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ABSTRACT

LOCAL CONTEXT BASED LINEAR TEXT
SEGMENTATION

Hayrettin Erdem
M.S. in Computer Engineering
Supervisor: Prof. Dr. Fazli Can
February, 2014

Understanding the topical structure of text documents is important for effective
retrieval and browsing, automatic summarization, and tasks related to identify-
ing, clustering and tracking documents about their topics. Despite documents
often display structural organization and contain explicit section markers, some
lack of such properties thereby revealing the need for topical text segmentation
systems. Examples of such documents are speech transcripts and inherently un-
structured texts like newspaper columns and blog entries discussing several sub-
jects in a discourse. A mnovel local-context based approach depending on lexical
cohesion is presented for linear text segmentation, which is the task of dividing
text into a linear sequence of coherent segments. As the lexical cohesion indi-
cator, the proposed technique exploits relationships among terms induced from
semantic space called HAL (Hyperspace Analogue to Language), which is built
upon by examining co-occurrence of terms through passing a fixed-sized window
over text. The proposed algorithm (BTS) iteratively discovers topical shifts by
examining the most relevant sentence pairs in a block of sentences considered at
each iteration. The technique is evaluated on both error-free speech transcripts of
news broadcasts and documents formed by concatenating different topical regions
of text. A new corpus for Turkish is automatically built where each document
is formed by concatenating different news articles. For performance comparison,
two state-of-the-art methods, TextTiling and C99, are leveraged, and the results
show that the proposed approach has comparable performance with these two
techniques. The results are also statistically validated by applying the ANOVA
and Tukey post—hoc test.

Keywords: Text Segmentation, Topic Segmentation, Natural Language Process-

ing, Lexical Cohesion, Semantic Relatedness.
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OZET

YEREL ICERIK TABANLI KONUSAL METIN
BOLUMLENDIRME

Hayrettin Erdem
Bilgisayar Miithendisligi, Yiiksek Lisans
Tez Yoneticisi: Prof. Dr. Fazli Can
Subat, 2014

Metin dokiimanlarinda konusal yapiin anlagilmasi, etkili erigim ve arama,
otomatik 6zetleme ve dokiimanlar1 konular1 hakkinda tanimlamak, biraraya ge-
tirmek ve takip etmek gibi gorevler icin 6nemlidir. Dokiimanlar genellikle icerdigi
boliimleri birbirinden ayiran basliklar ve yapisal ayiraglar iceriyor olsalar da, baz
dokiimanlar bu ozelliklere sahip degildir ve bu durum konu bakimindan metin
boliimleme sistemlerine olan ihtiyaci ortaya ¢ikarmaktadir. Konugma verisinden
elde edilen transkript metinler ve gazete, blog yazilar1 gibi konusal bakimdan
yapist belirsiz olan metinler, bu tiir dokiimanlara ornek olarak gosterilebilir.
Metinlerde konu boliimlendirme i¢in, yani metni kendi igerisinde tutarh konusal
boliimlere ayirmada, yerel igerik tabanl ve kelimeler arasindaki iligkilerden yarar-
lanan yeni bir yontem sunulmaktadir. Kelimeler arasindaki anlam biitiinligiini
ifade etmede, onerilen yontem HAL anlamsal uzaymndan yararlanmaktadir. Bu
uzay, metin icerisinde birlikte goziiken kelimelerin incelenip sabit uzunluktaki
bir pencerenin metin boyunca kaydirilmasiyla olusturulur. Onerilen algoritma
olan BTS, konusal degisiklikleri dongiisel olarak tespit etmektedir. Her dongiide,
ciimlelerden olugsan bir blok ele alinarak, birbiriyle en iligkili ciimle ikilileri bu-
lunur ve bu ciftlerin incelenmesiyle yeni bir boliim olugturulur. Onerilen yontem,
hata icermeyen haber biilteni transkriptlerinde ve yapay olarak farkli boliimlerin
biraraya getirildigi dokiimanlar iizerinde degerlendirilmektedir. Tiirkce dili
icin, otomatik olarak haber metinlerinin kullanilmasiyla yapay bir veri seti
olusturulmustur. Performans karsilagtirmasi igin, TextTiling ve C99 yontemleri
kullanilmaktadir ve sonuglar, onerilen yontemin bu yontemlerle kargilagtirilabilir
oldugunu gostermektedir. Sonuglar ayrica, ANOVA ve Tukey testleri ile istatis-

tiksel olarak dogrulanmaktadir.

Anahtar sozcikler: Metin Bolimlendirme, Konu Bélimlendirme, Dogal Dil

Isleme, Kelime Bitiinliigi, Anlamsal Iligki.
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Chapter 1

Introduction

1.1 Motivation

In the last decades, with the huge advances in science and technology, any infor-
mation can be stored in various content forms (text, audio, image, video etc.) as
digitally, and consequently, there has been a vast quantity of information stored
on various digital sources. Thus, searching for information among these massive
amounts of data becomes a crucial task. The most common search is web search
although search is applied to many other domains like corporations and govern-
ment. Loosely speaking, search and retrieval is done as follows: People search for
information by submitting queries to the desired system, and the system returns
the list of relevant results in ranked order in response to corresponding queries. In
this study, our focus is on text and text documents, and for effective retrieval, we
need to understand the underlying structure of the documents and their contents.
A document may contain a single topic or multiple topics, and it has a structure
associated with its content or it can be relatively unstructured. Considering all
these factors affects the ranking of that document as opposed to a query. Ranking
becomes challenging when dealing with documents containing multiple topics. A
specific query may only be related to some portion or section of text instead of

its whole content. An ineffective system places such a document in a low rank



position by considering its whole content instead of its related portion. Ranking
remains problematic when different terms of a query match with unrelated por-
tions of such a document thus accounting for spurious matches. To circumvent
these problems, documents containing multiple topics, whether they are struc-
tured associated with their content or relatively unstructured, are required to be
decomposed into topically coherent sections and retrieval task is done accord-
ingly. Since users are often interested in particular parts of a document, only the
related sections can be showed to the users as opposed to a certain query instead

of its whole content.

Segmentation is also appropriate as dealing with speech transcripts. Such doc-
uments are relatively long and contain uninterrupted streams of text. They can
be obtained from monologues like news broadcasts, lectures and testimonies as
well as from dialogues (between two or many people) like TV shows and business
meetings. Topic boundary detection can be achieved by merely analyzing the
original content of a certain non-text form (audio or video); however, boundaries
may not always be truly detected. By incorporating lexical attributes with or
without audio features (e.g. prosody, video scene changes, silence), more reliable
boundaries can be discovered. Moreover, given a segmentation of a certain tran-
scribed text, it is possible to classify the contents of each segment into topics. It

enables later tracking of some predefined topic or event.

Transcripts are produced either by automatic speech recognition (ASR) sys-
tems or manually by human annotators. Despite notable advances in understand-
ing and technology of automatic speech recognition systems today, transcripts
are not yet guaranteed to be perfectly error-free thus accounting for word errors.
Moreover, transcripts often do not have any structural information (i.e. no para-
graph and section information, and even no clear sentence boundaries through
the lack of any sentence segmentation system). Therefore, segmenting transcripts
produced by ASR systems can be much harder than segmenting traditional text

documents since they are explicitly structured more-or-less.

Segmentation of transcripts received attention by Topic Detection and Track-

ing (TDT) project [4]. In this project, datasets were produced which includes



both text news stories from newswire and audio recordings of radio and TV news
broadcasts over 600 hours in English and Chinese. The project did not only
address the problem of segmentation but also included tasks related to identify,
cluster, track and link stories about their topics. It is remarkable that segmen-
tation was the first necessary step for the start of the remaining tasks for spoken
data.

Segmentation also aids to produce a good quality of summary which requires
condensing the original content of a document while preserving its essential in-
sights [5, 6]. Summarization is applied for documents typically containing multi-
ple topics. To produce a quality summary, one needs to select the most relevant
sentences for each section, and generate a summary which includes all topics that
are mentioned in the document. Therefore, segmentation is required to iden-
tify individual sections of unstructured documents. Consequently, segmentation
assists the task of summarization by discovering the underlying structure of doc-

uments.

1.2 Task Description

Text segmentation is about developing computational techniques to discover the
topical structure of texts, and it is one of the main concerns in natural language
processing. The task is to automatically divide documents with unknown topic
structures into a linear sequence of topically-coherent adjacent sections thereby
revealing the underlying organization of them. In other words, the objective is
to detect boundaries (topic shifts) between individual segments of the document.
Understanding the notions of topic and coherence is important in terms of the

segmentation task.

The notion of topic (or theme) is defined as the aboutness of a unit of text (a
discourse, a portion of text or a sentence) [7]. A discourse may contain portions
of text about a single topic as well as multiple topics. For instance, if we are

interested in segmenting news broadcast transcripts then each transcript contains
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Figure 1.1: Text segmentation as the task of dividing a text into linear sequence
of topical segments.

multiple topics each corresponds to an individual news story. On the other hand,
if the text to be segmented is about a single main topic then we need to identify
the subtopics related to it by inducing subtopic shifts. Units of text appeared in
a certain segment determines the topicality of that segment. Consequently, units

of text being about the same thing induce the notion of topic.

