an IBM team. LAKHAS
(Douzidia and Lapalme 2004) is a summarization system that generates very short
(headline) summaries. They decided to follow another path, summarize the Arabic
text directly and only translate the summarized text. This approach was very

successful for very short (headline) summary generation.

2.3 Abstractive summarizers

Abstraction, on the other hand, generates summaries at least some of whose
material is not presented in the input text. Abstraction of documents by humans is
complex to model as is any other information processing by humans. The process of
abstraction is complex to be formulated mathematically or logically (Jing, H. and
McKeown, K.R., 1999). Abstraction requires text analysis, modeling and language

generation techniques.
2.4 Single and Multi-Document summarizers

Dealing with multiple documents summarization is challenging when taking
into consideration the possible large input corpus and the possibility of repeated or
conflicted information among different documents. A single document summary
within a predefined domain is a simpler task. Another challenge is that the multi-
documents also could be in different languages. Here are examples of Multi-

document summarization systems:

2.4.1 MEAD System: Radev et al. 2004

MEAD is a platform for multi-document multi-lingual text summarization. It
uses a form of multi-document summarization called Centroid-based summarization.
A cluster of documents with a common topic are used to produce a cluster centroid,
consisting of words which are central to all of the documents in the cluster. The
cluster centroid is then used to rank sentences based on their relevance to the topic of
the cluster. Moreover MEAD uses sentence position and overlap with the title features

for each sentence. The MEAD architecture has four main components. First, each
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document is converted to an XML-based format. Then feature extraction is performed
on each sentence of each document in a cluster, where the features are dependent on
the selected summarization algorithm. Third, a composite score is calculated for each
sentence. Finally, sentence scores may be refined based on considerations such as
sentence repetition, sentence ordering, etc. MEAD currently supports Chinese and

English summarization and can be extended to handle other languages.

2.4.2 SUMMARIST: Hovy and Chin-Yew 1999

The goal of SUMMARIST is to generate summaries of multilingual input
documents. SUMMARIST is capable of generating query based summaries that
reflect both users concerns and the main ideas of the respective documents through
automated training. SUMMARIST can process English, Arabic, Bahasa Indonesia,
Japanese, Korean, and Spanish texts. SUMMARIST combines natural language
processing methods (morphological transformation and part-of-speech tagging),
symbolic world knowledge (WordNet Miller 1995), dictionaries, and information
retrieval techniques (word counting and term distribution) to achieve high robustness
and better concept-level generalization. The core of SUMMARIST is based on the
following ‘equation:*

summarization = topic identification + topic interpretation+generation.

These three stages are:

Topic Identification: Identify the most important (central) topics of the texts using cue
phrases and term frequency.

Topic interpretation: To perform ‘concept-based' topic fusion, latent semantic
analysis, WordNet, term frequencies, topic signatures (Lin 1997) are used.
Generation: SUMMARIST is able to generate summaries in various formats such as
keywords, extracts (important sentences in original texts).

The system was linked to SYSTRAN's (http://www.systran.co.uk/) translation

site (also known as Babelfish) for translating European languages into English. The
system has also been linked to ISI's GAZELLE (JAPANGLOSS) project for

translation from Arabic, Japanese, and Spanish to English.
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2.4.3 CLASSY, Query Based Multi-Document Summarization: Conroy
et al. 2006

CLASSY (Clustering, Linguistics, And Statistics for Summarization Yield) is
an automatic, extract-generating, summarization system that uses linguistic trimming
and statistical methods to generate generic or topic (query)-driven summaries for
single documents or clusters of documents. The main steps are:

Document Preparation: Every document is transformed to the CLASSY internal
format by performing Sentence splitting and sentence typing. Sentences are typed
according to their potential usefulness in a summary (title, signature terms).

Trimming Sentence: Without using part of speech tagging (POS) instead extensive
word lists are used:

1. Removal of extraneous words that appear in a sentence, including date

lines, editor’s comments, etc.

2. Removal at the start of a sentence of many adverbs, all conjunctions, and

about 2000 phrases such as “As a matter of fact,” and “At this point.”

3. Removal of a small selection of words that occurs mid-sentence, such as

“however” and “also”.

4. Removal of age references such as “, 51,” or , aged 24,”.

5. Removal of gerund phrases (phrases starting with the -ing form of a verb)

from the start, middle, or end of a sentence.

6. Removal of relative clause attributives (clauses beginning with “who(m)”,

“which”, “when”, and “where”) wherever possible.

7. Removal of attributions, such as “police said”, at the start or end of

sentences.
Scoring Sentences: Oracle score, which estimates the fraction of human abstract terms
a sentence contains. Details of this approach and its motivation can be found in
(Conroy et al. 2006). In the absence of human abstracts, they view the signature terms
as “samples” from idealized human summaries. A signature term is a term which
occurs significantly more than expected in the document.
Reducing Redundancy of the Selected Sentences: Sentences are ordered by score, and
enough sentences are chosen to produce a summary as long as desired. Improving the

score by using the latent semantic indexing (LSI).
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2.5 How Summarizers Differ

Summary can be used to be indicative to produce a reference function to select
documents for more in-depth reading or informative to cover all or most salient
information in the source text documents. Summary can be general where there is no
focus on some topic or view point provided by the user or it can be user-focused
where summaries are guided by user view point statement, topic or question to be
answered. Size of produced summary (Compression Ratio) can be very short

(Headline) or relatively short typically 20% to 25% of original document size.

2.6 Summary Evaluation

Summary evaluation methods attempt to determine how adequate and reliable
or how useful a summary is relative to its source. Generally, there are two types of
evaluation methods. The first is intrinsic evaluation in which users judge the quality
of summarization by directly analyzing the summary. Users judge fluency, how well
the summary covers stipulated key ideas, or how it compares to an ideal summary
written by the author of the source text or a human abstractor. None of these measures
are entirely satisfactory. The ideal summary, in particular is hard to construct and
rarely unique. In most cases there is no only one correct ideal summary for a given
document. The second type of evaluation methods is extrinsic. Users judge a
summary’s quality according to how it affects the completion of some other task, such
as how well they can answer certain questions relative to the full source text. ROUGE
(Recall-Oriented Understudy for Gisting Evaluation) is also used for summary
evaluation by counting the number of overlapping units such as n-gram, word
sequences, and word pairs between the computer-generated summary to be evaluated
and the ideal summaries created by humans
Extractive approach for summarization by classification enables us to use recall,

precession and F-measure to evaluate summaries.
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2.7 Document Understanding Conferences (DUC)

Document Understanding Conferences is an annual evaluation in the area of text
summarization organized by the American National Institute of Standards and

Technology (NIST). (http://www-nlpir.nist.gov/projects/duc).

As described in his book (Mani, I., Maybury, M.T. 1999), automatic single document
text summarization has long been a field of interest, beginning in the 1950s, with a
recent renaissance of activity beginning in the 1990s. System generated single
document summaries for English are generally of good quality. Therefore, NIST
ended single document summarization evaluation after the 2002 Document
Understanding Conference (DUC).

2.7.1 Scope of Summarization at DUC

2001 and 2002
e Generic summaries of newswire/newspaper stories
e Single and multi-documents
e Word Lengths: 100 (single), 50, 100, 200 and 400 (multi); 2002: 10 word

headline

e Very short summary (10 words, single)

e Event-focused summary (100 words)

e Viewpoint-focused summary (100 words)

e Summary for question answering (100 words)

e Given doc cluster, question, and set of sentences deemed relevant to the

question, create summary

e Very short summary (<=75 bytes, single doc)

e Short multi-doc summary focused by events (<=665 bytes)

e Very short single doc cross-lingual summary (<=75 bytes, both manual and
automatic translations were available)

e Short cross-lingual multi doc cross-lingual summary (<=665 bytes)
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e Short question-focused summaries (<=665 bytes)
e Summarization from noisy input produced by Arabic to English machine

translation.

2005 and 2006
e Given a DUC topic, a cluster of documents, and (in 2005 but not in 2006) a

user profile, create 250-word summaries.

2007
e Same as 2005 + 2006: 250-word task-focused summaries (but no user profile)
e Pilot task: Given a set of articles that the user has read, create a short multi-
doc summaries (100 words) of a new set of related articles. The purpose of
each update summary will be to inform the reader of new information about a

particular topic.

2008
e Moving to co-locate with TREC (http://trec.nist.gov)

e DUC will now include both summarization and QA
e DUC Summarization 2008
o Main task: same as the update pilot task of 2007
o Pilot task (propose): summarization of opinions expressed in blogs

2.8 Examples of Related Summarization Systems

Here are some examples of commercial summarization systems.

2.8.1 Copernic

Copernic summarizer (http://www.copernic.com) is an easy to use tool for text

extractive single document summarization. It generates summary reports with key
concepts (up to 100) and key sentences according to the configured or customized
summary length. Also it exports summary reports to various file formats (HTML,
XML, Rich Text Format, Text file and URLS). It supports English, French, Spanish

and German languages. Steps:
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Document Standardization: The first step in the summarization process is the
“standardization” of document content: documents, which exist in a variety of
formats, must be converted to a common text format before their content can
be interpreted.

Language Detection and Analysis: The language of the document is
recognized and identified automatically. Once the language is determined,
specific linguistic principles, rule systems and powerful heuristics are applied.

Sentence Boundaries Recognition and Tokenization: It implements a wide
range of heuristics to isolate sentences, bulleted lists, and special strings such
as e-mail addresses and scientific formulas. In addition, they tokenize each
and every word according to the context in order to identify actions, people,
places and things.

Concept Extraction: Copernic integrated Extractor, an application developed
in collaboration with the National Research Council of Canada (NRC), into its
solution. This application extracts, in less than a second, high quality
keywords by employing the machine learning techniques.

Long Document Segmentation: divide long documents into its constituent text
segments. This enables a separate analysis of each segment, which is then
followed by the integration of all the composite segments into a single,
complete representation of the original document.

Sentence Selection: All sentences are weighted according to the relative
importance of the information they contain. The more the sentence exhibits
pertinent concepts, the more it is suited to developing important ideas, and
consequently, the more likely it will be retained for inclusion in the summary.

Internal Document Representation: The document is thus transformed into an
internal representation that can be manipulated again. Because this flexible
structure, the user can repeatedly adjust the summary length, remove concepts

or eliminate sentences in real time.
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2.8.2 Sakhr

Sakhr summarization system (http://siraj.sakhr.com) is an Arabic single

document extractive summary. It extracts the most important sentences, using
basically syntax and semantic analysis, named entities recognizer and sentence

heuristic features.
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Chapter

3 The Proposed System
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3.1 Introduction

Typically extractive summarizers deal with sentences. Rules of sentence scoring

are generally heuristic; however given a training corpus it would be possible to
approach the problem as statistical classification to classify a sentence to be in
summary or out of summary classes given its feature vector. The importance of a
sentence within a document can be is determined by various heuristics such as
position, cue phrases (Edmundson 1969, Kupiec 1995), word/phrase frequency (Luhn
1958, Edmundson 1969, Kupiec 1995), lexical cohesion (Barzilay and Elhadad 1997),
discourse structures (Marcu 1998), and indicator phrases (Hovy and Lin 1999, Kupiec
1995).
Naive Bayesian classification method is considered to be simple, easy to implement
and does not require heavy processing. However, it assumes the independence
between features and it may fall into local optima. Naive Bayesian classification
method was used for extractive summaries (Kupiec et al. 1995) and key phrase
extraction (Witten et al. 1999). Genetic Programming (GP) is used also for
classification and could be used for extractive summarization (Turney 2000). GP uses
a beam search to try to find global optima. The proposed system uses both
classification techniques and combines them in an optimized way to get better results
using a reduced feature set. The system structure requires labeled (annotated) training
and testing corpus.