A well-written text has some underlying sense which is defined as coherence.
In other words, coherence represents the semantic relationship among sentences or
clauses appeared in a certain portion of text [8]. Coherence is typically provided
by relations such as elaboration, support, cause or exemplification. However,
identifying such relations is not straightforward, and it is computationally expen-
sive. Therefore, coherence is typically found by searching cohesion in the text
although they do not necessarily exist together. In other words, coherence may
occur without cohesion. Still, cohesion is assumed to be a strong indicator of
coherence. The term “cohesion” means that the text all sticks together [9]. Re-
lations among text elements of any size without grammatical limitations exhibit
cohesion in the text [10], and it is easier to detect such relations rather than
coherence relations. Reference, conjunction and lexical cohesion are examples of
cohesion relations [11]. Particularly, lexical cohesion is employed to reveal the
individual segments for the task of segmentation, and it is simply represented as
the semantic relationships among words appeared in the text. As a result, lex-
ical cohesion can benefit the task of segmentation as segments typically display

lexically homogeneous characteristic.



1.3 Segmentation Types

Documents typically display a hierarchical structure about their contents [12],
and subtopics may occur within individual topic segments. As users might be
interested in different levels of detail in text, setting the level of granularity as
opposed to information needs of users would be a grateful aspect for any segmen-
tation system. The task of hierarchical text segmentation addresses the problem
of inferring a fine-grained (well-formed) structural organization for a given text
whereas linear text segmentation deals with finding a coarse-grained segmenta-
tion of a given document. In other words, linear segmentation displays a simple
picture about the structural organization of a document while hierarchical seg-
mentation produces a more detailed depiction of it. Even people were often in
conflict as determining the subtopic shifts [13, 14], automatically inducing multi-
ple levels of topic hierarchy is an extremely difficult task. It is partly because the
transitions between low-level subtopic regions tend to be more smooth than the
shifts between high-level topics but it is also because exploiting word distribution
information is not usually adequate by itself to determine the actual subtopic
regions. Consequently, hierarchical topic segmentation is a more challenging task

rather than linear text segmentation.

To the best of my knowledge, there has not been much research on hierarchi-
cal segmentation. One approach is to develop an unsupervised technique which
employs agglomerative clustering over paragraphs to obtain resulting hierarchi-
cal segmentation [15]. Another methodology finds a topical hierarchy by training
separate classifiers for topics and subtopics [16]. A recent approach incorporates
multi-scale lexical cohesion information into a bayesian framework to induce a
hierarchical topic structure [17]. Although a fine-grained segmentation is more
desirable, most of the existing work has been focused on linear, coarse-grained
segmentation. In this thesis, our focus is also on the task of linear text segmen-

tation.



1.4 Contributions

The contributions of this thesis are the followings:

Introduction of novel concepts regarding to term correlation and sentence

relatedness

Introduction and implementation of a novel local-context based segmenta-

tion method for the task of linear text segmentation

Compilation of a new Turkish dataset which contains documents by ran-
domly concatenating different news articles from BilCol[18] for the task of

topical text segmentation

Performance comparison of the proposed algorithm with the well-known
methods, €99 and TextTiling resulting as comparable performance with
them



Chapter 2

Related Work

A particular topic is generally discussed by either using the same set of words
and phrases or by using semantically related words and referents [8]. Therefore,
the vocabulary is typically homogeneous within a particular topic. As moving
to discuss another topic, a new set of words and phrases is encountered [19]. To
benefit these arguments, one needs to typically identify lexical cohesion relation-
ships in the text by either considering lexical distributional information or deeply
analyzing semantic relationships among textual units in the discourse. Lexical
repetitions and chains are examples about lexical distributional information. Se-
mantic knowledge in the text can be extracted by solely analyzing the text to be
segmented as well as through dictionaries and thesauruses. As a result, lexical co-
hesion strongly benefits the task of segmentation. Approaches leveraging lexical
cohesion basically falls into two categories, namely, discriminative and generative

approaches.

Discriminative approaches, as the name implies, differentiate text regions be-
longing to different topical segments by measuring the difference among the por-
tions of the text. To this end, one requires a suitable similarity metric to com-
putationally discriminate different topical regions. Another point is that such
approaches either consider a small portion of text or the whole text as hypoth-
esizing segments. For instance, one attempts to identify segment boundaries by

measuring the difference between two adjacent windows as they are moving across

7



the text [2, 20]. On the other hand, another attempts to discover boundaries by
finding the most likely segmentation due to its objective function as considering
the whole content [21, 22]. Memory and CPU time requirements may be a de-
cisive factor since the former needs less memory and CPU time rather than the
latter. Another remarkable point is that local methods are more suitable than
global ones as the streams of text received in an online way and the segmentation

needs to be online accordingly [20, 23].

Generative approaches typically characterize lexical cohesion by estimating
language models for topics, and inducing the most likely topic sequence based
on the derived models given observed words thereby finding segment boundaries.
One advantage of generative models is that they are capable of handling the
problem of topic segmentation and identification as together. Specifically, they
generate topic segments as well as topic models in terms of either language models
or latent concepts [24, 25, 23, 26]. Then, these models can ease the task of

classifying or clustering topics.

In addition to lexical cohesion, another auxiliary idea is to use boundary
features as detecting individual topic segments. As moving to another topic or
ending the discussion within a particular topic, there may exist features indicating
those events. Such a well-known feature is cue words and phrases which include
information about the semantics or structure of text [12, 27]. Cue phrases tend
to vary across different domains; therefore, a suitable set of cue phrases can be
obtained by examining a particular domain of interest. Another issue is that
cue phrases can be extracted by either defining them manually or deriving them
automatically. As cue phrases are typically domain-specific, automatic extraction
of them [3, 28] is an important aspect. As a result, employing cue words and

phrases in the text ease the segmentation task.

Given a set of boundary features like cue phrases and prosodic speech features
(e.g. silence, speech overlap, speaker change), another tendency is to combine
these features with lexical cohesion to obtain more reliable segmentations. Inte-
grating such features can be achieved by using classifiers [13, 29, 30] or generative
models [28, 31, 32].



Rest of the chapter is dedicated to explain some noteworthy studies based on

lexical cohesion in more detail.

2.1 Discriminative Approaches

2.1.1 Dotplotting

Reynar adapts the dotplotting technique [33] to segment text into multiple coher-
ent units [1]. A dotplot is a two dimensional matrix where both axes comprises
the terms observed sequentially in the text. A cell of this matrix takes a value of
one if both axes correspond to the same term, otherwise zero. It is obvious that

the diagonal of the matrix is composed of ones.

Figure 2.1: The dotplot of four concatenated Wall Street Journal articles [1].

At the beginning, the text is processed to eliminate stop words and the re-
maining terms are lemmatized. Dotplot is then created on these remaining terms.
Finally, the dotplot is algorithmically analyzed to identify boundaries. In the
dotplot, dark regions (high density regions) along the diagonal correspond to

candidate segments. The density of a region is measured by the proportion of the

9



number of points located on it to the total area of it. Reynar proposes two re-
lated algorithms to discover boundaries by measuring the density of regions. The
first one detects boundaries which maximize the density within regions along the
diagonal where the second one identifies boundaries which minimize the density
of regions outside of the diagonal. In more detail, the density of regions for all
putative boundaries (sentence or paragraph boundaries) are calculated and sorted
in either ascending or descending order depending on the selection of algorithm.
Although both algorithms are similar, it is concluded that they do not necessarily
yield the same results. Another issue is that the number of boundaries is unknown
by the system thus given as input. The proposed technique is experimented on
concatenated Wall Street Journal articles and evaluated in terms of precision and

recall.

2.1.2 TextTiling

TextTiling [2] is one of the initial algorithms for this task and still considered to be
one of the baseline algorithms for comparison of recent studies. Hearst proposes
TextTiling to identify subtopic segments within single-topic expository texts. He
states that expository texts are generally composed of lengthy paragraphs, each
of which does not necessarily indicate the beginning of a new subtopic thus giv-
ing rise to the need of a system for segmentation. There exists three proposed
algorithms within the same overall approach, one of which is the core algorithm
(block comparison algorithm) and the other ones (vocabulary introduction and
lexical chain methods) are alternatives that use different similarity metrics in

their calculations.

The core algorithm consists of three main steps which are tokenization, sim-
ilarity determination and boundary identification, respectively. In the tokeniza-
tion step, the text is tokenized, excluded from stop words and stemmed. Pseudo
sentences (token-sequences) are preferred over real ones to prevent normaliza-
tion problems. The size for pseudo sentences (w) is set to be 20 tokens per
token-sequence. Analogously, blocks of token-sequences are preferred over real

paragraphs for the reason of irregular paragraph lengths leading to unbalanced

10
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Figure 2.2: Token-sequence gap number vs. similarity scores for block-comparison
algorithm illustrating both smoothed and unsmoothed versions. Vertical lines
indicate hypothesized boundaries [2].

comparisons. The size of each block (k) is determined as the average paragraph
length in terms of token-sequences (k = 6). Then, for each block, a lexical fre-
quency vector is constructed, whose features are the unique tokens appeared in
that block and values are simply their frequencies in it. In similarity determina-
tion step, a score for each adjacent pair of blocks is calculated as moving across
the text (shifting blocks by one sentence at a time). This score is simply cal-
culated by using the cosine similarity between the lexical vectors of the blocks.
An earlier version of this algorithm uses tf.idf weighting [34] as weighting terms
which comprise the values of lexical vectors, however, the results does not seem
as good as those in which terms are weighted according to their within block
frequency alone. Lastly, in boundary identification step, all computed scores are
plotted against their gap number and for each gap, a depth score is calculated
based on its nearest peaks on either side. However, the algorithm uses smooth-
ing to eliminate small perturbations and flat valleys in the plot before computing
depth scores to alleviate the problem of misleading boundary detection. Assuming
that depth scores are normally distributed, the algorithm determines the number

of segment boundaries according to some cutoff function using the average and

11



standard deviation of those scores. Then, depth scores are sorted and used to
determine segment boundaries. Finally, gap points with the highest depth scores

are chosen as the hypothesized boundaries.