3.2 Arabic Preprocessing and Feature Extraction

Arabic, as a high derivative and inflective language, requires good stemming for
information retrieval and summarization applications. Feature extraction requires
complex Arabic language processing: Stop words removal, Stemming and Part Of
Speech Tagging (POST). We used the implementation of (Attia 2005) ArabMorpho©
for Arabic processing and feature extraction. Basically, the system includes:

1. Arabic Morphological Analyzer
2. Arabic Part of speech tagger
The following sections will introduce the basics of both components and how they

were used for feature extraction.
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3.2.1 Arabic Morphological Analyzer

Analysis means decomposition, so an Arabic morphological analyzer is a
software engine that can decompose the words of a given Arabic text into their
constituting entities. The next section will give an over view of the analysis for Arabic

words.

3.2.1.1 Arabic Word Model

As morphology is concerned with the analysis of words, it is primary to define the
term word. Although linguists may enjoy endless discussions about what a word

definitely mean. A straightforward and easier approach can define words as:

A word is the alphanumeric string between any two non-alphanumeric characters.

An Arabic word is a word, as defined above, which meets the following two
conditions:
1. All its characters are bare or diacritized Arabic alphabets
2. It belongs to either of the following two categories:
a. The original Arabic words.
b. The Arabized words.

Original Arabic words are divided in turn into two sub-categories:

e Derivative Arabic words: These are the verbs and nouns that are built
according to the Arabic derivation rules. The sweeping majority of the Arabic
words belong to this category.

e Fixed Arabic words: These are a set of words molded by Arabs, anciently, and
do not obey the Arabic derivation rules. Most of these fixed words are neither
verbs nor nouns, most of them are functional words like pronouns,
prepositions, conjunctions, question words, and the like. They may be best

regarded as the glue that ties the words of the Arabic sentence together.
The Arabized words are nouns borrowed from foreign languages (perhaps with some
phonetic adjustments to suit the Arabic pronunciation) and have become common

among the native Arabic speakers. To preserve the purity of the Arabic language, it is
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not preferable to consider a word in this category unless its meaning has no
counterpart in the category of the original Arabic words. Figure 3.1 summarizes the

definition of the Arabic word.

Arabic word

Original Arabized

Derivative Fixed

Figure 3.1: Basic Arabic morphemes classification

Although the number of the derivative Arabic words is much larger than both the
fixed Arabic and the Arabized words, the frequency of the latter ones, specially the
fixed words, is considerably high such that any treatment of Arabic must treat all the
above categories with the same degree of care. The following example shows that the

fixed words are frequent in the Arabic text.

By e U AT 3 s LS 1SS O s 5 8 el 8, ods
.E"L;s;p\ﬁgswuwj_fﬁ;@

e Total number of words in the paragraph = 23.
e Number of fixed words in the paragraph = 8.

e Frequency of fixed Arabic words in the paragraph = 8/23 ~ 35%

3.2.1.2 The Prefix-Body-Suffix Structure of the Arabic Word

In some modern European languages like English, a word may be a verb, a
noun, a preposition, an article, ..., etc; i.e., a word in such languages is usually a
single entity. In Arabic, the situation is more complex. The next shows some simple
English sentences and their Arabic translations. It also tabulates the Arabic words and

their English counterparts in these statements.
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Table 3.1: An Arabic word may correspond to more than one English word

Mohammad gave me many things
syde L s JLEP\

Avrabic word English counterpart
des Mohammad
(ke Gave me
RN Many
Ll Things

He returned my book

Arabic word English counterpart
sled He returned
abs My book

I'will do it
sl

Arabic word English counterpart

aeslo I will do it

The example above shows that the Arabic word may correspond to a single entity but
can as well be a compound of more than one entity. In fact it may be a phrase or even
a complete sentence. So, the Arabic word is in general a complex. If we study a
sufficiently large sample of Arabic text, we can infer the following general simple
structure of the Arabic words:

e The main part, a noun or a verb, of the word occurs in the middle. Let us call
this part the word's body.

e The body may be prefixed by something like the definitive article, a
preposition, a gender determiner, a tense determiner, ..., etc., or some
combination of them. When a prefix precedes a body, it may slightly modify
its string and also be slightly modified. We should note that the prefix cannot
be a standalone word.

e The body may also be suffixed by something like a pronoun, a gender
determiner, a tense determiner, ..., etc., or some combination of them. When a
suffix succeeds a body, it may slightly modify its string and also be slightly

modified. We should also note that the suffix cannot be a standalone word.
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If the absence of a prefix is assumed as a null prefix and the absence of a suffix is
assumed as a null suffix we can then generalize the aforementioned structure of the
Arabic word as:

Any Arabic word = Prefix Body Suffix

Table 3.2 shows this structure for the words of an Arabic sentence.

Table 3.2:Example of prefix, body and suffixof Araboc words

£S5 013 (3}3; Gl ey B0 Bl 2 )

Avrabic word Prefix Body Suffix
N f % _
2 | A - o -~
3 ay — G\ —
4 KN — s 3
5 | G ! =y ¥
6 el — o 3
7 355 — 33 4

3.2.1.3 The Structure of the Arabic Word's Body

The body part of the Arabic word has in turn an internal structure which is
different for the bodies of the derivative Arabic words compared to the non-
derivative; fixed and Arabized ones. Arabic has a very powerful bodies-generation
mechanism called derivation that makes Arabic have the richest vocabulary ever
found among all the important contemporary natural languages. Arabic has a
relatively small number, about one thousand, of derivative forms. Each form is a
string of two types of characters; fixed characters (or constants) and 3 or 4 generic
characters (or variables). Although the form carries one or more specific semantics, it
cannot be a word’s body on its own. Arabic also has a limited number, about five
thousands, of derivative roots. Each root is a set of 3 or 4 fixed characters. Each root
also cannot be a word's body on its own. Nevertheless, the root has one or more
standalone specific semantics. The derivation of a word's body from a specific root
and a specific form is made by respectively substituting the generic characters of the

form with the fixed characters of the root. The derivation process is successful only if
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each constant character of the root is in the permitted range of the corresponding
generic character of the form. The semantic of the resulting word's body is a mix of
the semantic of its form and the semantic of its root albeit the latter plays a greater

role. Table 3.3 illustrates the derivation process for several derivative word bodies.

Table 3.3: The derivation process of some regular derivative Arabic word bodies from their forms and

roots.
Form Root The Resulting Body
Jg—b ool g,_,lf
S sa¢ S
JL’-"; oo i
Jlrie >d s
;L:ij: Lﬂ; ( C SL;:_;

Each of the forms mentioned above may be regarded as a general derivation rule and
the bodies made by combining them with roots are called regular derivative bodies.

However, there is a small set, few hundreds, of derivative bodies that are irregular.
The form of an irregular derivative body is tailored only for that specific body; i.e.,
such a form does not have any generic characters and can hence combine with only
one specific root to produce one specific body. Irregular derivative bodies were in fact
regular derivative ones that have been deviated from its regularity. People then
preferred the deviated form that became famous and neglected the regular one which

became extinct. Table 3.4 presents some famous irregular derivative word bodies.
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Table 3.4: Some famous irregular derivative bodies

Irregular derivative body | The corresponding (not Root
used) regular body

b KUY _aJid

sl OU¥ 441

B G sef

- -y ¢

L sa5 6}9) S 3

One may have several fixed or Arabized words that are semantically or
functionally related to one another. In such a case they may be viewed logically as

a family. Table 3.5 illustrates this classification for some fixed word bodies.

Table 3.5: The concept of the root of a family of fixed bodies

Fixed word bodies Root of the family
. czjb L;—i LL:».};A L;;;h C}i }jﬁ
s 2 w 8 w 8
CEST ST (s J
. cg\Lu\.'h cgif\:a cg-;.\.'h c’:\ﬁb cL\S I3

3.2.2 ArabMorpho® Details

Due to the highly derivative and inflective nature of the Arabic language, it is
much more comprehensive, effective, and economic to deal with its compact set of
basic building entities; i.e. morphemes, than its unmanageably huge generable
vocabulary. Following that morpheme-based approach, the canonical lexical structure
of any Arabic word w according to ArabMorpho© has been formulated as a
quadruple;

q=(t:pr,f,s)

Where t is Type Code (with possible types are Regular Derivative, Irregular
Derivative, Fixed, Arabized), p is Prefix Code, r is Root Code, f is Pattern Code, and s
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is Suffix Code. These kinds of morphemes in the Arabic lexicon of ArabMorpho®© are

clearly classified in the figure 3.2 below.

Morphemes

K B0y

Derivative Non-derivative
Ry Fra Fid Fixed Arabized
[Re]  [Fl [Ra] [Fa]

Figure 3.2: Detailed Arabic morphemes classification

With a dynamic coverage ratio exceeding 99.8% — without counting the Arabic

transliterated foreign words - the knowledge base (i.e. the lexicon) of ArabMorpho®

based on this model are composed from only about 7,700 morphemes with the fully

agent-oriented linguistic description of each. The sizes of each kind of morphemes in

the figure above are as follows:

1. P:

Rs:
Fs:

Fa:
S:

© o N o g Bk~ w DN

Rg:
Frd
Fid:

Ra:

About 260 Arabic prefixes.

About 4,600 Arabic derivative roots.

About 1,000 Arabic regular derivative patterns.
About 300 Arabic irregularly derived words.
About 250 Roots of Arabic fixed words.

About 300 Arabic fixed words.

About 240 Roots of Arabized words.

About 290 Arabized words.

About 550 Arabic suffixes.
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Table 3.6 below shows this model in application on few sample Arabic words.

Table 3.6: ArabMorpho©'’s canonical lexical structure of sample words

Sample Tupe Prefix & Root & Pattern & | Suffix &
word yp Prefix Code | Root Code | Pattern Code | Suffix Code
P . ; .L:{\/ L; -
() Fixed - @
2 87 48 0
5 Regular — Jso Jo& —
Derivative 86 4077 176 8
e Regular _ oo Jx ol
Derivative 9 3354 684 27
L Regular I ede J= e
Derivative 9 2754 842 28
S Fixed - ot < R
0 63 118 0
ol Regular - £ 2 Jes i -
o s g i
Derivative 0 4339 93 0

For more information about Arabic language details, the reader may refer to (Attia

2000).

3.2.3 Arabic Part Of Speech Tagging

Part-Of-Speech (POS) tagging is a fundamental linguistic analysis process
where POS tags that convey the basic context-free syntactic features of input surface
text words are extracted. Among several linguistic processing tasks, POS tagging may
be quite useful as POS tags are the most essential input features for all kinds of
natural language computational syntax parsers which are in turn one step higher in the
ladder towards language understanding and machine translation as well. Based on that
definition the position of POS tagging is obviously a middle sub layer between the

two fundamental lexical and syntactic ones on the NLP ladder as shown in the figure

below.
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To higher layers

fy

Layer = Semantic Analysis

.