For vocabulary introduction and lexical chains methods, all but the similarity
calculation step in the core algorithm are identical. In the vocabulary introduc-
tion algorithm, the positions of newly introduced terms are stored. As in block
comparison algorithm, a moving window is also used here to assign a score be-
tween consecutive blocks of tokens. The score is simply calculated by adding
the number of newly introduced terms in both blocks. In lexical chains method,
chains are created for each unique term which occurs more than once in the text.
A score between each pair of adjacent blocks is computed as the number of active
chains which spans the gap between them. A lexical chain for a term is active if
that term appears within some distance threshold. After score computation for

each gap, the identical boundary identification step is applied.

2.1.3 LCA based Segmentation

Ponte and Croft [35] tackle the same problem but with a non-ordinary test collec-
tion where segments are relatively small and within segment sentences often do
not share any common words. In such cases, word repetition based approaches
fail to segment the data correctly. To deal with such data, detecting semanti-
cally related words and phrases within topic sentences plays a crucial role. Thus,
they make use of Local Context Analysis (LCA) [36] as an association thesaurus
to measure the similarity between sentences. In more detail, they query each
sentence to the LCA and it returns top m related concepts regarding to each
corresponding sentence (m = 100). Then, pairwise sentence similarities are cal-
culated by simply looking at the number of common concepts between every pair

of sentences.

After similarity calculation, for each possible segment size, a score is assigned
for each position in the text. For a given segment, this score has three compo-

nents. The first component is internal similarity which is the sum of pairwise
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Figure 2.3: Score calculation for a candidate segment with numbered pairwise
sentence similarities. Internal similarity solely corresponds to similarity #1. Left
external similarity is the sum of similarity #2, #3, #4, and #5. Right external
similarity is the sum of similarity #6, #7, #8 and #9.

sentence similarities within the segment. The second component is left external
similarity which is the sum of pairwise similarities of each sentence within the
segment to a fixed number of preceeding sentences. Finally, the third component
is right external similarity. Similarly, it is the sum of pairwise similarities of each
sentence in the segment to a fixed number of sentences following the segment.
Given those components, the score of a segment is simply calculated by extracting
two external similarities from internal similarity. Then, these scores are ranked
for each position in the text and hypothesized segments are found by dynamic
programming. Furthermore, through a Gaussian length model obtained from a
training set of 85 segments, a weight score is also associated with each possible

segment. It is shown that the length model improves the performance.

214 (C99

Choi [37] extends the idea of Reynars dotplotting algorithm [1] by using the
cosine similarity measure and a ranking scheme instead of exact word matches
as creating dotplot (similarity) matrix. The proposed methodology begins with
tokenizing sentences in the text. Uninformative words and punctuations are then

eliminated from each sentence. Next, the remaining tokens are stemmed by Porter
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stemming algorithm. The core step in €99 is to create similarity matrix by
computing cosine similarity for each pair of sentences in the text and applying
the adapted ranking scheme to the matrix. It is noticed that cosine similarity
values are unreliable for sentences in short length segments thus highlighting
the need of a ranking scheme. Further, computing similarity for each pair of
sentences is found to be inappropriate since a multi-topic document typically
contains a varying language. After filling the similarity matrix with cosine scores,
the ranking scheme simply replaces each value in the matrix by its rank, which is
the proportion of the number of neighboring elements with lower similarity value
to the total number of neighboring elements according to some predefined mask
size. The final step is to determine segment boundaries. For this purpose, Choi

exploits the maximization algorithm proposed by Reynar.

The number of boundaries is automatically determined by observing the dif-
ferentiation in total inside density of current segments and segments with the
inclusion of a newly hypothesized segment. For this reason, some threshold func-
tion based on mean and variance of inside density differentiations is defined. A

large difference indicates that optimal number of segments is reached.

(99 is experimented on samples of concatenated documents from Brown cor-
pus. It is concluded that C'99 outperforms both Dotplotting and TextTiling tech-
niques. A final note about C99 is that it is still considered to be one of the
state-of-the-art algorithms for this task.

2.1.5 LCSeg

Galley et al. [13] present two alternative solutions to the segmentation prob-
lem. The first solution (LCSeg) is exclusively relies on lexical cohesion where
the second solution integrates conversational features (e.g. cue phrases, silences,
speaker overlaps) with lexical cohesion information by a probabilistic classifier
(C4.5). In both alternatives, common preprocessing steps (tokenization, stop

word elimination and stemming) are applied for each text as an initial step.
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LCSeqg defines lexical cohesion as identifying lexical chains (simply consisting
of term repetitions) occurred in the text to be segmented. The insight behind
this definition is that these chains begin and end at topic boundaries thus helping
to induce the topical structure of the text. The first step is thus to identify all
lexical chains appeared in the text. To avoid weakly linked chains, chains that
have a hiatus of h consecutive sentences with no appearance of its term are di-
vided into subchains (experimented as h = 11). The second step is to weight
each identified chain by defining a metric similar to well known tf-idf [34] mea-
sure. Weighting score of a chain is a product of its frequency and compactness
values. Here, frequency refers to the number of repeated terms for a particular
chain. Compactness is about the length of the chain, and shorter chains receive a
higher score than longer ones. It is defined as the logarithm of the proportion of
the text length to chain length in terms of number of sentences. After assigning
a weighting score to each identified chain, the algorithm computes cosine simi-
larity between two adjacent windows of fixed size k in terms of sentence breaks
or speaker turn breaks (experimented as k = 2). Here, the similarity metric
uses weighting score of overlapped chains with windows instead of simply using
word count information over those windows. The last step is then to plot the
similarity scores against sentence breaks and search for local minima breaks by
computing the depth of each such break. To avoid misleading boundaries, the
plot is smoothed by using a moving average filter. Finally, the algorithm hypoth-
esizes boundaries with the highest depth scores with the knowledge of number
of boundaries. As there is no knowledge about the number of boundaries, the
algorithm estimates it by considering a threshold function based on the mean and
variance of all potential boundaries. Then, the boundaries above that threshold
are selected as the hypothesized boundaries. LCSeg is compared to two state-of-
the-art algorithms, U00 and C99. Those systems are evaluated on both synthetic
(Brown, TDT and WSJ) and real data sets (ICSI Meeting corpus). As a result,

LCSeg shows comparable performance to the state-of-the-art algorithms.

In the second solution, segmentation is considered as a classification problem
where each break corresponds to a topic boundary or not. As classifiers, C4.5

and C4.5rules are chosen. The general strategy is to initially create an unpruned
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decision tree by (4.5 and then analyze it by C4.5rules to obtain the most useful
subset of pruned production rules. As few labeled meeting samples available, a
specific set of features is chosen instead of using a large set of features to avoid
overfitting the known data. These features are cue phrases, silences, speaker over-
laps, speaker changes and lexical cohesion information gathered from LCSeg. The
classifier is evaluated merely on the meeting corpus by performing 25-fold cross
validation. In general, it is observed that lexical cohesion has more importance
than other features in identifying topic boundaries. For comparison, LCSeg and

U00 are chosen and (4.5 outperforms these methodologies.

2.1.6 InfoSimba

Dias et al. [38] propose a language-independent unsupervised solution to the
problem. They state that word frequency is not the only indicator of the im-
portance of a word in a document. Thus, they propose three new heuristics to
define the importance of a word. Defining those heuristics is the initial step of
their methodology. The first heuristic is the well-known tf.idf measure [34]. It
calculates the relevance of a word in a document in terms of its frequency and
its distribution across a collection of documents. However, not all relevant words
are useful for segmentation. In other words, it is important to find topic-relevant
words which helps to segment the text into coherent topics. For that purpose,
they introduce a new heuristic called tf.isf. It evaluates each word based on its
frequency within a specific sentence and its distribution across all the sentences
within the document. However, tf.isf does not have a closer look on the distribu-
tion of a word in a document. More specifically, it is also important to evaluate
whether a word appears in consecutive, near-consecutive or distant sentences.
For that reason, they propose a new density measure to compute the degree of
closeness between the appearances of a word in a document. Eventually, the im-
portance of a word can be thought as the weight of that word which is computed

through the combination of those heuristics.

The next step is to determine similarities between a focus sentence and its

neighboring groups of sentences. Cosine similarity can be used for that purpose,
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however, it fails when two sentences do not share any common word but they
are semantically related. Therefore, they propose a new similarity measure called
InfoSimba. It is the integration of weight and cohesiveness information into the
cosine formula. The degree of cohesiveness between two words is represented by

Equivalence Index Association measure.

The final step is to detect topic boundaries. The idea is to determine whether
the focus sentence is more similar to the previous block of sentences or to the
following block of sentences. Therefore, a preference score is computed for each
focus sentence. If it is positive, the focus sentence is more similar to the preceding
block of sentences, otherwise, it is more similar to the following block of sentences.
If there exists a downhill between the scores of consecutive sentences, the presence
of a new topic is identified. However, not all downhills indicate the presence of a
topic. Indeed, deeper ones indicate more correct topic shifts thereby identifying
them is important. Deeper downhills are recognized through a threshold, which

is a function of average and standard deviation of downhill depths.

2.2 Generative Approaches

2.2.1 Hidden Markov Model Segmentation

Yamron et al. [39] introduce an approach based on Hidden Markov Models
(HMMs) and language models to extract story boundaries and retrieve stories
related to a specific event. Here, the hidden states are topics and the observa-
tions are words or sentences. The main idea is to treat a story as an instance of
some underlying topic, and to model a text stream as an unlabeled sequence of
these topics. The first step is to construct topic clusters along with their associ-
ated smoothed unigram language models. It is done by clustering a set of training
texts using Kullback-Leibler distance metric. The selected clustering methodol-
ogy is multi-pass k-means algorithm (k = 100). Instead of learning full set of
topic transition probabilities, finding the probability of changing between topics

is sufficient. It can be easily estimated by using the number of segments in the
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training data. After constructing the model, an unbroken text is processed sen-
tence by sentence at a time. In this model, finding topic boundaries correspond
to finding topic transitions. In other words, segmentation and topic assignment
are done simultaneously. They evaluate the methodology on the Topic Detection

and Tracking (TDT) Pilot Study Corpus which consists of broadcast news stories.

Blei and Moreno [40] form an Aspect Hidden Markov Model (AHMM) by
integrating Hoffman’s aspect model, which is a probabilistic latent concept model
(PLSI), into the HMM framework. They experiment their approach on unbroken

streams of New York Times articles and noisy radio speech transcripts.

2.2.2 UO00

Utiyama and Isahara [41] propose an unsupervised generative approach to the
segmentation problem. The text to be segmented is a sequence of topics and
each topic has a specific language model associated with it. Given these compact
models, the ultimate goal is to find a segmentation (a set of boundaries) which
maximizes the likelihood of the data. In other words, the maximum-probability
segmentation is found by comparing likelihood values of different segmentations

via dynamic programming.

Likelihood of the data is computed as multiplying the posterior probability of
words given the segmentation, P(W|S), by the prior probability of the segmenta-
tion, P(S). This posterior probability solely depends on the selected model(s). In
the proposed model, it is assumed that different topics are statistically indepen-
dent of each other. Another assumption is that the words within a topic are also
independent of each other. Under these assumptions, the posterior probability
P(W|S) corresponds to the multiplication of individual posterior probability of
words given each segment, P(W;|S;), which is a product across the probability
of each word occurred within segment ;. The probability of a word observed
within a particular segment is computed by employing the Laplace law (Laplacian
smoothing). The only prior information to estimate P(S) is the description length

which gives larger values to the segmentations having less number of segments.
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Consequently, the algorithm selects the best segmentation which maximizes the
likelihood of the data via dynamic programming. Another issue is that the algo-
rithm automatically determines the number of boundaries. Yet, the number of
boundaries can be given as input to the system. Estimated number of segments

by the algorithm is relatively stable as opposed to the variation in the text length.

For experimentation, artificial dataset created by Choi is used. It is statis-
tically shown that the proposed system (U00) is more accurate than C99. The
proposed system can handle the segmentation of documents with varying domains

which makes it applicable to be used for summarization and retrieval purposes.

2.2.3 BayesSEG

Eisenstein and Barzilay [32] introduce a Bayesian approach (BayesSEG) to unsu-
pervised topic segmentation by generalizing the model proposed by Utiyama and
Isahara (U00). Further, they examine the impact of cue phrases by integrating
the proposed cue phrase model into the Bayesian framework. The general ob-
jective is to maximize the overall observation (data) likelihood thereby resulting
to a cohesive segmentation. In the study of Utimaya and Isahara, one particular
smoothed language model is estimated for each segment. In this study, however,
each model is estimated by marginalizing (integrating) over all possible language
models, and by leveraging Dirichlet Compound Distribution (DCM). After defin-
ing marginalized models for each segment, high likelihood segmentation is inferred
via dynamic programming. In the proposed model, it is assumed that there is no
prior information about segmentations therefore treating each prior probability
regarding to a possible segmentation as uniform. To examine the effectiveness of
cue phrases, a modified approach is proposed which claims that some of the text
is topic-specific whereas other terms are topic-neutral (i.e. cue phrases). For this
purpose, a cue phrase model shared by among all documents is derived by using
a symmetric Dirichlet prior. Then, the likelihood calculation is varied only for
sentences at segment boundaries. For a segment-initial sentence, the likelihood
is computed by leveraging both models integrated into the Bayesian framework.

The proposed approach both with and without cue phrases is evaluated on text
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and transcribed speech datasets. For textual corpus, they create documents each
of which is a chapter from some medical textbook. The task is to segment chap-
ters into coherent sections defined by the author. For speech, they exploit ICSI
corpus of meeting transcripts. The proposed system is compared against U00,
LCSeg and MinCut [21] systems. BayesSEG assumes that the number of desired
segments is provided as input. The introduced approach both with and with-
out cue phrases outperforms compared systems. It is observed that cue phrases
improve the results on the meeting corpus but not on the textbook corpus thus

implying that effectiveness of cue phrases depends on consistent usage of them.

2.3 Overview

Approaches based on lexical cohesion are typically distinguished from each other
by the way of how they quantify cohesion and search for hypothesized segmenta-

tions.

As mentioned earlier, lexical cohesion can be characterized by employing lexi-
cal repetitions, lexical chains as well as semantic knowledge obtained from either
solely considering the local context or a specific collection, or using knowledge

and concept sources like dictionaries and thesauruses.

The search for segmentation is described by answering the following ques-
tions: Where to search the segmentation, and how to find it over there. The first
question is related to search space, and it is generally the space of all putative seg-
mentations for a given document. The latter is about the search technique which
is often a greedy or a dynamic programming (DP) technique. Greedy approaches
look for the segmentation which has the local minimum or maximum of some
specified cohesion function (metric) as searching the space of segmentations. DP
approaches, on the other hand, seek for the segmentation which has the global
optimum due to some predefined objective function. However, the drawback is

that such approaches are computationally expensive.
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As the language may vary among different domains of interest, existing ap-
proaches typically used stemmers of respective languages. Some approaches also
employ external linguistic resources so that they can extract semantic knowledge
among units of text. Supervised approaches need a suitable number of train-
ing samples to avoid underfitting or overfitting the data. Those approaches may
not present a universal solution for all domains since there may not be adequate
sample data in some domains. Therefore, a domain-independent solution is more
desirable. Lastly, some techniques can predict the number of desired segments
instead of getting additional external knowledge about it. However, estimating

the correct number of segments is a challenging task.
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Chapter 3

Proposed Approach

This chapter describes the local context based approach proposed for the task of
linear text segmentation. The initial step is to pre-process the document to be
segmented. The following step is then to build HAL vectors for the document
terms based on their co-occurrence in the document. The final step is to apply
the segmentation algorithm, BTS, which iteratively discovers segment bound-
aries based on sentence relevancies by considering a certain block of consecutive

sentences.

3.1 Pre-processing

As for any NLP task, pre-processing is also an essential stage for segmenting text.
It loosely aims to divide text into linguistically meaningful units, and provide
a lexical analysis of a given raw text. The level of analysis depends on the
application. For our task, it aims to extract vocabulary of terms and sentences
as well as learning referenced segment boundaries for a given raw text document.
Pre-processing includes the following steps: tokenization, stopword elimination

and stemming, respectively.

Tokenization is the process of splitting character streams into tokens. In our
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Figure 3.1: Pre-processing steps for text segmentation.

task, a particular raw text is chopped on white space to obtain its tokens. Non-
alphabetical characters (e.g. punctuations, numbers) are then removed from each

token.

Stopword elimination is the task of discarding words which are frequently
appeared in texts and often carry little semantic meaning about them. For this
purpose, stopword lists for Turkish and English are exploited. In more detail,
Turkish stop list [18] contains 216 words where English stop list [37] includes 322

words.

Examples of Stopwords
English | about, because, the, a, during, either, for, in, only, not, other
Turkish | ama, bu, ayrica, kadar, olarak, ve, veya, hem, herhangi, zaten

Table 3.1: Examples of stopwords for English and Turkish.

Stemming, in one word, is reduction. By definition, it is to reduce words in
different forms to their stem or root form. Roughly speaking, words are typically
in either derivational or inflectional form through the addition of affixes into their
base. Derivation often tends to alter the meaning of a word while inflection does
not result in such difference. Stemming enables reliable term comparisons by
providing the base of words instead of dealing with such different forms. In our
experiments, we exploit Porters stemmer [42], the most commonly used algorithm
for English, and Zemberek [43] stemmer for Turkish.
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3.2 Building HAL Vectors for Document Terms

Semantic information among textual units can be extracted either by analyzing
a set of documents (i.e. a text corpora) [44, 11, 45] or by exploiting an external
linguistic resource such as WordNet [46]. Following the first notion, our aim is to
capture semantic information, or deriving term relationships, by only analyzing
the local context of the interested document. For this purpose, we employ HAL
(Hyperspace Analogue to Language) [47, 48] to induce relationships among terms
of the document to be segmented. HAL is a high-dimensional semantic space in
the sense that each word in the text is represented by an individual vector (i.e.
HAL vector) that contains co-occurrence information in terms of other words
in the text. More generally, HAL leverages lexical co-occurrence information to

examine relationships between document terms.