Layer 2 Syntactic Analysis

Zub layer 1-2 POS Taggig

Layer 1 Lexical Analysis

.

up tesxt

Figure 3.3: The position of POS tagging on the NLP layers

Table 3.7 displayed below shows the Arabic POS tags set (Attia 2005) used in this
thesis along with the meaning of each tag verbalized in both English and Arabic.
Moreover, the 62 tags in the set are functionally categorized in order to maximize
clarity. While some tags in the following table may have corresponding ones in other
languages; e.g. English, others do not have such counterparts and are specific to the
Arabic language.
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Table 3.7: POS tagsArabic POS Labeling

Cat Mnemonic Meaning in English Meaning in Arabic
o8 ~ s
£ § E SOW Start-Of-Word marker F LAY
5= E b
;é §§ > Padding Padding string e
= NullPrefix Null prefix ol Y
[SIR .
c g . . . L
5 8 Conj Conjunctive cike
" o P
% E Confirm Confirmation by Laam .4,5/):7/,;)/
T o
[} s,
LS Interrog Interrogation by Hamza plydiw VI 5 n
% % NullSuffix Null suffix &Yy
S E
5 3
82
22 Object or possession »
5= . ot
¢ g ObjPossPro pronoun 3l e
s 8 MARF 1% Arabic syntactic case EAir
28
zg
© ©
28
5
S MANSS 2" Arabic syntactic case o purio
<
3 3
c X
; s Definit Definitive article i "
5>
g5
()
(VR
Noun Nominal oy
- Nouns made of se -
% Nouninfinit infinitives 7
z, NounlinfinitLike “NounlInfinit” like J’L‘;-';/::‘/
o
Q . . . Ao
£ SubjNoun Subject noun ygcl;/wf/
o P 7
g ExaggAdj Exaggeration adjective il ks
g ObjNoun Object noun S i /;i/
© z
& TimeLocNoun | Noun of time or location Bleysryper)
An Arabic feature of a A
NOSARF specific class of nouns el o <l
PossessPro Possessive pronoun j, e
@ RelAdj Relative adjectives i
= maker
E ; . P
2 Femin Feminine il
> . s
g Masc Masculine Sie
§ Single Singular 37
o
S Binary Binary e
(%]
<4 o -
E Plural Plural poee
= o
& Adjunct Adjunct i
NonAdjunct NonAdjunct Ol
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Table 3.7: POS tagsArabic POS Labeling (continue)

2" or 3 Arabic

MANSS_MAGR i 2 & pnin
- syntactic case s
MAGR 3" Arabic syntactic case -
5 Present Present tense & (JL..'y
85
245%
$gs
w Future Future tense Jlizn!
Active Active sound (Sl poleal] io
2 Passive Passive sound (il J }i)'»uu/w’
[ o
‘u; Imperative Imperative e
=
S .,
P Verb Verb oy
[}
% Intransitive Intransitive verb I Y
P
5] th H : .,
5 MAJZ 4™ Arabic syntactic case s
©
& Past Past tense ool
Present tense, or pram s
- o / 4/
Presimperat imperative ~ Z/JL"‘
- SubjPro Subject form pronoun ) e
S >, &~
§ 5% i H et -
= ObjPro Object form pronoun o
t2” MANS MAJZ 2" or 4™ Arabic i I
— syntactic case A7
. ¥ 1.0
Prepos Preposition JoR s
Interj Interjection sl o5
Preposition-Pronoun f
PrepPronCom, 150
epPronComp Compound IS
RelPro Relative pronoun Ssezp0 sl
. R B
§ DemoPro Demonstrative pronoun 5yLa) ]
% InterrogArticle Interrogation article plydznl i/
%‘ For specific articles that
e JAAZIMA make the consequent verb in 4o jl>
8 the 4" Arabic syntactic case -
g CondJAAZIMA Feature of a class of TR
S Arabic conditionals e
o CondNot Feature of a class of il CE 1305
° JAAZIMA Arabic conditionals E
o
E LAA Arabic specific article %
(3]
= LAATA Arabic specific article oy
T
iS Except Article of exception s Lz
g - =
c A class of articles that . so
NoSyntaEff " ilale
2 oSyntaEffect have no syntactic effect »e
> =
= Feature for certain kind 3o f
B DZARF r il
8 of Arabic adverbs gl
.E_ A class of particles that
B make the subject of the .
7] ParticleNAASIKH consequent nominal il O3>
L sentence in 2" Arabic e
% syntactic case
IiJ A class of auxiliary verbs
that make the predicate of
VerbNAASIKH the consequent verbal Al fnd
sentence in 2" Arabic e
syntactic case
Arabic specific class of
. particles that make the .
ParticleNAASSIB consequent verb in 2™ -l
Arabic syntactic case
MASSDARIYYA Arabic specific article 4 ybsze
=8
sg
@ o
°53 i i i " Yo £ 2
P %g Translit Transhtera}ed Arabic %;/; WPy o a5
S 5€E string i ’ -
2 E
£ 3
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3.2.3.1 Arabic POS Labeling

Having the Arabic POS tags set designed, labeling the morphemes of the
lexical knowledge base comes as the next job which is straightforward, provided that
the following three main points are carefully considered:

1- For morphologically analyzed words; the f part of the quadruples gives
the Arabic POS tagging of stems, while the p and s parts give the
Arabic POS tagging of affixes. Hence, the root morphemes of all kinds
which do not participate to tagging are not Arabic POS labeled.

2- Due to the atomicity of the tags in the Arabic POS tags and due to the
compound nature of Arabic morphemes in general, POS labels of
Arabic morphemes are vectors not simple scalars.

3- Only ensured Arabic POS tags are considered in the Arabic POS
labeling of morphemes. (When an Arabic POS tag is a possible - or
even a highly probable — but not an ensured feature of a given
morpheme, it is not included in its Arabic POS label vector.)

The following few morpheme labeling examples are listed below in order to
concretely illustrate the process:
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Table 3.8: Sample Arabic POS labels from ArabMorpho®© knowledge base

Morpheme
Morpheme type and code |shown as Arabic Arabic POS vector label
string
Prefix; 9 —J [Definit]
Prefix; 125 — [Future,Present,Active]
Regular derivative pattern; 482 U@L;’ [Noun,SubjNoun]
Regular derivative pattern; 67 JL;;;‘L/ [Noun,NounInfinit]
Irregular derivative pattern; 29 &Qd:f [Noun,NoSARF,Plural]
Fixed pattern; 8 }3 [Noun,SubjPro]
Fixed pattern; 39 j;’ [Noun,Masc,Single,Adjunct, MARF]
Suffix; 27 ol [Femin,Plural]
Suffix; 427 m;}_ [Present, MARF,SubjPro,0bjPro]
Suffix; 195 uLj_ [RelAdj,Femin,Binary,NonAdjunct, MARF]

3.2.3.2 Arabic POS Tagging

The Arabic POS tagging process is implemented in the following steps:

1- The Arabic strings sequence to be POS tagged are morphologically
analyzed and disambiguated using ArabMorpho© (Attia 2005) this
results in a disambiguated quadruples sequence.

2- For the prefix, pattern, and suffix morphemes of each quadruple in the
sequence, the Arabic POS labels are retrieved from the Arabic lexicon
of ArabMorpho®©.

3- The Arabic POS tags vector of each word in the sequence is then
composed using Contact function. This function simply concatenates
the POS sub vectors of the constituting morphemes after eliminating

any mutual redundancy among their tags.

The resulting Arabic POS tags vectors by ArabTagger© of the words in a real-life
phrase are shown in the table 3.9 below:
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Table 3.9: The resulting Arabic POS tagging of a real-life phrase using ArabTagger©

Phrase words Most likely Arabic POS tags vectors
A5 33} [SOW,Conj,NoSyntaEffect,NullSuffix]
o o s [SOW,NullPrefix,Verb,Past,Single,Femin]
dd LI [SOW,NullPrefix,Noun,ExaggAdj,Single,Femin]
e) 54 ;\}}}3\/ [SOW, Definit,Noun,Plural, NoSARF,NullSuffix]
3 < [SOW,NullPrefix,Prepos,NullSuffix]
il ) o0 TP [SOW, Translit]

3.2.4 Stop words removal

Introduction of an Arabic stemmer and a list of 168 stop words were presented
in (Khoja and Garside 1999). We used the implementation of (Attia 2005)
ArabMorpho© as a more generic method for extracting stop words where Arabic
words are analyzed and categorized into regular derivatives, irregular derivatives,

fixed, Arabized or Transliterated. We considered that fixed words are stop words.

3.2.5 Stemming

The purpose of stemming is to cluster different words into shared groups
depending on roots or stems (root and form). Different approaches for Arabic
stemming can be identified such as manually constructed dictionaries, algorithmic
light stemmers which remove prefixes and suffixes, morphological analyzers which
try to find the roots and forms of words. Stemmers can be weak, fail to conflate
related forms that should be grouped together, or strong, where unrelated forms are
conflated. We used the Arabic Morphological Analyzer (Attia 2005) for extracting

roots.

3.2.6 POS Tagging

POS Tags are also important because they enable recognition of important
information about words for example whether they are nouns (single or plural,
feminine or masculine, identified or not identified) or verbs (present or past) and so
on. Implementation of (Attia 2005) is used for extracting POS Tags.
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3.3 The Proposed Features

The input document is parsed into a number of paragraphs and each paragraph
is parsed into sentences. Each sentence is parsed into words. The document is
assumed to be in plain text. The parsing process makes use of spaces, commas,
parenthesis and new line for identifying words, sentences and paragraphs. Feature
vectors are extracted for each sentence. Term Frequency times Inverse Document
Frequency (tf-idf) is commonly used in information retrieval systems to assign
weights to terms in a document and used by (Witten et al. 1999) and (Nobata 2004) to
assign weights to key phrases. Similar concept is used in this thesis to assign weights
to sentences. Distance of the phrase from the document start feature is used by
(Witten et al. 1999). Sentence location in the document is considered an important
feature in (Kupiec et al. 1995) and (Nobata 2004). Here, sentence location in the
document feature is used and expanded to the location of the sentence in the
paragraph where it belongs to. Also, paragraph length (which the sentence belongs to)
is considered. Also we used the features in (Sobh et al. 2006) as "basic features" and

more additional features as "new features". The basic features are:

3.3.1 Feature 1: Sentence Weight

After stop word removal, each word is transformed into its root. Then the
frequency for each root is computed in the current document. For each sentence the

summation of non stop word frequencies is computed and normalized.

3.3.2 Feature 2: Sentence Length

Sentence Length is the number of the words in a sentence after removing stop
words. This feature is normalized making the length relative to the longest sentence in
the current document.

Table 3.10 shows an example of sentence extracted from a document. The sentence is
parsed into words. For each word the root is extracted as the stem. Then the type of
the word is extracted. The word is considered a stop word if it is a fixed word. Then
the frequencies for each non stop words are computed given that the total number of
distinct stems in this document was 270. Then these frequencies are accumulated and
then normalized by dividing the accumulated total frequency by the maximum weight

of a sentence found in this document.
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Table 3.10: Sentence Weight and Sentence Length featuers samples

% Uy waz e. 131 LY s ge @i &r— Sl saa ass
&
3 8
% S S5 s (.l 13 oLy e ge A Janlly FNTS
o =S
o 7
GE, 2 13 Sl G 13} F s p Jos EXE
5 &
>
(&)
3
qg)_ - 1 - | - 3 3 3 4 1
T
L S
= 8
= § - 037 | - - 1.11 1.11 | 1.11 1.48 | 0.37
o 2
= 8
8
5 e Feature 1: Sentence Weight = 5.55
§ Feature 2: Sentence Length= 6 words
- e Feature 1: Sentence Weight = 0.142
2 e Feature 2: Sentence Length=0.324
E
= e Given that:
z o In this document the largest weight was 38.7
o In this document the longest sentence length was 18 words

3.3.3 Feature 3: Sentence Absolute Position

Sentence Absolute Position is the order of the sentence in the document. This

feature is normalized where the maximum value is one for the first sentence in the

document.

3.3.4 Feature 4: Sentence Paragraph Position

Sentence Paragraph Position is the normalized order of the sentence in the

paragraph in which the sentence is located.
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3.3.5 Feature 5: Sentence Paragraph Length

Sentence Paragraph Length is the normalized length of the paragraph in terms
of number of sentences in which the sentence is located.
Table 3.11 shows a hypothetical example of the normalized Sentence Absolute
Position, Sentence Paragraph Length and Sentence Paragraph Length features.