Looking closer, as building HAL vectors for document terms, a two-
dimensional co-occurrence matrix (C) is formed by passing a window of fixed
length over the text one word at a time. Each dimension of the matrix com-
prises unique words seen in the text, and each cell stores an accumulated count
of co-occurrence score of the respective word pair. As moving a fixed-length win-
dow across the text, words appeared in each window are assumed to be correlated
with each other by a score inversely proportional to the distance separating them.
Given a text, at the very first window, co-occurrence scores are computed for each
possible pair of words, (w;, w;), positioned at i and j such that w; precedes w;
in that window (i.e. ¢ > j). The number of pairs satisfying this condition is
therefore (windowSize x (windowSize —1)/2). The co-occurence score of a word

pair (w;, w;) is then computed as follows:

cs(w;, w;) = windowSize — (i — j) (3.1)
Any such word pair receives a maximum score of windowSize — 1 if there is

no word separating the words in it, and a minimum score of 1 if the words in that

pair resides at the two ends of the window.
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After analyzing the first window, C'(w;, w;) values are then updated accord-
ingly given these scores, cs(w;, w;). At each remaining window, score calculation
is done for word pairs in which the last word in each window is paired with each
other word in that window. Then, respective cells in the matrix are accumu-
lated regarding to these scores. The number of pairs formed at each window
except the initial one is (windowSize — 1). Note that the number of windows is

(N — windowSize 4+ 1) where N is the total number of words in the text.

Wy | Wy | W3 | Wy | Wy | Wg | Wy | WS
w1
wy | O 1 213|145
ws | 4 5}
Wy 3 4 5
ws | 23] 4] 5
we | 1| 213 4] 5
wy 1 (23 ]4]5
wg 12131415

Table 3.2: An example co-occurrence matrix built for the processed text
“metasearch engin architectur queri broadcast multipl web search engin” where
wy: metasearch, wy: engin, ws: architectur, wy: queri, ws: broadcast, wg: mul-
tipl, w7: web, wg: search after analyzing all windows. Empty cells in the matrix
indicate a zero value.

Table 3.2 shows an example co-occurence matrix built for the text, “In a
metasearch engine architecture, the query is broadcast to multiple web search
engines.”, for a given window size of 6 after analyzing all windows. As removing
stop words and applying Porter’s stemming, the text is now “metasearch engin
architectur queri broadcast multipl web search engin”. The co-occurrence matrix
is actually built for this processed text. In this example, there are four windows
in total, whose start and end word positions are 1 — 6, 2 -7, 3 —8 and 4 — 9.

Table 3.3 shows the matrix after analyzing the first window.

In the matrix, each column is a HAL vector that holds co-occurrence infor-
mation following a word while each row is also a HAL vector that stores such
information preceding a word. Therefore, co-occurrence information regarding to
a word is stored in two separate vectors by considering word ordering. However,

order of words is not important for us. Thus, for a given word, its HAL vector is
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Wy | Wy | W3 | Wy | Wy | Wg | Wy | WS
w1y
() 5
ws | 4 5}
W4y 3 4 5
ws | 23] 4]5
we | 1| 213 4] 5
wr
ws

Table 3.3: An example of co-occurrence matrix built for the processed text
“metasearch engin architectur queri broadcast multipl web search engin” where
wy: metasearch, wy: engin, ws: architectur, wy: queri, ws: broadcast, wg: mul-
tipl, ws: web, wg: search after analyzing the first window which starts with w,
and ends with wg. Empty cells in the matrix indicate a zero value.

simply found by adding up its row and column vectors. For example, the HAL
vector of the term “w; : web”, is estimated by adding up its row vector, [0 12 3
450 0], and its column vector, [0 4 0 0 0 0 0 5]. Therefore, HAL vector of the
term is [0 523450 5).

For each HAL vector, feature reduction is done by simply setting a threshold
at the mean of the its co-occurrence scores, and features below this threshold
are discarded from the respective vector. The remaining features for a vector is
called quality properties of that vector. As considering the same example, for the
term, “w; : web”, mean of the scores is 3 and its HAL vector now becomes [5 3

4 5 5] with the features “engin, queri, broadcast, multipl, search”, respectively.

The next and final step following feature reduction is to normalize each HAL
vector by the sum of its feature values so that the sum of the scores is 1. Moving
on the same example, the normalized HAL vector for the term, “w; : web”, is
[5/22 3/22 4/22 5/22 5/22] which corresponds to [0.23 0.13 0.18 0.23 0.23] with

the features “engin, queri, broadcast, multipl, search”, respectively.

Feature | engin | queri | broadcast | multipl | search
Value | 0.23 | 0.13 0.18 0.23 0.23

Table 3.4: HAL vector for the term, “w; : web”after feature reduction and
normalization.
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3.3 Concepts of Correlation and Relevancy

We define new concepts regarding to how to measure the correlation and relevancy

among text units.

TC(t;, t;) gives the term correlation between ¢; and ¢; by exploiting their HAL

vectors as follows:

1 itt =t
max(HALy, (t;), HAL(t;)) otherwise

TSR(t;, s) calculates the term—sentence relevancy between term t; and sen-

tence s as follows:

1 if s contains t;
TSR ti, S) = 3.3
(t:,5) > TC(t;,t;) otherwise (3:3)
tjES

SR(s1, s2) measures the sentence relevancy between sentences s; and sy by
normalizing the total TSR relevancy by the number of non-zero TSR relevancy

values.

Z TSR(t“ SQ)

Sh(s1,52) = 21681[TSR(751-, 52) > 0] (3.4)

t;€s1

3.4 Segmentation Algorithm

The proposed algorithm, BTS (Block-based Text Segmentation), produces the
segmentation for a given text by following the greedy strategy which iteratively

forms a new segment by considering a certain block of consecutive sentences. In
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other words, it makes local decisions about forming the contents of a segment
by only examining the sentences within a particular block. Such an approach
is particularly appropriate as the streams of text received online and has less
computational cost as compared to the globally informed methods. The com-
putational complexity of the algorithm is O(mn) where m is a constant which

indicates the number of blocks and n is the block size in sentences.

The algorithm takes the document to be segmented and the block size as input.
Block size determines the number of consecutive sentences in a certain block. The
output of the algorithm is clearly the list of predicted segment boundaries. It is
important to note that such boundaries correspond to the beginnings of predicted
segments in terms of sentence ids. For each document, id of the initial sentence
is one while the id of the last sentence is the total number of sentences in that
document. The algorithm requires that input document is preprocessed and HAL

vectors for document terms are built before running it.

The algorithm begins with creating the following empty lists to be utilized as
predicting boundaries: hypBoundaries, sentencePairs, relevancyScores and seg-
mentContent. The list hypBoundaries holds predicted segment boundaries by the
algorithm. The list sentencePairs contains pairs of sentences formed by exam-
ining a certain block of consecutive sentences. Such pairs are formed by storing
each sentence in a block along with the most related sentence to it in that block
as a pair. The list relevancyScores holds relevancy scores associated with the
pairs stored in sentencePairs. Lastly, the list segmentContent includes the ids of

the sentences in a certain predicted segment.

The algorithm then proceeds as initializing the beginning sentence id of the
first block as one (blockStart = 1), and the endmost sentence position as the id of
the last sentence in the document, which is the number of sentences in the docu-
ment. Next, the algorithm iteratively forms a new segment by examining a block
of consecutive sentences. Each iteration starts with adding the beginning sentence
id of a qualified block into the list of predicted boundaries. For a block to be
qualified, its beginning sentence id should be less than the id of the last sentence

in the document. If the block is not qualified, then the algorithm terminates by
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returning the list of hypothesized boundaries (hypBoundaries). Intuitively, the

first block is explicitly qualified since it begins with the first sentence in the doc-

ument. A predicted segment contains a minimum number of two sentences and

a maximum number of sentences that a block holds at maximum, which is the

block size given as input. The pseudocode of the algorithm is shown in Figure

3.2.

An iteration of the algorithm (lines #8 — 47 in the pseudocode) proceeds as

applying the following steps:

Step-1:

Step-2:

Step-3:

Step-4:

Step-5-:

Insert the beginning sentence id of the block into the list of predicted bound-

aries since it indicates the beginning of a new segment (line #8).

Determine the end of the block. In other words, find the id of the last
sentence to be included into the block (lines #9 — 12).

Form sentence pairs and store each such pair associated with its relevancy
score in the respective lists, sentencePairs and relevancyScores. More
specifically, form sentence pairs by storing each sentence s; in the block
with the most relevant sentence s; in that block where ¢ # j. The relevancy
between two sentences is computed by the SR function defined in Section
3.3. The most relevant sentence s; to s; is the sentence where SR gives the
highest value for the pair (s;, s;) among all possible pairs. Then, also hold
the relevancy scores in the list relevancyScores for the pairs in sentencePairs
(lines #13 — 17).

Eliminate sentence pairs which do not satisfy the threshold condition. As-
suming that the relevancy scores of the sentence pairs are normally dis-
tributed, the threshold is based on the mean (u) and standard deviation
(o) of the scores. More specifically, it is the difference of the mean and devi-
ation (u— o). Then, pairs having scores under this threshold are eliminated
from the list of sentencePairs (lines #18 — 20).