Table 3.11: Sentence Absolute Position, Sentence Paragraph Position and Sentence Paragraph Length

normalized featuers example

paragraph S Abs?llute Parag r-aph Paragraph
Position Position Length
S1 1 1 1
P1
S2 0.94 0.5 1
S3 0.882353 1 0.4
S4 0.823529 0.8 0.4
P2 S5 0.764706 0.6 0.4
S6 0.705882 0.4 0.4
S7 0.647059 0.2 0.4
S8 0.588235 1 0.5
S9 0.529412 0.75 0.5
P S10 0.470588 0.5 0.5
S11 0.411765 0.25 0.5
S12 0.352941 1 0.66
P4 S13 0.294118 0.66 0.66
S14 0.235294 0.33 0.66
S15 0.176471 1 0.66
P5 S16 0.117647 0.66 0.66
S17 0.058824 0.33 0.66

In addition to the basic features more features are also proposed to take the advantage
of the relations between sentences in terms of similarity and to use Part of Speech

Tags information for the words in each sentence. The new features are:
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3.3.6 Feature 6: Sentence Similarity

The similarity feature of a sentence is computed as the next formula:

Sim, =>"" __sim(S;,S,)

The similarity of sentence S is the summation of the similarities between sentence S
and all other senesces in the document. The similarity is computed using the cosine
method. The similarities are saved in a similarity matrix where:

e A, =Sim(S;,S;) Element (i, j) is the similarity between sentence i ,

o AT A The similarity between sentence i and j is equal to the
similarity between sentence j and i

o AP =1 Tpe similarity between sentence and itself is 1

Then the values were normalized per document. The similarity between sentences
method was used in literature before as a non-supervised heuristic method to decide
when to consider the sentence in summary or not (Carbonell and Goldstein 1998).
Here we are proposing a new method for using similarity as a feature along with other
features in a supervised learning approach. Figure 3.4 shows two vectors representing
two sentences in a space of only three words (dimensions) and the angle between

them.

S2

\ 4

w1

Figure 3.4: Two sentences represented as vector in 3 dimensional space.
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Table 3.12 shows how the similarity between sentences using the cosine method can

be computed.

Table 3.12: Sentence Similarity example between two sentences

30 5 potons Unl2) O DB sall 08
Sentences Similarity

s1 5 s UL OB U8 ekl (2 1

s2 @b sall 08 1 8 atie SUslsl O) 1

s3 J3Ll) sey @l sl (2 wlslel ) ezl O) 0.816
s4 oW gadl Qe ol Sl sl 0.223
S5 U ) ezl i 5l 6 4l 0.75
s6 il Flal el ddas 2ds £ 0

Here are some interesting notes:

S0, S1: Are identical and have a similarity of 1

S0, S2: Are almost identical with different word orders and have a similarity
of 1 (cosine similarity does not care about the order of words/dimensions)

S0, S3: Have a relatively high similarity measure as they share almost all
words, and S3 has two additional words

S0, S4: Have relatively low similarity measure due to the fact that they do not
share except one word.

S0, S5: Have a relatively high similarity measure as they share almost all
words, and S3 has two additional words. But they have the opposite meaning.
Only one word can negative the meaning and the cosine similarity measure
will think they are similar. Actually the two sentences are similar from lexical
point of view but have different meanings.

S0, S6: Orthogonal sentences where the similarity between them is zero

because the there is no common dimensions (words).
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3.3.7 Feature 7: Number of Infinitives

Number of Infinitives is the normalized number of infinitives in a sentence per
document. Infinitives are words that give the same functionality as the verbs by

indicating actions but without the time dimension.

3.3.8 Feature 8: Number of Verbs

Number of Verbs is the normalized number of verbs in a sentence per document.

Verbs are actions that could be in the past, future, present or order.

3.3.9 Feature 9: Number of Identified

Number of Identified is the normalized number of identified words in a sentence per

document.

3.3.10 Feature 10;: Number of "Marfoa'at"

The normalized number of "Marfoa'at" words in a sentence per document.
These are the words that come as a beginning in a noun sentence or as the doer or

actor in a verbal sentence.

Features 7 to 10 are extracted by using the Part of Speech tagging (Attia 2005).
However we found that this implementation has limitations for extracting Number of
Identified and Number of "Marfoa'at”, it extracts the most common but not all the
cases.

After normalization, these features are converted into discrete six levels from zero to

five in order to simplify the Bayesian classifier.

3.3.11 Feature 11: Includes Digit

A binary feature equals 1 if the sentence includes a digit and 0 otherwise. The

digit could represent for example money, date, quantity or address.

The following tables show the POS for sentences. In some cases the POS could not

correctly tag words.
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Table 3.13: POS tags example 1

Lo ll) b I sV g a5 gy e 15y

3= 5

dosla)) 4l ) ol

R3F

Table 3.14: POS tags example 2

DAL Ay O3 g Al Oluasd sde oL

S

[SEENY

Table 3.14 shows that the POS did not recognize a word as Marfoa'at.
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Table 3.15: POS tags example 3

S S @ el s (,_g.; Ay sl Jadll 5535 & ozl
0 Correct -
Infinitives Wrong 3
2 Correct & sl — o el
Verbs2 T — -
0 Correct -
Marfoa'at Wrong LS — 543,
5 Correct A = sl —r-@-\ - oWl - edll
Identified Wrong 5955

Table 3.15 shows that the POS did not recognize two words as Marfoa'at and one
word as identified.
Table 3.16: POS tags example 4

DL e @558 s 5 pgin S By 8 O 58y bl Y1 el O34 £
sled) 3 ay 4l
1 Correct a3 ga
Infinitives Wrong ~
3 Correct G 58 gy 9 O smdldy — O 9l
Verbs2 T -
3 Correct 4 58 s g T O gadlly — O 9l
Marfo'at Wrong ~
s Correct sl = 2y 4l — wliladl — Guld WY - Glall
Identified - - S

Table 3.16 shows that the POS did not recognize an identified word.
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3.4 The Classifiers

In order to decide whether a sentence is in summary or out of summary classes
given its feature vector, we used two supervised classification methods, the Bayesian
classification and Genetic Programming (GP) classification as standalone methods.

Then we combined both of them in an optimized way to get better results.

3.4.1 Bayesian Theorem

According to (Tom M. Mitchell 1997); in machine learning we are often
interested in determining the best hypothesis from some space H, given the observed
training data D. One way to specify what we mean by the best hypothesis is to say
that we need to know the most probable hypothesis, given the data D plus any initial
knowledge about the prior probabilities of the various hypotheses in H. Bayes
theorem provides a direct and simple method for calculating such probabilities. More
precisely, Bayes theorem provides a way to calculate the probability of a hypothesis
based on its prior probability, the probabilities of observing various data (training
data) given the hypothesis, and the observed data itself.

Bayes theorem is the cornerstone of Bayesian learning methods because it provides a
way to calculate the posterior probability P(h\D), from the prior probability P(h),
together with P(D) and P(D\h).

P(D[h)P(h)
P(D)

P(h|D)= 3.1

As one might intuitively expect, P(h\D) increases with P(h) and with P(D\h)
according to Bayes theorem. It is also reasonable to see that P(h\D) decreases as P(D)
increases, because the more probable it is that D will be observed independent of h,
the less evidence D provides in support of h.

3.4.1.1 Maximum a posteriori (MAP)

In many learning scenarios, the learner considers some set of candidate
hypotheses H and is interested in finding the most probable hypothesis he H given

the observed data D. Any such maximally probable hypothesis is called a maximum a
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posteriori (MAP) hypothesis. We can determine the MAP hypotheses by using Bayes

theorem to calculate a posterior probability of each candidate hypothesis.

hMAP = al’g MaX P(h\ D) 3.2

heH

P(D\h)P(h)
P(D)

hMAP = arg maX 3.3

heH

Then we can drop the term P(D) because it is a constant independent of h.

hMAP = arg MaX P(D \ h)P(h) 3.4

heH

3.4.1.2 Maximum Likelihood (ML)

In some cases, we will assume that every hypothesis in H is equally probable a
priori
P(h,) =P(h)) For all hi, hjin H
In this case we can further simplify the equation and need only consider the term
P(D\nh) to find the most probable hypothesis. P(D\h) is often called the likelihood of
the data D given h, and any hypothesis that maximizes P(D\h) is called a maximum
likelihood (ML) hypothesis.

B :arg Max P(D\h) 3.5

heH

3.4.1.3 Naive Bayesian Classification

One highly practical Bayesian learning method is the naive Bayesian classifier. In
some domains its performance has been shown to be comparable to that of neural
network and decision tree learning. The naive Bayesian classifier applies to learning
tasks where each instance " x " is described by a conjunction of attribute values and
where the target function f ( x ) can take on any value from some finite set C. A set of

training examples of the target function is provided, and a new instance is presented,

46



described by the vector of attribute values (vi,v2, ...,vn). The classifier is asked to
predict the target value, or classification, for this new instance. The Bayesian
approach to classifying the new instance is to assign the most probable target value,
given the vector (vi,v2, ...,vn) that describe the instance.

Char = arg max P(Ci \Vl,V2...Vn) 3.6

c;eC

P(v,,V,,..v, \c,)P(c,)
P(v,,V,,..v,)

CMAP =arg maX 3.7

c;eC
Cuse =argMmax P(vy,v,...v, \¢)P(c;) 3.8
c;eC

P(c;)

It is easy to estimate each of the simply by counting the frequency with which

C

each target value ™ occurs in the training data. On the other hand, estimating

P(V1.V2.-Va \C) requires very large training data set to see every instance and hence

can get reliable estimates.

The naive Bayesian classifier is based on the simplifying assumption that the attribute
values are conditionally independent given the target value. The assumption is that
given the target value of the instance, the probability of observing the conjunction

(vi,v2, ...,vn) is just the product of the probabilities for the individual attributes.

Cw =argmax P(c)] [P \c) 3.9

c;eC i
This results in the number of distinct P(v; \ c;) terms that must be estimated from
the training data is just the number of distinct attribute values times the number of

distinct target values-a much smaller number than if we were to estimate the

P(v,,v,,..v, \c;) terms as first contemplated. One interesting difference between the

naive Bayesian classification method and other learning methods is that there is no
explicit search through the space of possible hypotheses (in this case, the space of
possible hypotheses is the space of possible values that can be assigned to the various

P(c,) and P(v; \c;) terms). Instead, the hypothesis is formed without searching,

simply by counting the frequency of various data combinations within the training

examples.
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3.4.1.4 Estimating Probabilities

In some cases when computing the term Pvi\c)

simply by counting, the
results could be biased underestimated or even zero. To avoid this difficulty we can
adopt a Bayesian approach to estimating the probability, using the m-estimate defined

as follows:

r-]Counted + mp
ntotal +m

3.10

Where p is our prior estimate of the probability we wish to determine, and m is a
constant called the equivalent sample size, which determines how heavily to weight p
relative to the observed data. A typical method for choosing p in the absence of other
information is to assume uniform priors; that is, if an attribute has k possible values
we set p = 1/k. The reason m is called the equivalent sample size is that the formula
can be interpreted as augmenting the n actual observations by an additional m virtual

samples distributed according to p.

3.4.1.5 Strengths of naive Bayesian classifier

The naive Bayesian classifier is a Bayesian learning method that has been
found to be useful in many practical applications. It is called "naive" because it
incorporates the simplifying assumption that attribute values are conditionally
independent, given the classification of the instance. When this assumption is met, the
naive Bayesian classifier outputs the MAP classification. Even when this assumption
is not met, as in the case of learning to classify text, the naive Bayesian classifier is
often quite effective.

Many of the basic notions of Bayesian classifiers and least-squared error classifiers
are discussed by (Duda and Hart 1973). (Domingos and Pazzani 1996) provided an
analysis of conditions under which naive Bayesian will output optimal classifications,
even when its independence assumption is violated (the key here is that there are
conditions under which it will output optimal classifications even when the associated
posterior probability estimates are incorrect). (Cestnik 1990) provides a discussion of
using the m-estimate to estimate probabilities. Experimental results comparing
various Bayesian approaches to decision tree learning and other algorithms can be
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found in (Michie et al. 1994). (Chauvin and Rumelhart 1995) provided a Bayesian

analysis of neural network learning based on the Back Propagation Algorithm.

3.4.1.6 Applied to Text Summarization

A Bayesian classifier classifies each sentence to be in summary or out of
summary classes based on its feature vector and a training corpus. For each sentence

the probability that will be included in summary can be computed as follows:

P(s €S V.V, V) = PV, Yy lSeS)P(seS)

P(V,,V,..V )

Where s is the sentence, S is the Summary class, V is the feature vector and n is the

number of features. Assuming that features are statistically independent:

[T.PWViIseS)P(ses)
[1.PM)

P(seS|V,V,..V,) = 3.12

P(V,|seS) and P(s eS)can be estimated directly from the training corpus. P(V,) is

a normalization factor so, the sentence is classified into summary class if the

following condition is fulfilled:
[T.PViIseS)P(seS)>]] PV IseNS)P(seNS)+a  3.13

Where NS is the non summary class, and « is a safety threshold or confidence score
typically equals to zero. Positive a will produce less sentences in summary class with
increased precision, however negative a will produce more sentences in summary

class with increased recall. In this thesis we used o equals to zero.

3.4.2 Genetic Programming classifier

Genetic Programming (GP) is automated learning of computer programs. One
of the central challenges of computer science is to get a computer to do what needs to
be done, without telling it how to do it. Genetic programming addresses this challenge
by providing a method for automatically creating a working computer program from a
high-level problem statement of the problem. Genetic programming achieves this goal
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of automatic programming (also sometimes called program synthesis or program
induction) by genetically breeding a population of computer programs using the

principles of Darwinian natural selection and biologically inspired operations.

3.4.2.1 Genetic Algorithms
Originally, Genetic Algorithms (GA) learning is inspired by the theory of

evolution. Basically the problem is represented by genes. Traditionally, solutions are
represented in binary as strings of 0s and 1s, but other encodings are also possible.
The first population of genes is initialized and then applying mutation and cross-over
operators on the current population results in a new population. A fitness function is
used to evaluate how an individual fits and optimizes the problem. The new
generation is then used in the next iteration. Commonly, the algorithm terminates
when either a maximum number of generations has been produced, or a satisfactory
fitness level has been reached for the population. If the algorithm has terminated due
to a maximum number of generations, a satisfactory solution may or may not have
been reached. Once we have the genetic representation and the fitness function
defined, GA proceeds to initialize a population of solutions randomly and then
improve it through repetitive application of mutation, crossover and selection
operators.

Initially many individual solutions are randomly generated to form an initial
population. The population size depends on the nature of the problem, but typically
contains several hundreds or thousands of possible solutions. Traditionally, the
population is generated randomly, covering the entire range of possible solutions (the
search space).

During each successive generation, a proportion of the existing population is selected
to breed a new generation. Individual solutions are selected through a fitness-based
process, where fitter solutions (as measured by a fitness function) are typically more
likely to be selected. Certain selection methods rate the fitness of each solution and
preferentially select the best solutions. Other methods rate only a random sample of
the population, as this process may be very time-consuming. Most functions are
stochastic and designed so that a small proportion of less fit solutions are selected.
This helps keep the diversity of the population large, preventing premature

convergence on poor solutions.
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There are many different techniques which a genetic algorithm can use to select the

individuals to be copied over into the next generation, listed below are some of the

most common methods. Some of these methods can be used in combination.

Elitist selection: The fittest members of each generation are guaranteed to be
selected. (Most GAs do not use pure elitism, but instead use a modified form
where the single best, or a few of the best, individuals from each generation
are copied into the next generation to increase diversity and give a chance to
others to contribute)

Roulette-wheel selection: More fit individuals are more likely, but not certain,
to be selected. The chance of an individual's being selected is proportional to
the amount by which its fitness is greater or less than its competitors' fitness.
Conceptually, this can be represented as a game of roulette - each individual
gets a slice of the wheel, but more fit ones get larger slices than less fit ones.
The wheel is then spun, and whichever individual "owns" the section on which
it lands each time is chosen.

Tournament selection: It is not based on competition within the full
generation, instead in a subset of the population. Subsets of individuals are
chosen randomly from the larger population, and members of each subset
compete against each other. Only one individual from each subset is chosen to
reproduce. The size of the tournament gives the researchers the opportunity to
adjust the selection pressure. A small tournament size causes a low selection
pressure, and a large tournament size causes a high pressure. Tournament
selection has recently become a main method for selection because it does not
require a centralized fitness comparison between all individuals. It also
provides an easy way to parallelize the algorithm

Rank selection: Each individual in the population is assigned a numerical rank
based on its fitness, and selection is based on this ranking rather than absolute
difference in fitness. Mainly, linear and exponential ranking are used. The
advantage of this method is that it can prevent very fit individuals from
gaining dominance early at the expense of less fit ones, which would reduce
the population's genetic diversity and might hinder attempts to find an

acceptable solution.
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e Scaling selection: As the average fitness of the population increases, the
strength of the selective pressure also increases and the fitness function
becomes more discriminating. This method can be helpful in making the best
selection later on when all individuals have relatively high fitness and only
small differences in fitness distinguish one from another.

e Generational selection: The offspring of the individuals selected from each
generation become the entire next generation. No individuals are retained
between generations.

e Hierarchical selection: Individuals go through multiple rounds of selection
each generation. Lower-level evaluations are faster and less discriminating,
while those that survive to higher levels are evaluated more rigorously. The
advantage of this method is that it reduces overall computation time by using
faster, less selective evaluation to weed out the majority of individuals that
show little or no promise, and only subjecting those who survive this initial
test to more rigorous and more computationally expensive fitness evaluation.

The next step is to generate a second generation population of solutions from those
selected through genetic operators: crossover and/or mutation. For each new solution
to be produced, a pair of "parent” solutions is selected for breeding from the pool
selected previously. By producing a “child" solution using the above methods of
crossover and mutation, a new solution is created which typically shares many of the
characteristics of its "parents”. New parents are selected for each child, and the
process continues until a new population of solutions of appropriate size is generated.
These processes result in the next generation population of chromosomes that is
different from the initial generation. Generally the average fitness will have increased
by this procedure for the population, since only the best organisms from the first
generation are selected for breeding, along with a small proportion of less fit

solutions, for diversity reasons.

3.4.2.2 Pseudo-code algorithm

1. Generate initial population
2. Evaluate the fitness of each individual in the population
3. Repeat

1. Select best-ranking individuals to reproduce later

2. Breed new generation through crossover and mutation
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3. Evaluate the individual fitness of the offspring
4. Replace worst ranked part of population with offspring

4. Until termination

3.4.3 Genetic Programming

Genetic Programming (GP) represents a problem as the set of all possible

computer programs. A program is represented in a gene where GP uses cross-over and
mutation as the transformation operators to change candidate solutions (programs)
into new candidate solutions. GP uses a beam search where the population size
constitutes the size of the beam and where the fitness function serves as the evaluation
metric to choose which candidate solutions are kept and not discarded. Typically, a
program can have a tree or linear structures. GP was used successfully in many fields
for example, financial market, image processing, optimization, signal processing and
pattern recognition.
In his book (Holland 1975), Holland mentioned Atrtificial intelligence (Al) as one of
the main motivators for the creation of genetic algorithms GA. He did not experiment
the direct use of GA to evolve programs. Two researchers, (Cramer 1985) and (Koza
1989) suggested that a tree structure should be used in a program generation in a
genome. Koza however was the first to recognize the importance of the GP and
demonstrated its feasibility for automatic programming in general. In Koza, 1989 he
provided evidence in the form of several problems from five different areas. In his
book, (Koza 1992) he sparked the rapid growth of GP.

3.4.3.1 Preparation Phase

The basic steps for preparing the genetic programming require the user to specify the

following:

1 Set of terminals for example the independent variables of the problem and
random constants

2  Set of primitive functions.

3 Fitness measure for measuring the fitness of individuals in the population

4  Certain parameters for controlling the run for example cross over and mutation
ratios.

5 Termination conditions for example certain time period, certain fitness and/or

number of generations.
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The identification of the function set and terminal set for a particular problem or
category of problems is usually a straightforward process. For some problems, the
function set may consist of merely the arithmetic functions of addition, subtraction,
multiplication, and division as well as a conditional branching operator. The terminal
set may consist of the program’s external inputs (independent variables) and
numerical constants. This function set and terminal set is useful for a wide variety of
problems.

The third preparatory step concerns the fitness measure for the problem. The fitness
measure specifies what needs to be done. The fitness measure is the primary
mechanism for communicating the high-level statement of the problem’s
requirements to the genetic programming system. For example, if the goal is to
classify certain observations into certain classes, the fitness function is the mechanism
for telling the genetic programming to find the classification boundaries that will
classify the testing data with minimum miss-classification and maximum
generalization. The first two preparatory steps define the search space whereas the
fitness measure implicitly specifies the search’s desired goal.

The fourth and fifth preparatory steps are administrative. The fourth preparatory step
entails specifying the control parameters for the run. The most important control
parameter is the population size. In practice, the user may choose a population size
that will produce a reasonably large number of generations in the amount of computer
time we are willing to devote to a problem. Other control parameters include the
probabilities of performing the genetic operations, the maximum size for programs,
and other details of the run. The fifth preparatory step consists of specifying the
termination criterion and the method of designating the result of the run. The
termination criterion may include a maximum number of generations to be run as well
as a problem-specific success predicate. In practice, one may manually monitor and
manually terminate the run when the values of fitness for numerous successive best-
of-generation individuals appear to have reached. The single best-so-far individual is

then harvested and designated as the result of the run.

3.4.3.2 Execution Phase

As Genetic Algorithms, Genetic Programming typically starts with a
population of randomly generated computer programs composed of the available

programmatic ingredients. Genetic programming iteratively transforms a population
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of computer programs into a new generation of the population by applying naturally
occurring genetic operations such as cross over and mutations. These operations are
applied to individuals selected from the population. The individuals are
probabilistically selected to participate in the genetic operations based on their fitness
as measured by the fitness measure provided by the human user in the preparation
phase). The iterative transformation of the population is executed inside the main

generational loop of the run of genetic programming.

3.4.3.2.1 Generational genetic programming algorithm

Traditionally, genetic programming uses a generational evolutionary algorithm. In
generational genetic programming, there exist well defined and distinct generations.
Each generation is represented by a complete population of individuals. The newer
population is created and then replaces the older population. The execution phase
basically includes the following steps:
1. Initialize the population by randomly creating individuals of computer
programs composed of the available functions and terminals.
2. Evaluate the individual programs in the existing population. Assign a
numerical rating or fitness to each individual.
3. Until the new population is fully populated, repeat the following steps:
a. Select an individual or individuals in the population using
selection policy.
b. Perform genetic operation on the selected individual or
individuals.

i. Reproduction: Copy the selected individual program to
the new population.

ii. Crossover: Create new offspring programs for the new
population by recombining randomly chosen parts from
two selected programs.

iii. Mutation: Create one new offspring program for the
new population by randomly mutating a randomly
chosen part of one selected program.

c. Insert the result of the genetic operations into the new

population.
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4. If the termination criterion is fulfilled, then continue. Otherwise,
replace the existing population with the new population and repeat
steps 2 to 4.

5. After the termination criterion is satisfied, the single best program in
the population produced during the run (the best-so-far individual) is
harvested and designated as the result of the run. If the run is
successful, the result may be a solution or approximate solution to the

problem.

Figure 3.5 illustrates the basic steps in a flow-chart diagram.
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Figure 3.5: Genetic Programming basic steps flow-chart
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3.4.3.2.2 Steady-State genetic programming algorithm

The steady state or tournament selection model is the principal of alternative to
generational GP. In this approach there are no fixed generation intervals. Instead,
there is a continuous flow of individuals meeting and producing offspring. The
offspring replace existing individuals in the same population. The method is simple to
implement and has advantage of the ability to be parallelized. The execution phase
basically includes the following steps:
1. Initialize the population.
2. Randomly choose a subset of the population to take part in the
tournament (the competitors).
Evaluate the fitness value of each competitor in the tournament.
4. Select the winner or winners from the competitors in the tournament
using a selection policy.
5. Apply the genetic operators to the winner or winners of the
tournament.
6. Replace the losers in the tournament with the results of the application
of the genetic operators to the winners of the tournament.
7. Repeat steps 2 to 7 until the termination condition is met.
8. Choose the best individual in the population as the output from the
algorithm.
The approach is called steady-state because the genetic operates are applied
asynchronously and there is no centralized mechanism for explicit generations.
Experiments and detailed references on generational verses steady-state GP are found
in (Kinnear 1993).