Form a new segment by considering the list of sentence pairs: Examine each

sentence and its most related sentence in the list of sentencePairs (lines #21
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Step-6':

Step-7:

Step-8:

—45). This step starts with initializing the first contents of the segment. For
this purpose, retrieve the first pair(s;, s;) from the list sentencePairs, and
built the initial content of the segment by inserting sentence ids between
the beginning sentence id of the block (blockStart) and maximum of the
sentence ids, ¢ and j. If the content of the segment contains the id of the
last sentence in the document (endmost), then do not search new content for
this segment, and go to Step-6. Otherwise, first retrieve the next sentence
pair (s;,s;) from the list sentencePairs, and then iteratively search new
content for the segment being currently built. An iteration of this process
then proceeds as follows (lines #33 — 44):

e If the content of the segment contains the id of the most related sen-
tence to s; — the most related sentence is s; and its id is j — then
add sentence ids between the last element of content and the id of the

currently examined sentence s;, if possible (lines #33 — 39).

e Retrieve the next sentence pair (s;, s;) from the list sentencePairs. 1f
there is no such pair left to be retrieved from the list sentencePairs,
then do not search any new content anymore — go to Step—6 — since
all pairs have been examined. Otherwise, go back to the previous
iteration step of searching new content for the segment (lines #40 —
44).

Set the beginning of the new block to be considered in the next iteration by

adding one to the last element contained in the list segmentContent (line

4£46).

Clear the contents of the lists to be reused in the next iteration (line #47).
That is, clear out the contents of sentencePairs, relevancyScores and seg-

mentContent.

Go back to Step—1 if the beginning of the new block qualifies. That is, if it
is less than the last sentence id of the document, then go back to Step—1;
otherwise stop iterating (line #48).
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Algorithm BTS (Document d, Integer blockSize)

Require: Preprocess d and construct HAL vectors for terms in d

1:

%]

[¥¥] Lad [ %] [ o] [ ] [ o] (o] [ ] (=] [S=] [
—_- O [ [

L

OO =]

Create a list hypBoundaries to hold predicted segment boundaries
Create a list sentencePairs to hold most related sentencesin a certain block
Create a list relevancyScores to hold relevancy scores of sentence pairs in a certain block
Create a list segmenrContent to hold contents of a certain predicted segment
blockStart « 1
endmost «— number of sentencesind
repeat
Add blockStart to hypBoundaries
blockEnd « blockStart + blockSize — 1
if blockEnd = endmost then
blockEnd «— endmost
end if
for each sentence s; in the currentblock B do
Find the most relevant sentence 57 in Bto s: (i #j)
Add pair (si, 57) to sentencePairs
Add relevaney score of the pair (s, 57) to relevancyScores
end for
Compute mean () and standard deviation () of relevancyScores
relevancyThreshold «— (u - o)
Eliminate pairs from sentencePairs with score less than relevancyThreshold
Retrieve the first pair (s;. 5;) from sentencePairs
SfarIndex «— max (i, j)
for k<« blockStart to farlndex do
Add & to segmentContent
end for
searchContent «— true
if segmentContent contains endmost then
searchContent +— false
else
Retrieve the next pair (s;. 5;) from sentencePairs
end if
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while searchContent
if segmentContent contains j then
nextltem «— (Last element in segmentContent) + 1
while nextltem <=1
Add nextltem to segmentContent
nextltem <« nextltem + 1
end while
end if
if there is no remaining pair left to be retrieved from sentencePairs then
searchContent < false
else
Retrieve the next pair (s;, 5;) from sentencePairs
end if
end while
blockStart «— (Last element in segmentContent) + 1
Clear the contents of sentencePairs, relevancyScores, segmentContent

- until blockStart == endmost

: return hypBoundaries

Figure 3.2: Pseudocode for the proposed segmentation algorithm, BTS.

33



Chapter 4

Evaluation Measures

This chapter presents methods for quantitatively evaluating and comparing the
performance of different segmentation techniques. The initial attempt was to
employ the same measures derived for evaluating performance in information
retrieval and various classification systems. Despite those standard metrics were
used in earlier analyzes, it was later noticed that such measures were inconvenient
for the task of segmentation, and some alternative measures were proposed for
more reliable assessments. Thus, evaluation metrics for this task basically fall into

two categories, namely, classification-based and segmentation-based measures.

4.1 Classification-Based Measures

A typical evaluation based on binary classification is to count the number of
correctly and incorrectly predicted class labels for instances given ground truth
(or gold standard) information about their classes. A more detailed analysis is
further possible through such knowledge, for instance, results in terms of accu-
racy, precision and recall. Segmentation can be thought of as binary classification
problem where instances are all potential boundaries, and class labels are defined

as boundary and non-boundary. Therefore, the initial approach for evaluating
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Figure 4.1: An example of reference and hypothesized segmentation. FEach sen-
tence is depicted as a box, and black boxes represent boundaries.

segmentation techniques was exactly the same as the evaluation in binary classi-

fication.

Given a particular document, all sentences except from the first and last
sentence are potential boundaries. Obviously, the first sentence indicates the
beginning of the initial segment, which is therefore explicitly marked as boundary,
and the last sentence denotes the end of the last segment, which is an explicit non-
boundary. As a result, each sentence is predicted as either a boundary (positive)

or non-boundary (negative).

Hypothesized Hypothesized
Boundary Non-boundary
True True Positive (TP) False Negative (FN)
Boundary
True False Positive (FP) True Negative (TN)
Non-boundary

Table 4.1: Contingency table for the possible outcomes of a segmentation system.

In such an evaluation, the first step is therefore to find the number of cor-
rectly and incorrectly hypothesized as well as non-hypothesized boundaries by a
particular system. More specifically, correctly predicted boundaries are true pos-
itives where incorrectly predicted boundaries are false positives (false alarms).
Similarly, true negatives are correctly hypothesized non-boundaries whereas false
negatives (misdetections) are incorrectly hypothesized non-boundaries. Table 4.1
clearly summarizes these notions. Once getting these counts, the following step

is to compute standard effectiveness measures (precision, recall and F-measure).
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Precision [49, 50] is the fraction of hypothesized boundaries that are indeed

true boundaries (Equation 4.1).

#(Correctly  hypothesized boundaries) TP
#(Hypothesized boundaries) TP+ FP

Precision = (4.1)

Recall [49, 50] is the proportion of true boundaries that are predicted by the
system (Equation 4.2).

#(Correctly  hypothesized boundaries) TP
#(True boundaries) TP+ FN

Recall = (4.2)

F-measure [51, 50] is another metric which summarizes the effectiveness in a
single number in terms of precision and recall. By definition, it is the weighted

harmonic mean of precision and recall (Equation 4.3).

(8% 4+ 1) x Precision x Recall

F =
B2 Precision + Recall

(4.3)

2 x Precision x Recall
Fﬁ:l =

Precision + Recall (44)

Early evaluations for the task of segmentation were based on those
classification-based measures. However, it was later realized that such measures
were not appropriate for evaluating segmentation systems [3, 52]. The reason is
that such measures yield similar results for both a quite terrible system and a
system which predicts boundaries almost close to the referenced ones. In this sit-
uation, these standard measures heavily penalize systems which nearly miss the
actual boundaries. Therefore, Beeferman et al. [3] states that closely estimated
boundaries should count for something. For this purpose, one possible solution
is to allow matches within a predefined sized window as well as the exact ones
[53, 35]. However, this solution yet remains problematic in the sense that a pre-

dicted boundary just outside the window is still counted as bad as a further one.
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Moreover, it is not possible to differentiate a perfect system from an almost-close
system. For these reasons, such metrics are not reliable for evaluating the real
performance of segmentation systems, and alternative measures are proposed to

address these problematic issues.

4.2 Segmentation-Based Measures

This type of evaluation measures becomes prominent for evaluating segmenta-
tion systems, and solves issues regarding to initial evaluations based on standard
classification measures. In other words, they are more sensitive to near misses,
incorrectly detected segments and misdetections. Moreover, they do not enable
trivial unprincipled techniques (e.g. identifying boundaries everywhere, or iden-

tifying no boundaries) to receive high evaluation scores.

Such measures are actually error (penalty) metrics. As they evaluate segmen-
tations in terms of error, low scores indicate accurate segmentations. Roughly
speaking, these measures find disagreements between the referenced and hypoth-
esized segmentations by employing a fixed-sized sliding window across the text.
In more detail, they share the following evaluation strategy: Pass a constant-sized
window through the document and evaluate each time whether the two ends of
the window are properly segmented given the knowledge of hypothesized and ref-
erenced segmentations. Lastly, normalize the total observed error by the number
of windows. The difference lies in how each measure tends to examine the two

ends of the window.

It is also remarkable that such metrics can also be analyzed in terms of missed
boundaries and false alarms (incorrectly identified boundaries) to present a per-
formance tradeoff as analogous to precision and recall for particular applications

interested in such detail.
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4.2.1 P;: Probability of Segmentation Error

The probabilistic measure, Py, is the probability that a randomly chosen pair
of words, which are k-words apart from each other, is incorrectly classified by
the hypothesized segmentation [3]. In other words, such segmentation either
incorrectly predicts the pair in the same segment or falsely detects words in the
pair as belonging to different segments. As P, defines segmentation error in terms
of probability, it ranges between 0 and 1. A perfect segmenter, which correctly
hypothesize all boundaries, receives a score of 0 whereas a completely inaccurate

segmenter may receive a score of 1.