3.4.3.3 Mutation and crossover in tree-based case

Tree-based cross over is described in figure 3.6. Tree-based crossover proceeds by the
following steps:
e Choose two individuals as parents, based on selection policy (for example
fitness-proportional).
e Select a random sub-tree in each parent. (In the figure the selected sub tress

appears in bold).
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e Swap the selected sub-tress between the two parents. The resulting individuals
are the children.

Crossover Operation
with Different Parents
3 Parents

Figure 3.6: Tree crossover

a)Parents before crossover b)Childeren after crossover

When an individual has been selected for mutation, one type of mutation operator in
GP tree selects a point in the tree randomly and replaces the existing sub tree at that
point with a new randomly generated sub-tree. The altered individual is then placed

back into the population. Figure 3.7 illustrates an example of mutation operator in a
tree-based case.
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Mutation

) Original Individual

by Mutated Individusl ) Mutated Individusl

Figure 3.7: Tree mutation

a)Individual before mutation b) Mutationat node level ¢) Mutation by generating subtree randomly

3.4.3.4 Mutation and crossover in linear case

In linear GP, mutation is different. When an individual is selected for mutation, the
mutation operator first selects on instruction form that individual. It then makes one or
more changes in that instruction. The type of the change is chosen randomly, for
example:

e A constant may be changed to another randomly chosen constant

e The operator in the instruction may be changed to another operator

If the following instruction is chosen for mutation:

lh=rn+r
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The result could be one of the following:
nL=r+r,
r,=r,+,

,=r —r,
Tree mutation alters nodes where linear mutation alters instruction.
Linear crossover is implemented by swapping linear segments of code between two

parents.

Linear crossover is shown in the figure 3.8.

Parent 1 Parent 2
Header Header
1 A
2 ‘\ B
3 Swap i C
4 D
5 E
Footer Footer
Return Return
Child 1 Child 2
Header Header
1 A
c B
D 2
E 3

4 Footer
5 Return
Footer
Return

Figure 3.8: Linear crossover
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The basic steps of the linear cross over are as follows:

Choose two individuals as parents based on selecting policy

Select a random sequence of instructions in each parent. As in the figure, the
selected instructions are bold

Swap the selected sequences between the two parents. The resulting

individuals are children.

The crossover is either Homologous or Non-Homologous. Usually crossovers in

Genetic Programming occur between Instruction Blocks. Basically there are two

methodologies:

Homologous Crossover: In Homologous Crossover, the tool selects a sequence
of Instruction Blocks from one of the parent programs. The position and
length of the Instruction Block are chosen randomly. This sequence of
Instruction Blocks is then swapped with a sequence of Instruction Blocks from
the other parent program with the same position and length. In other words,
Homologous Crossover maintains the position of the swapped code in the two
parent programs even though the code is swapped between the two parents.

Non-Homologous Crossover: In Non-Homologous Crossover, the tool selects
a sequence of Instruction Blocks from one of the parent programs. The
position and length of the Instruction Block are chosen randomly. Call this
sequence of Instruction Blocks, “Sequence 1." Then the tool selects a
sequence of Instruction Blocks from the other parent program. The position
and length of the Instruction Block are chosen randomly. Call this sequence of
Instruction Blocks, "Sequence 2." Sequence 2 then replaces Sequence 1 in the
first parent program. Sequence 1 replaces Sequence 2 in the second parent
program. Non-Homologous crossover can change the length of either or both

of the parent programs.

For more information about genetic programming the reader may refer to
http://genetic-programming.com.

61


http://genetic-programming.com/

3.4.3.5 Discipulus: The Genetic Programming Tool

In this thesis we selected to use the Discipulus' GP system. Discipulus is
considered the world’s first and fastest commercial Genetic Programming system. It
writes computer programs automatically in Java, C, and Intel assembler code.
Discipulus builds two types of models, Regression models and Classification models.
We used the downloadable free version with default and recommended values for

cross-over and mutation rates when running the tool for classification.

3.4.3.5.1 Discipulus: Basic Genetic Programming Parameters

e Population Size:

The population size parameter sets the number of programs in the population that
Discipulus will evolve. There is no upper limit on population size in the program. The
maximum size population we may use will be determined by the amount of RAM on
the computer and the maximum length of the programs in the population. Generally
speaking, a run will take longer with a larger population. But, also, a larger population
can solve more difficult problems. One of the big advantages of Discipulus over other
learning systems is that Discipulus is fast enough to evolve very large populations in
realistic time frames. Populations of 500,000 have been successfully evolved on
desktop PC’s that have 256 Megabytes of RAM. This is a very large population by
Genetic Programming standards. However, before we use huge populations, we
should try much smaller populations because Discipulus may solve difficult problems
with populations of 100 to 1000. The tool enables us to access and change this

parameter easily.

e Mutation Rate:

Mutation is one of the principal "search operators™ used to transform programs in
the Genetic Programming algorithm. Mutation causes random changes in programs
from the population that has won a tournament. The "Mutation Frequency" parameter
sets the overall probability of mutation of the programs that have been selected as
winners in a tournament by Discipulus. Once the overall mutation rate is set, the

particulars of the application of the mutation operator are controlled by other

! http://www.aimlearning.com
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parameters. The allowable range for the Mutation Frequency parameter is 0% to
100%. Although most genetic programming systems use a very low mutation rate, the
tool recommends a much higher mutation rate. The tool uses a "Mutation Frequency"
setting of 90% on many of our runs.
Note: The mutation operator is applied by the tool probabilistically to all programs
who have won tournaments. Thus, it is applied regardless whether a tournament
winner has also been selected for crossover. The tool enables us to access this
parameter easily.
o Block Mutation: The tool keeps its instructions inside of Instruction
Blocks that are 32 bits in length. In Block Mutation, the tool replaces
an entire Instruction Block with a new randomly generated Instruction
Block.
o Instruction Mutation: The tool replaces an existing instruction with a
new, randomly chosen instruction of the same length.
o Data Mutation: The tool modifies an existing instruction by leaving the
existing operator intact but changing one of the terminals to a

randomly selected terminal.

e Crossover Rate:
Like mutation, crossover is one of the principal "search operators™ used in genetic
programming to transform programs in the population. Crossover operates by
exchanging sequences of instructions between two tournament winners. The result of
that exchange produces two offspring that are then inserted into the population in
place of the losers in the tournament. The "Crossover Frequency" parameter sets the
overall probability that crossover will occur between the two winners in a tournament.
The allowable range for this parameter is 0% to 100%. Although most genetic
programming systems use a very high crossover rate, the tool recommends a lower
crossover rate (and most other Genetic Programming systems). The tool uses a
“Crossover Frequency” setting of 50% on many of our runs. The tool enables us to

access this parameter easily.
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e Reproduction Rate:
Reproduction is also a Discipulus search operator in Genetic Programming.
Reproduction just copies a program and places the copy into the population in
addition to the original program. The reproduction rate in a run is what is left over
after the application of the crossover and mutation operators.

e Deme Parameters:

Biologists have suggested that genetic diversity is enhanced in natural populations
by the fact that natural populations of the same species may be isolated from each
other geographically. The amount of blending of genetic material among the members
of the species by crossover is, therefore, limited to migration among these isolated
locales. These isolated locales are called "Demes.” The Demes feature of Discipulus
mimics the geographic isolation of natural Demes. In Discipulus the Demes are
arranged in a circle. Movement of evolved programs among the Demes occurs only
between adjacent Demes on the circle. The tool enables us to access this parameter
easily.

"Number of Demes" parameter determines the number of Demes into which the
Genetic Programming Population is divided. It is recommended to choose this number
so that each Deme, by itself, has enough programs in it to engage in useful evolution.
Populations of fifty to one-hundred programs per Deme probably represent the lower
useful size of each Deme.

Crossover Percentage between Demes: Ordinarily, crossover occurs between
programs in the same Deme. But Discipulus can also perform crossover between
programs in adjacent Demes. The "Crossover Percentage between Demes" parameter
sets the percent of tournaments that will result in crossover between programs in
adjacent Demes. When a tournament has been selected for crossover between Demes,
Discipulus takes the following steps:

o A Deme is selected at random;

o One of the two adjacent Demes is selected at random;

o Two programs are chosen from each of the selected Demes and the
better program from each Deme is selected for crossover;

o The selected programs from each Deme are crossed over. The

offspring of this crossover replace the two losers in the tournament.
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This parameter can take any value from 0 to 100%. Generally speaking, it is
recommended to start a demes setup with no crossover and low migration rates —
migration on the order of 1% seems to work well. On the other hand setting the
migration rate too high, it effectively cancels out the effect of having separate Demes.
Migration Rate Between Demes: Ordinarily, programs and their offspring stay
in the same Deme. But the tool can cause them to migrate between adjacent Demes.
The "Migration Rate between Demes" parameter sets the percent of tournaments that
result in migration of programs between adjacent Demes. When a tournament has
been selected for migration, the tool performs the following steps:
o A Deme is selected at random;
o One of the two adjacent Demes is selected at random;
o Two programs are chosen randomly from each of the selected Demes.
The better program from each Deme replaces the worse program from
the other Deme.
This parameter can take any value from 0 to 100%. A low value, from 0.1% to 10% is
recommended. Generally speaking, you should start a demes setup with no crossover
and low migration rates — migration on the order of 1% seems to work well. By
setting the migration rate too high, it effectively cancels out the effect of having
separate Demes.
e Fitness in Classification Problems:
Generally speaking, Discipulus calculates the fitness of evolved programs by
determining how closely the outputs of the evolved program and the target outputs in
the training data match up. The closer the match, the fitter the evolved program. But
unlike function fitting problems, classification problems are hard to solve well using a
simple error based measurement of the closeness of fit. The reason for this is that we
are not looking for a “function” when you run classification problems. Instead, you
are looking for high accuracy of classification — that is, a high “hit-rate.”
e The Function Set:
The function set for a run is comprised of all operators that we configure the
tool to use in evolving programs. We used the following:
o Addition
o Subtraction

o Multiplication
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o Square Root

o Comparison

o Absolute Value
o Logarithm

e The Terminal Set:
By itself, an operator from the function set (such as addition) is useless. An addition
operator must have values to add together and a place to put the sum. The function set
operators, therefore, cannot act alone. They must have values to operate upon. You
will use four different types of terminals in Discipulus programs:

o Input files that contain the training data.

o Constants: Making constants available to Discipulus during evolution
usually helps evolving good solutions. We can control how many and
which constants are available (The default is 39 randomly assigned
from -1to 1)

o Temporary Computation Variables: Like human programmers,
Discipulus uses temporary computation variables to store values short
term, while it performs calculations. We can control how many
temporary computation variables are available to Discipulus. (The
default is 2 variables)

o Conditional Flags. Discipulus has the ability to evolve if-then type
structures by using the Comparison and Conditional Branching type
instructions from the function set. If such instructions are included in
the function set, the evolved program uses a "cflag” (conditional flag)
variable. Cflag variables hold true or false values depending on the
result of a Comparison operator. The Conditional Branching operators
then read the value in cflag to determine what step to take. If
Comparison and Conditional Branching Operators in the function set
were used, the proper use of the cflag variable is configured
automatically.
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3.5 The Dual Classification System

There are many classifier combination topologies. Broadly speaking, there are
the parallel (horizontal) and the sequential (cascading) combination methods. We
selected an optimized and simple way for combining the two classifiers to get better

results as follows:

3.5.1 Bayesian Classifier Union (OR) GP Classifier

Consider sentence in summary if any classifier agrees.

Class =Class UClass,

Bayesian eneticProgramming 3.14

The method is expected to produce relatively large summaries as it selects a sentence
if any of the classifiers select as in summary class. This will increase the coverage of
the output summary making it useful for informative summaries where the user needs
to grasp most of the information of the original document. However this may produce

un-needed sentences in the output summary.