Py is computed as follows: Slide a fixed-sized (width of k) window across
the text, and for each window position, compare the decision of hypothesized
segmentation to the referenced one about whether they agree on the separation
of two ends of the window. For a certain window with start i and end j, dg(3, j)
is equivalent to one if the referenced segmentation (R) considers i and j in the

same segment, and zero otherwise (Equation 4.5).

o 1 if R assigns ¢ and j to the same segment
Or(i,j) = (4.5)
0 otherwise

Similarly, 6 (i, j) evaluates to one if the hypothesized segmentation (H) pre-

dicts i and j in the same segment, and zero otherwise (Equation 4.6).

o 1 it H assigns ¢ and j to the same segment
0 otherwise

Then, for a single window with start i and end j, the error is computed as
Or(i,j)®dm(i,j) where @ is the XOR operator. It means that error becomes one
if segmentations disagree on the seperation of the two ends of the window, and
otherwise zero. Lastly, total error is computed by summing the errors observed

over all windows, and it is normalized by the number of windows (Equation 4.7).
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N—k
> Op(i,i+k)®ou(i,i+k)
i=1

(N —k)

P = (4.7)

where N is the number of words in the text.

The window size parameter, k, is typically determined as half the average seg-
ment length (in terms of words) in the referenced segmentation thereby ensuring
that all trivial algorithms (hypothesizing boundaries everywhere, no boundaries,
randomly placed boundaries and uniformly placed boundaries) almost receive the
score of P, = 0.5.

Hypothesized
segmentation l ‘ J ‘ ‘
Words —=- - ..ol L
Reference ‘ ’ [ [ [
segmentation — ’|‘ 1 1' ’|‘
no error miss false alarm  no error

(a) (b) © (d)

Figure 4.2: P, evaluation for certain windows [3].

Figure 4.2 shows possible outcomes of the evaluation based on particular win-
dows. Note that there exists k£ potential boundaries between two ends of a win-
dow. Intuitively, hypothesized and referenced boundaries either agree or disagree
about the seperation of the two edges of the window. As initiated by the TDT
Program [4], further analysis based on disagreements can be achieved for partic-
ular applications interested in such detail. Specifically, disagreements or failures
can be viewed as false alarms (false positives) and misses (false negatives). False
alarms are incorrectly identified boundaries by the hypothesized segmentation,
and misses correspond to boundaries that could not be predicted by the hypoth-
esized segmentation. Therefore, P, can be expressed as the probability of misses
and the probability of false alarms (Equation 4.8). Py is the probability of
observing no hypothesized boundary among windows including real boundaries
(Equation 4.9), and Prgisealarm is the probability of observing a hypothesized

boundary among windows including no real boundaries (Equation 4.10).
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Pk = PMiss + PFalseAlarm (48)

where

>0 Ou(iyi+k).(1—0g(i, i+ k))

PMiss = =1 N—Fk (49)

S(1=0r(i,i + k)

=1

> (1=10u(i,i+k)).or(i, 1+ k)

N-k

i=1

(4.10)

PFalseAlarm =

4.2.2 WD: WindowDiff

Despite P is the standard measure for evaluating segmentations, it penalizes
misses (false negatives) more heavily than false alarms (false positives). Specif-
ically, the total penalty for false negatives is always k (width of the window)
where it is k/2 on average while assuming a uniform distribution of boundaries
across the document [54]. Moreover, it does not consider the number of reference
and hypothetical boundaries within a window which may cause some errors being
unpenalized. For these reasons, Pevzner et al. [54] proposes a new metric called
WindowDiff (WD) which addresses these problematic issues.

remee - QO OOOOO0O0 -
mmmmO?OOd?OOm

Figure 4.3: WD evaluation for a certain window of size k = 4. Circles represent
words, and vertical lines indicate boundaries.
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WD also employs a sliding window of fixed-length k to measure the error but
in a slightly different way rather than P;. For a certain window with start i and
end j, it evaluates the segmentation by comparing the number of hypothetical
boundaries, H(i,7), to the number of referential boundaries, R(i,7), lie within
that window, indeed by taking the absolute difference of them. Then, it computes
overall error by summing errors observed across all windows, and normalize it by

the number of windows (Equation 4.11).

]g [|R(i,i + k) — H(i,i + k)| > 0]

Wb = (N — k)

(4.11)

WD is also expressed as misses (false negatives) and false alarms (false posi-

tives):
WD = WDM'L'SS + WDFalseAlarm (412)
where
N—k
> IR, i+ k) > H(i,i + k)]
WD iss — =1 4.13
M (N — k) ( )
N—k
> (IRG,i+k) < H(i+K)]
WDFalseAlarm = =1 (N — k’) (414)

WD and P, are the most-widely used metrics as reporting the performance

of segmentation techniques.
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4.2.3  Preor

Georgescul et al. [55] propose another probabilistic measure, Pre. o, to solve the
problem with WD, and also allow a tradeoff between misses and false alarms.
It is noticed that WD penalizes misses less than false alarms. Both penalties
are normalized by the total number of windows although it does not hold for
misses. The reason is that misses occur only in the windows which contain true
boundaries. Therefore, the number of misses is normalized by the number of

windows including real boundaries.

S CURGL k) > HG i+ B
Pragiss = “——— (4.15)
> 1RG4k > 0]
N—k
(1RG,i + k) < H(i,i +E)]]
PrpalseAlarm = ~— (4.16)

(N —k)

Misses and false alarms may be considered in varying degrees of importance
depending on the application. For this purpose, Pre..., has cost variables as-
sociated with both type of penalties so that it allows a tradeoff between them
(Equation 4.17). The cost of a miss is Cyyiss where 0 < Chyiss < 1, and the
cost of a false alarm is Crasediarm Where 0 < Craiseaiarm < 1. These cost values
add up to one to ensure that Pr...,. ranges between zero and one. For equal

importance, each cost takes a value of 0.5.

Prerror = CMiss'PrMiss + CFalseAlarm-PTFalseAlarm (417)
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Chapter 5

Datasets and Experiments

5.1 Datasets

There commonly exist two types of datasets to evaluate the performance of seg-
mentation systems. These are text (synthetic) and speech datasets. Synthetic
collections include documents typically created by concatenating different topical
segments. In contrast, speech datasets include documents inherently containing
several topical segments. Such collections are typically consists of speech tran-
scripts produced by either manually or automatically through automatic speech
recognition (ASR) systems. However, transcripts produced by ASR often include

word errors and sentence segmentation errors.

Document Segment
Count Count
Brown 200 2000
TRT 54 520
BilSeg 100 1000

Table 5.1: Statistics about the collections used for performance evaluation.

We evaluate the performance of the segmentation algorithms on three
datasets: Chot in English, TRT and BilSeg in Turkish. Table 5.1 presents

some statistics regarding to these collections.
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Figure 5.1: Distribution of segment lengths in the Choi collection.

Choi dataset is a synthetic corpus [37], and commonly used in the evaluation of
segmentation systems. It includes a set of documents, each built by concatenating
randomly sampled segments from the Brown corpus. We employ the subset of
the Choi collection, which contains 200 documents where each document consists
of ten segments. In this subset, there are 50 documents containing segments each
with the length of 3-5, 6-8, 9-11 and 3-11 sentences (Table 5.2).

3-5 6-8 9-11 3-11
#(documents) 50 50 50 50

Table 5.2: Number of documents in the Choi subcollection regarding to various

segment length intervals.

TRT is a speech corpus containing news broadcast transcripts produced by
manually [56]. Each transcript corresponds to a different news broadcast pro-
gram, and includes distinct news stories. The length of segments in this collection

ranges from two to thirteen sentences.

BilSeq is a synthetic corpus that includes documents created by concatenating
randomly selected news articles from BilCol [18]. It is built in the same manner as
the collection created by Ercan [11]. The length of the segments in this collection

ranges from two to twenty three sentences.
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Figure 5.2: Distribution of segment lengths in the TRT collection.
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Figure 5.3: Distribution of segment lengths in the BilSeg collection.

5.2 Experimental Results and Discussion

We conducted experiments on the datasets mentioned in the previous section in
order to evaluate and compare the performance of the proposed algorithm, BTS,

with the two state-of-the-art algorithms, C'99 and TextTiling.

The proposed algorithm depends on several parameters. Specifically, window-

Size and featureReduction are HAL-space parameters, and blockSize is the only
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parameter of the algorithm. We performed searches for the optimal parameter

settings that achieved the best performance in each dataset.

The first subsection investigates the effect of HAL space parameters while the
parameter blockSize is set as the maximum segment length in sentences for each
document in the respective collection. The next subsection analyzes the impact
of the parameter blockSize as there is no knowledge regarding to the maximum
segment length for a document. As analyzing the blockSize parameter, note
that the HAL space parameters are determined as the parameter settings that
achieve the best performance on each dataset in the first subsection. Lastly, the
final subsection compares the best performance of the BTS algorithm with the

performance of the specified state-of-the art algorithms.

5.2.1 Maximum Segment Length is Known

This section examines the effect of HAL space parameters, windowSize and featur-
eReduction while setting the algorithm parameter blockSize as the maximum seg-
ment length in sentences for the respective document given the knowledge of such
information. The windowSize parameter determines the size of the co-occurrence
window as building co-occurrence matrix, and featureReduction determines the
decision about whether to eliminate some features of the HAL vectors built for
the document terms based on the predefined threshold. The values experimented
for the parameter windowSize ranges from 3 to 10 with/without the application
of feature reduction to the HAL vectors. These parameters are analyzed in terms
of P, and WD in each dataset, and the parameter settings that achieve the best
performance for each dataset are reported together with the detailed evaluation

results obtained by applying the proposed algorithm under these settings.

For the Chot collection, the best performance is achieved by the parameter
setting where windowSize is 3 and featureReduction is applied to HAL vectors of
document terms. As the windowSize increases, HAL vectors contain more words
which may cause introducing spurious relatedness information, and therefore, the

correlation between terms degrades accordingly. Therefore, the segmenter does
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not perform well under such settings for the windowSize parameter.

Precision Recall F-mes P WD
PS1 0.478 0.587 0.522 0.227 0.283
PS2 0.496 0.582 0.532 0.220 0.262

Table 5.3: Best results achieved for Choi collection where the parameter setting
PS1:{windowSize = 3, featureReduction = false} and PS2:{windowSize = 3,

featureReduction = true}.
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Figure 5.4: The plots of WD and Py for Choi collection due to selected co-

occurrence window sizes as feature reduction is (a) not applied (b) applied.
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For the TRT collection, the best performance is achieved by the parameter

setting where windowSize is 4 and feature Reduction is not applied to HAL vectors

of document terms. However, notice that the setting where windowSize is 7 and

featureReduction is applied attains results closer to the best results.
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Figure 5.5: The plots of WD and P, for TRT collection due to selected co-

occurrence window sizes as feature reduction is (a) not applied (b) applied.
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Precision Recall F-mes b, WD
PS1 0.519 0.487 0.502 0.259 0.275
PS2 0.521 0.501 0.511 0.260 0.281

Table 5.4: Best results achieved for TRT collection where the parameter setting
PS1:{windowSize = 4, featureReduction = false} and PS2:{windowSize = 7,

featureReduction = true}.

For the BilSeg collection, the best performance is achieved by the parameter
setting where windowSize is 5 and featureReduction is applied to HAL vectors
of document terms. However, notice that the same windowSize setting with

featureReduction is not applied obtains results very close to the best results.

Precision Recall F-mes P, WD
PS1 0.552 0.618 0.583 0.207 0.245
PS2 0.570 0.587 0.578 0.214 0.244

Table 5.5: Best results achieved for BilSeg collection where the parameter setting
PS1:{windowSize = 5, featureReduction = false} and PS2:{windowSize = 5,

featureReduction = true}.

One common observation is that as we examine the plots regarding to P
and WD, P, values are always less than WD values obtained for a particular
collection. It shows that the proposed algorithm often tends to produce false

alarms, and P, fails to detect some of them.
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Figure 5.6: The plots of WD and P, for BilSeg collection due to selected co-

occurrence window sizes as feature reduction is (a) not applied (b) applied.

5.2.2 Maximum Segment Length is Unknown

This section analyzes the impact of the blockSize parameter as there is no knowl-
edge regarding to the maximum segment length for a document. As analyzing
the blockSize parameter, note that the HAL space parameters are determined as
the parameter settings that achieve the best performance on each dataset in the

previous section.
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For the Choi and TRT collections, the best performance is observed when
blockSize is 10, and for the BilSeg collection, the best performance is achieved
when blockSize is 15. Thus, the proper selection of blockSize may depend on
the characteristics of the documents in a collection, particularly the variation
in segment lengths in the documents. The results achieved by these parameter
settings are worse than the results obtained by the parameter settings in the

previous section.
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Figure 5.7: The plots of WD and Py for Choi collection due to selected block

sizes given that windowSize = 3 and featureReduction is applied.
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Figure 5.8: The plots of WD and Py for TRT collection due to selected block

sizes given that windowSize = 4 and featureReduction is not applied.
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Figure 5.9: The plots of WD and P, for BilSeg collection due to selected block

sizes given that windowSize = 5 and featureReduction is applied.

Precision

Recall

F-mes

P

WD

PS

0.452

0.503

0.476

0.248

0.298

Table 5.6: Best results achieved for Choi collection where the parameter setting
PS:{windowSize = 3, featureReduction = true, blockSize = 10}.

Precision

Recall

F-mes

Py

WD

PS

0.493

0.424

0.456

0.298

0.316

Table 5.7: Best results achieved for TRT' collection where the parameter setting
PS:{windowSize = 4, featureReduction = false, blockSize = 10}.

Precision

Recall

F-mes

Py

WD

PS

0.540

0.533

0.537

0.235

0.269

Table 5.8: Best results achieved for BilSeg collection where the parameter setting
PS:{windowSize =5, featureReduction = true, blockSize = 15}.
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5.2.3 Performance Comparison

This section compares the best performance achieved by the proposed algorithm,
BTS, with the performance of the two state-of-the art algorithms, C'99 and Text-
Tiling. As drawing general conclusions by simply looking at the results, C99
outperforms the other methods on all datasets. On the TRT collection, C'99 out-
performs BTS just by 3% in terms of W D. On the BilSeg collection, the BTS is
ranked as the third algorithm just by 1% difference in terms of WD due to the
secondly ranked method TextTiling.

The performance of the algorithms are also statistically evaluated in terms of
the evaluation metric WD by applying ANOVA, which is the common statistical
method for testing the differences between multiple means [57, 58, 59]. For this
purpose, each document is considered as an observation, and the documents are
assumed to be independent from each other. Another assumption is that WD
values are approximately normally distributed and there exists homogeneity of
variances. As the post—hoc test, we choose Tukey [60] with the significance level
of 0.05 to find out which algorithms actually differ. For statistical testing, we
employ IBM SPSS Statistics Version 22.0.0 [61].

For the Choi collection, there is a statistically significant difference between
the means as determined by one—way ANOVA. A Tukey post—hoc test then re-

vealed that the difference is statistically significant for all algorithms.

For the TRT collection, there is a statistically significant difference between
the means as determined by one-way ANOVA. A Tukey post—hoc test then re-
vealed that the difference is statistically significant between the algorithms €99
and TextTiling, and BTS and TextTiling. There is no statistically significant
differences between C'99 and BTS.

For the BilSeg collection, there is a statistically significant difference between
the means as determined by one-way ANOVA. A Tukey post—hoc test then re-
vealed that the difference is statistically significant between the algorithms C'99
and TeztTiling, and C99 and BTS. There is no statistically significant differences
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between TextTiling and BTS.

Our proposed algorithm shows nearly consistent performance for each dataset
without being affected by the type of the datasets. However, C99 is strongly af-
fected as producing segmentations for the TRT collection. Thus, the performance
of C'99 varies according to the selected dataset. We can further hypothesize that
our method finds many false alarms as we examine the precision values, and these
may correspond to subtopic shifts in a segment. Therefore, it is possible that our

proposed method can be more successful as producing fine-grained (hierachical)

segmentations.
Precision Recall F-mes I WD
C99 0.726 0.752 0.739 0.116 0.135
TT 0.495 0.606 0.545 0.247 0.308
BTS 0.496 0.582 0.532 0.220 0.262

Table 5.9: Performance comparison of C99, TT(TextTiling) and BTS for the
Chot collection.

Precision Recall F-mes b, WD
C99 0.652 0.501 0.567 0.235 0.242
TT 0.353 0.200 0.256 0.352 0.376
BTS 0.519 0.487 0.502 0.259 0.275

Table 5.10: Performance comparison of C99, TT(TextTiling) and BTS for the

TRT collection.

Precision Recall F-mes b, WD
99 0.756 0.746 0.751 0.127 0.142
TT 0.499 0.504 0.502 0.206 0.230
BTS 0.570 0.587 0.578 0.214 0.244

Table 5.11: Performance comparison of C99, TT(TextTiling) and BTS for the
BilSeg collection.
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Chapter 6

Conclusions and Future Work

We present a novel local-context based approach depending on lexical cohesion for
linear text segmentation, which is the task of dividing text into a linear sequence
of coherent segments. As the lexical cohesion indicator, the proposed technique
exploits relationships among terms induced from semantic space called HAL (Hy-
perspace Analogue to Language), which is built upon by examining co-occurrence
of terms through passing a fixed-sized window over text. We define new concepts
regarding to term correlation and sentence relatedness. The algorithm iteratively
discovers topical shifts by examining the most relevant sentence pairs in a block
of sentences considered at each iteration. The proposed technique is evaluated
on both error-free speech transcripts of news broadcasts and documents formed
by concatenating different topical regions of text. A new corpus for Turkish is
automatically built where each document is formed by concatenating different
news articles. For performance comparison, two state-of-the-art methods, Text-
Tiling and C99, are leveraged, and the results show that the proposed approach

has comparable performance with these two techniques.

We consider the following directions for future work:

e Determining the algorithm parameter blockSize automatically by examining

the document to be segmented,
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e Embedding different term correlation and sentence relatedness measures

into the proposed algorithm, BTS,

e Building HAL vectors for terms over the collection instead of the document

to be segmented,

e Applying the proposed algorithm for the task of hierarchical text segmen-

tation.
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