3.5.2 Bayesian Classifier Intersection (AND) GP Classifier

Consider sentence in summary if and only if both classifiers agree.

Class = Class N Class,

Bayesian eneticProgramming 315

The method is expected to produce relatively short summaries as it selects a sentence
if both classifiers agree to select it as in summary class. This will increase the focus of
the output summary making it useful for indicative summaries where the user needs to
quickly grasp what the original document is about. However this may not produce

some important sentences in the output summary.

3.5.3 Other methods for combination

The methods described above assume that the two classification methods are
equally waited in all conditions. This assumption may not be true. One way to deal
with this is to use another classifier beside the other two and make voting (Select the

sentence in summary class if two or hopefully the three classifiers agree). Another
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way is to use a third classifier after the two classifiers. The third classifier will take
the output of the two classifiers and tries to build a model to generate summary. We
tried this method by using a GP classifier as the third one, but the results were biased
to the original GP classifier. We could use another way of classification. This area of
using multi-classification system has many active and interesting research points. But

using multi-classification system may increase system complexity.

3.6 The Corpus

The corpus is collected from the "Ahram™ web site. Recent "Egypt" and
"Arabic Region" news were selected. The documents are transformed from HTML
format into plain text. The total corpus size is 213 documents divided into training set
(80%) and testing set (20%). The corpus is parsed into paragraphs and sentences.
Each sentence is represented into a single line to an Arabic language specialist we
called him the "reference human summarizer". Then the specialist is asked to select
(check) the most important sentences in the document. Number of the selected
sentences for each document (Compression Ratio) is left to the judgment of the
language specialist as it depends on the document. This approach should increase the
generality of the system by capturing (learning) the appropriate compression ratio.
Selected sentences are labeled as in summary class; unselected sentences are labeled
as out of summary class and features vectors are extracted for all sentences. Total
number of sentences is 4899 sentences. (Average 23 sentences per document). The

human summary size in the training set is 23.4% of the total corpus.

2 http://www.ahram.org

68


http://www.ahram.org/

3.6.1 Corpus Database

Basically, we have implemented the corpus into a database file. This increased
system corpus usability and integrity. We also used SQL queries for searching and
computing intersections between human and system summaries. There are two main
tables as follows:

e Document Table:
Contains the original document text and whether the document is in training or testing
sets.

e Sentences Table:
Contains for each document the text sentences belonging to this document. Also for
each sentence it contains all its feature vector values before and after normalization

and the manual labeling whether it is in summary or not.

There is also a one-to-many relation between the “Document Table” and “Sentences

Table” to assure corpus integrity.

3.6.2 Document Samples

Here are some samples of the collected corpus. The sentences manly selected to be in
summary are presented in bold and underlined.
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Table 3.17: Corpus Sample 1 manually labled
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Table 3.18: Corpus Sample 2 manually labled

Original Document
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Information

e Total number of sentences: 18
e Number of sentences selected manually as in summary: 4

e Manual Compression Ratio: 22.22%
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Table 3.19: Corpus Sample 3 manually labled

Original Document
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Information

e Total number of sentences: 16
e Number of sentences selected manually as in summary: 3

o Manual Compression Ratio: 18.75%
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Chapter

4 Experiments and Results
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4.1 Summary Evaluation

Classification approach for generating automatic summaries makes it easier for
evaluating extractive summaries. Three important measures are commonly used,
precision, recall and F-measure for example (Steve et al. 2002) and (Gong and Liu
2001). Precision is a measure of how much of information that the system returned is
correct.

Precession = Number of system correct summary sentences / Number of system

summary sentences

Recall is a measure of the coverage of the system.
Recall = Number of system correct summary sentences / Number of human summary

sentences

Usually Recall and Precision are antagonistic to one another. A system strives for
coverage will get lower precision and a system strives for precision will get lower
recall.

F-measure balances recall and precision using a parameter . The F-measure is

defined as follows:

(B% +1)PR
B?P +R

4.1

When B is one, Precision P and Recall R are given equal weight. When [ is greater
than one, Precision is favored, when [ is less than one, recall is favored. In the

following experiments 3 equals one.

F-Measure/summary size: Our target is to have large F-measure and at the same time
produce a reasonable small summary size. The (F-Measure/summary size) ratio is

important when comparing systems.
Table 4.1 shows the result when using all the eleven features for the Bayesian

classification and GP classification as independent systems and also when integrated.

The GP is calculated after about 9.7 million programs experiments.
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Table 4.1: Eleven Features Classification Results

System Recall Precision | F.Measure | Summary Size
Bayesian | 0.711 0.489 0.579 33.99%
GP 0.479 |0.716 0.574 15.61%
AND 0.464 |0.721 0.565 15.06%
OR 0.725 | 0.490 0.585 34.55%

4.2 Features reduction

After studying the probability distribution for each feature independently across
summary and out of summary classes based on Figure-1 (Bowman and Azzalini
1997), we found that some of the features are not discriminative due to overlapping
across the classes while other features are promising. Guided by these experiments we
are able to categorize the features into groups depending on its discrimination
strength. According to the annotated corpus, the following features seem to be not
discriminative (weak):

e Feature 3: Sentence Absolute Position

e Feature 10: Number of "Marfoa'at"

e Feature 11: Includes Digit

On the other hand, the following features supposed to be discriminative (strong):
e Feature 1: Sentence Weight
e Feature 2: Sentence Length

e Feature 6: Sentence Similarity

However, the following features are in between (Intermediate):

e Feature 4: Sentence Paragraph Position

Feature 5: Sentence Paragraph Length

Feature 7: Number of Infinitives

Feature 8: Number of Verbs

Feature 9: Number of Identified
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Figure 4.1 shows probability distributions for each feature independently over the

summary and out of summary classes.
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Feature 8: Sentence Number of Verbs probability distribution
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Figure 4.1: Features Probability Distributions
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In the following experiments and guided by probabilities distributions we gradually
removed features and observed the system outputs and results using Bayesian

classification. The results are presented in table 4.2

Table 4.2: Feature Reduction effect

- Summary
Features Recall | Precision | F.Measure .
Size
Lot 0.711 | 0.489 0579 | 33.99%
(11 Features)
1208947 0.716 | 0.490 0582 | 34.11%
(8 Features)
1208841 0.730 | 0487 0584 | 34.99%
(7 Features)
12689 0.720 | 0476 0574 | 35.33%
(5 Features)
126 0.659 | 0.496 0566 | 31.01%
(3 Features)
1,2

0.559 0.529 0.544 24.7%

(2 Features)
2

(1 Feature)
1

(1 Feature)

0.265 0.609 0.370 10.19%

0.479 0.706 0.515 20.04%

This experiment shows that by removing weak features and using only eight features
we have F-Measure of 0.582 which is even better that using all of the features. By
removing intermediate features gradually the system results is slightly decreased.
Accordingly, by using only 3 strong features we have F-Measure of 0.566. Finally by
using only the sentence length feature we have a relativity high precision of 0.706 and
F-Measure of 0.515. The best recall was 0.73 (7 features), the best precision was
0.706 (1 feature) and the best F-Measure was 0.584 (7 features).

To improve the seven features experiment above (Best F-Measure), we considered the
correlation between features. We found for example there is a high correlation
between Sentence Length and Sentence Weight features (0.867) which means that in
this specific corpus and domain, long sentences tend to contain frequently used words
(non-stop words). Also the correlation between Sentence Length and Number of
Identified features is (0.808). On the other hand there was a low correlation between

Sentence Paragraph Position and Number of Verbs (0.018) and Number of Infinitives
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(0.023). By eliminating highly correlated features and keeping strong features this
will decrease system dimensionality while preserving accuracy. The selected five

features are:

e Feature 2: Sentence Length

e Feature 4: Sentence Paragraph Position
e Feature 6: Sentence Similarity (New)

e Feature 7: Number of Infinitives (New)

e Feature 8: Number of Verbs (New)

This reduction saved more than 50% of total processing time compared with the usage

of the whole eleven features.

4.3 Classifiers Combination

The following tables show samples of summarization results using only five features.
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Table 4.3: Five Features Classification sample 1

Original Document (Human selected Sentences)
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Information

e Total number of sentences: 18
o Number of sentences selected manually as in summary: 5

e Manual Compression Ratio: 27.78%
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Table 4.3: Five Features Classification sample 1 (continue)
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Table 4.3: Five Features Classification sample 1 (continue)
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Table 4.4: Five Features Classification sample 2

Original Document (Human selected Sentences)
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Information

e Total number of sentences: 18
o Number of sentences selected manually as in summary: 4

e Manual Compression Ratio: 22.22%
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Table 4.4: Five Features Classification sample 2 (continue)
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Table 4.4: Five Features Classification sample 2 (continue)
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Table 4.5 shows the results when using the selected five features by the Bayesian, GP

and the combined classifiers results.

Table 4.5: Five Features Classification Results

- Summary :
System | Recall | Precision | F.measure : F/Size
Size

Bayesian | 0.687 0.533 0.600 30.12% 1.992
GP 0.474 0.725 0.573 15.28% 3.750
AND 0.464 0.754 0.577 14.40% 4.007
OR 0.697 0.525 0.599 31.01% 1.932

Average | 0.581 0.634 0.587 22.7% 2.92

As expected, the best recall was 0.697 using union between genetic programming and
Bayesian classifiers. The best precession also was 0.754 using the intersection
between genetic programming and Bayesian classifiers. The best F-m\Measure was
0.6 and 0.599 for the Bayesian and union systems respectively. Finally, the best F-
Measure/summary size ration was achieved using the intersection between the two
classifiers.

Table 4.6 summarizes the final results in terms of F-Measure and produced summary

size percentage.

Table 4.6: Summarized Total Results

Reference Summary
11 features 5 features
F Size F Size
Bayesian 0.579 33.99% 0.600 30.12%
GP 0.574 15.61% 0.573 15.28%
AND 0.565 15.06% 0.577 14.40%
OR 0.585 34.55% 0.599 31.01%
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As shown in the previous table, by using only five strong features the system

produces better F-Measures and even smaller summaries in almost all cases.

When controlling the size of output Bayesian summary given the probabilities of each
sentence (selecting sentences given their probabilities to be in summary), we found
that when Bayesian summary size was 15% (almost equal to GP summary size), the

results indicate that GP summary is better by about 4.1% in F-measure.
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80.00 /

70.00 Ar.._\-\ /

60.00 -._,_/

50.00 /

40.00

30.00 /

v
20.00
10.00
000 ——
f{')znz 15% | 20% | 25% | 30% | 35% | 40% | 45% | 55%
—e—Recall 2938 | 4360 53.08 | 58.77 | 68.72 | 72.99 | 75.83 | 83.41 | 91.00

—fli—Precision 7294 | 68.15 | 62.57 | 57.94 | 53.31 | 49.68 | 45.45 | 44.00 | 39.59
F-Measure | 41.89 | 53.18 57.44 | 58.35 | 60.04 | 59.12 | 56.83 | 57.61 | 55.18

Figure 4.2: Bayesian System Performance for different summary sizes

Figure 4.2 shows that when Bayesian summary size was forced to be small, as
expected, the precision was high. On the other hand, when summary size was large,
the recall was high. The best F-measure for Bayesian summary was achieved when

putting no constrains on the system output summary size.
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4.4 Comparing independent human extractive summaries and the
system

In order to understand how humans may generate different extractive
summaries for the same document, we named the main human summarizer the
"reference human summarizer". We asked two additional independent human
summarizers to extract sentences from the same testing set. Then we computed the
summary compression ratio for each one and we computed the common selected

sentences between each pair. Table 4.7 shows a comparison between summary sizes.

Table 4.7: Human Sammaries size comparision

System Summary Size
Reference Human 23.4%

Human 1 35.8%

Human 2 32.3%

Table 4.8 shows a comparison between different human summaries intersections
(common extracted sentences) percentages. For example, the intersection sentences
between "reference” and "human 1" is 47.4% relative to reference summary size (this
could be the recall of human 1 summary given reference summary, or precision of

reference summary given human 1 summary).

Table 4.8: Human Sammaries cross-evaluation comparision

Human 1 Human 2

R P F R P F Reference
0.309 | 0.474 | 0.374 0.469 0.649 0.544

R p F Human 1
0.534 0.483 0.507

The largest F-measure was 0.544 between Human 2 and the reference summaries. The
largest recall was between Human 1 and Human 2 summaries. The largest precision
was between Human 2 and the reference summaries. This also shows that human

summaries may differ in size and even the selected extracted sentences. Table 4.9
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shows the results average along with the (F-Measure/summary size) percentages for

each human.

Table 4.9: Human Sammaries average cross-evaluation

Average
R P F F/Size
Reference | 0.389 | 0.479 | 0.459 | 1.964
Human 1 0.421 | 0478 | 0441 | 1.232
Human 2 0.402 | 0.566 | 0.526 | 1.626
Average 0.404 | 0.508 | 0.475 | 1.607

Similarly, we computed the results between our system after using the intersection
and union combination methods and the human summaries. Table 4.10 shows the

results.

Table 4.10: System and Human Sammaries cross-evalaution

Human 1 Human 2
R B F R P F
Bayesian | 0.359 | 0.426 | 0.390 | 0.538 | 0.577 | 0.557
GP 0.173 | 0.405 | 0.242 ] 0.312 | 0.659 | 0.423
AND 0.167 | 0.415 | 0.238 | 0.298 | 0.669 | 0.412
OR 0.365 | 0.421 | 0.391 | 0.551 | 0.575 | 0.563

It was obvious that our system summary is closer to Human 2 than Human 1. The

results averages are shown in table 4.11.
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Table 4.11: System and Human Sammaries average comparision

Average
R P F F/Size
Bayesian 0.449 | 0502 | 0.474 | 1574
GP 0.243 | 0.532 | 0.333 | 2.179
AND 0.233 | 0.542 | 0.325 | 2.257
OR 0.458 | 0.498 | 0.477 | 1.538

System

Average 0.336 | 0.512 | 0.402 | 1.887

Reference 0.389 0.479 0.459 1.964

Human
0.404 | 0.508 | 0.475 | 1.607
Average

Figure 4.3 compares between each pair of summaries. This includes our system

(Bayesian, GP, AND, OR), reference, Human 1 and Human 2 summaries.

08 |
0.7 |
0.6 |
05 |
04 |
03 |
0.2 |
0.1 |
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[@Recall | 0.687/0.474|0.464|0.697 [0.2590.1730.167 | 0.265| 0.5280.312 | 0.298 | 0.551 0.309 | 0.469  0.534
WPrecession| 0.533/0.7250.7540.525 [0.426 | 0.405 0.415 0.421|0.577 0.659 | 0.669 0.575]0.474|0.649  0.483
(4F-Measure| 0.6 0573 0.5770.599 [ 039 |0.242/0.238 0.391{0.557 0.423 |0.412 0.563[0.374 | 0.544] 0.507

Figure 4.3: Systems pairs comparisons

The comparison shows that, generally (our system-reference) summary pair has the
largest F-Measure between all other pairs. Also (our system-Human 2) has average F-
Measure of 0.489 which is larger than (our system-Human 1) pair where the average
F-Measure of 0.315. On the other hand, the (AND-Human 1) and (GP- Human 1)
have the lowest F-Measures of 0.238, 0.242 respectively (It was expected due to the
fact that the AND-system summary size is 14.4% and GP-system summary size is

15.28% and hence there is no chance to get high recall for other human summaries).
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The (Bayesian-Human 2) and (OR-Human 2) pairs have F-Measures of 0.557, 0.563

respectively which is much better than (Human 1- Human 2), (reference-Human 1)

and (reference-Human 1) pairs. These results imply that our system exists in the area

of human performance and the difference between the system and the humans is

actually comparable to the difference between humans.

4.5 Comparing the system and the S system

We used a commercial system for summarization (referenced as the S system) to

extract sentences from the testing set. It extracts the most important sentences, taking

into consideration:

Based on Syntax and Semantic analysis
Keywords distribution, weighting, uniqueness
o Extract important Phrases (Expressions)
o Extract Named Entities (Names, Places, Organizations, Clubs, ...)
Document Categories
NLP weight: Sentence boundaries, Sentence Type.

Statistics weight: Sentence Length, Position, Title.

The average summary size was 42% which is larger than our system and all human

summaries. Then we compared the results with the other two human summaries.
Table 4.12 shows the results.

Table 4.12: S System and Human Sammaries comparision

Human 1 Human 2 Average
S R P F R P F R P F
System 0.480 | 0.408 | 0.441 | 0.524 | 0.403 | 0.456 | 0.502 | 0.406 | 0.449

In terms of precession and recall, we tested the S system against the reference

summarizer. The results as found in table 4.13
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Table 4.13: S System comparisions

Average
Humans 0.502 0.406 | 0.449 1.069
S System &
0.459 0.255 | 0.328 0.779
Reference

The results show that our system gives better results and it is more relevant to the two
human summaries and our system tends to produce smaller summaries than the S

system.

Figure 4.4 shows a comparison between the S system and our system from the

reference summarizer point of view.

0.8

0.7
0.6

0.5
0.4

0.3
0.2
0.1

Bayesian GP AND OR S

M Recall 0.687 0.474 0.464 0.697 0.459
M Precession 0.533 0.725 0.754 0.525 0.255
i F-Measure 0.6 0.573 0.577 0.599 0.328

Figure 4.4: Systems Comparisons with reference summary

As expected, our system results were closer to the reference summary.
Figure 4.4 compares between the S system and our system from the two human

summaries point of view.
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0.6

Bayesian GP AND OR S
H Recall 0.449 0.243 0.233 0.458 0.502
Precession 0.502 0.532 0.542 0.498 0.406
b F-Measure 0.474 0.333 0.325 0.477 0.449

Figure 4.5: Systems Comparisons with two human summaries

This comparison shows that the S system had the best recall; on the other hand all our
system had better precision than S system. In terms of F-Measure, the Bayesian and

the union systems were slightly better than S system.

Figure 4.6 shows the comparison taking into consideration the F-Measure/summary

size ratio.

25
2
1.5
1
0.5
0
Bayesian GP AND OR S
HF/Size 1.574 2.179 2.257 1.538 0.779

Figure 4.6: Systems (F/Size) Comparisons with two human summaries

Finally, we noted that the S system tends to select most of the sentences as summary
if the original document is relatively small (8 to 10 sentences). Moreover, in our

system we considered a ""comma" character as separator between sentences to provide

95



more flexibility for human summarizers when making decisions if the sentence in
summary or not. On the other hand we noted that S system did not consider this
character as a separator between sentences, this makes its results more coherent but
produced larger summaries that lowered the precision and F-Measure/summary size

ratio measures.

4.6 Human evaluation

Although we are using automatic techniques for evaluating summaries due to
the fact that we have a golden summary, it is still important to evaluate the output
summaries using human judgments to have another way of evaluating a summary
even that the expensive cost of human judgment.

We asked the two human summarizers to evaluate the output of the systems. For each
summary, they are asked to assign each sentence given its summary context a label as

follows:

e Good: It will be better to add this sentence to be in this summary. This may be
because the sentence is informative, does not cause ambiguity with
surrounding sentences.

e Fair: The sentence could be in or out this summary. This may be because the
sentence contains marginal information.

e Bad: It will be worse to put this sentence in this summary. This may be
because the sentence contains repeated, incomplete or useless information.

For example, a sentence could be selected as “good” in certain summary and “fair” in

another summary.

We applied this human judgment for the following systems:
e Intersection system (Bayesian AND Genetic Programming)
e Union system (Bayesian OR Genetic Programming)

e S System
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Figure 4.7 summarizes the results:

100.0%
90.0%
80.0%
70.0%
60.0%
50.0%
40.0%
30.0%
20.0%
10.0%

0.0%

Good Fair Bad Fair

Evaluator1 Evaluator 2 Average

HAND | 90.0% | 10.0% | 0.0% | 64.0% | 28.0% | 8.0% | 77.0% | 19.0% | 4.0%
HOR 73.0% | 23.0% | 4.0% | 50.0% | 37.0% | 13.0% | 61.5% | 30.0% | 8.5%
MS 80.0% | 12.5% | 7.5% | 55.0% | 36.0% | 9.0% | 67.5% | 24.3% | 8.3%

Figure 4.7: Systems human evaluation comparisons

These results show that even the two evaluators results are different, the best system
for both was AND system, then the S System, then the OR system.
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Chapter

5 Conclusions and future work
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5.1 Conclusions

In this thesis, an optimized dual classification system for Arabic extractive text
summarization has been introduced. Both classification methods have relatively close
F-measures, but GP system tends to produce smaller summaries. Bayesian
classification method is simple, assumes feature independence and may fall into local
optima where GP search is global. Generally, the Bayesian classifier tends to have
large recall, on the other hand the GP classifier tends to have large precision. By
integrating both classifiers we found that using the union for integration increases the
recall and the result summary size that could be used as informative summary.
However, using the intersection for integration increases the precision and decreases

the summary size that could be used as indicative summary.

When using the eleven features, the experiments show that the best F-measure was
0.585 when using the union between Bayesian and GP classifiers. The best (F-
Measure/summary size) ratio came from using the intersection between Bayesian and
GP classifiers. When removing features gradually guided by probability distributions
the results decreased slightly. Depending on correlation analysis, and to increase
system optimization, we used only five features. The best F-measure was 0.600 when
using the Bayesian classifier and 0.599 when using union between Bayesian and GP
classifiers. The best (F-Measure/summary size) ratio came from using the intersection
between Bayesian and GP classifiers. By selecting the appropriate five features
instead of eleven; we get promising and acceptable results for a wide range of
applications. The trainability feature of the system makes it possible to be customized
and tuned for specific domains and applications. Some applications need high recall

others need high precision.

In order to understand the nature of human summaries we asked two additional
human to summarize the text. Then we compared each pair in terms of recall,
precision and F-Measure. We found that our system performance was in the same area
as humans.

Also we used the S system and compared it against the additional human summaries.
We found that the S system had the best recall; on the other hand all our systems had
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better precision than the S system. In terms of F-Measure, the Bayesian and the union
systems were slightly better than the S system. When taking the size of the summary,
our system was much better than the S system.

By applying two human subjective judgments for each sentence given its summary
context, we found that evaluation tends to prefer the AND system over the S system
and OR systems. Our system got average of 69% good sentences

Finally, our system is optimized, easy to train and customize and able to produce
summaries comparable to human generated summaries. We expect the system to be

used for a wide range of applications.
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5.2 Future work

By applying number of suggested techniques to enhance the system:

1.

Selecting more features like user defined weighted similarity, key words,
named entities or indicator phrases is expected to increase the system
controllability and results.

Adding semantic information from comprehensive lexical resource such as
WordNet (Miller 1995), but for Arabic language, may enhance output
cohesion and help in feature selection.

One problem with extracted sentences, they may contain anaphora links to
the rest of the text. This has been investigated by (Paice 1990). Several
heuristics have been proposed to solve this problem such as including the
sentence just before the extracted one. Anaphora solving seems to be
interesting point of research.

Integration between Bayesian and GP classifiers using union and
intersection has the advantage of being fast and simple and the results were
good enough. We may try using a multi-classifier system (MCS); this may
increase system complexity and may enhance the results.

Using Linear Discriminate Analysis (LDA) is expected to decrease
dimensionality in a more structured way and maintain acceptable results
by making a transformation for the current feature space into a new one
where the classes are separated in a more discriminative way.

Adopting alternative techniques for evaluation will help better
understanding the nature of the summarization problem. For example
testing the system performance for accomplishing another task such as
question answering or document classification.

Moreover, we plan to use and customize the same system for different
domains and study the effect of this on the recommended eleven features
and overall system performance. Using word stem (root + form) is

expected to enhance the results.
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