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1.1 Introduction

In human language, words and sentences do not appear randomly, but usu-
ally there is a structure. For example, combinations of words form sentences
- meaningful grammatical units, such as statements, requests, and commands.
Likewise, in written text, sentences form paragraphs - self-contained units of
discourse about a particular point or idea. Sentences may also be related to
each other, by explicit discourse connectives, such as therefore.

Automatic extraction of structure of documents helps subsequent natural
language processing (NLP) tasks; for example, parsing, machine translation
and semantic role labeling use sentences as the basic processing unit [61, 57].
Sentence boundary annotation is also important for aiding human readability of
the output of automatic speech recognition (ASR) systems [43]. Furthermore,
chunking the input text or speech into topically coherent blocks provides better
organization and indexing of the data. For example, one can wish to listen to
a portion of a long speech about a specific topic. Similarly, articles belong-
ing to the same topic may be categorized and processed further. Given the
ever-growing problem of written and spoken information overload, extracting
the structure of textual and audio documents is a meaningful and sometimes
necessary first step in most speech and language processing applications.

Here, we discuss methods for finding the structure of documents, where only
the sentence and group of sentences related to a topic are considered as the
structure elements, for simplicity.

1



2 CHAPTER 1. FINDING THE STRUCTURE OF DOCUMENTS

In this chapter, we call the task of deciding where sentences start and end
given a sequence of characters (made of words and typographical cues) sen-

tence boundary detection. Similarly, we refer to topic segmentation as
the task of determining when a topic starts and ends in a sequence of sentences.
We present statistical classification approaches that try to infer the presence
of sentence and topic boundaries given human-annotated training data, for seg-
mentation.1 These methods base their predictions on features of the input: local
characteristics that give evidence toward the presence or absence of a sentence or
topic boundary, such as a punctuation sign, a pause in speech, and a new word
in a document. Features are the core of classification approaches, and require
careful design and selection in order to be successful and prevent overfitting and
noise problems.

Note that while most statistical approaches described in this chapter are
language independent, every language is a challenge in itself. For example, for
processing of Chinese documents, one may need to first segment character se-
quences into words, as the words usually are not separated by a space. Similarly,
for morphologically rich languages, one may need to analyze the word structure
to extract additional features. Such processing is usually done in a prepro-
cessing step, where a sequence of tokens is determined. Tokens can be words
or sub-word units, depending on the task and language. These algorithms are
then applied on tokens. Segmentation aims to decide if a boundary in between
two tokens should be marked as a sentence (or a topic) boundary or not.

Instead of focusing on techniques used for sentence and topic segmentation
individually, we first formally define these tasks and present techniques for sen-
tence and topic segmentation in a unified framework. Then, we present the
features used for segmenting text or speech.

1.1.1 Sentence Boundary Detection

Sentence boundary detection (also called sentence segmentation) deals with
automatically segmenting a sequence of word tokens into sentence units. In
written text in English and some other languages, the beginning of a sentence
is usually marked with an uppercase letter, and the end of a sentence is ex-
plicitly marked with a period (.), a question mark (?), an exclamation mark
(!), or another type of punctuation. However, in addition to their role as sen-
tence boundary markers, capitalized initial letters are used to distinguish proper
nouns, periods are used in abbreviations, and numbers and other punctuation
marks are used inside proper names. For instance, 10% of the periods in the
Brown corpus are abbreviations [24], such as “Dr.” that can be an abbreviation
for the words doctor and drive. And the period at the end of an abbreviation
can be marking a sentence boundary at the same time, or not. For example,
consider the following two sentences: “I spoke with Dr. Smith.” and “My house
is on Mountain Dr.”. In the first sentence, the abbreviation Dr. does not end a
sentence, and in the second it does. This percentage of periods that are used to

1We use the term segmentation to refer to both tasks.
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mark an abbreviation rises to 47% in the Wall Street Journal Corpus [54]. For
example, in the following sentence, partly taken from the Wall Street Journal
part of the OntoNotes [37] corpus, only the last period ends the sentence:

“This year has been difficult for both Hertz and Avis”, said Charles Finnie,
car-rental industry analyst - yes, there is such a profession - at Alex. Brown &
Sons.

Such sentences containing other sentences are not infrequent. Especially
quoted sentences are always problematic, as the speaker may have uttered mul-
tiple sentences, and sentence boundaries inside the quotes are also marked with
punctuation marks. An automatic method that outputs word boundaries as
ending sentences according to the presence of such punctuation marks would
result in cutting of some sentences wrongly. Furthermore, if the sentence above
is spoken instead of written, prosodic cues usually mark structure.

Ambiguous abbreviations and capitalizations are not the only problem of
sentence segmentation in written text. “Spontaneously” written texts, such as
small message system (SMS) texts or instant messaging (IM) texts, tend to
be nongrammatical and have poorly used or missing punctuation, which makes
sentence segmentation even more challenging [98, 2].

Similarly, if the text input to be segmented into sentences comes from an
automatic system, such as optical character recognition (OCR) or ASR, that
aims to translate images of handwritten, typewritten, or printed text or spoken
utterances into machine-editable text, the finding of sentence boundaries must
deal with the errors of those systems as well. For example, [84] observed that an
OCR system easily confuses periods and commas, and can result in meaningless
sentences. ASR transcripts typically lack punctuation marks and are usually
monocase; hence, all ASR output word boundaries can be ending or beginning
a sentence. [80] asked human subjects to repunctuate monocase texts, and they
performed at an F1-measure of about 80%, which illustrates the difficulty of
the task. In such input, sentence segmentation methods usually hypothesize a
sentence boundary in between every two tokens.

On the other hand, for conversational speech or text, or multiparty meetings,
with ungrammatical sentences and disfluencies, in most cases it is not clear
where the boundary is. The inter-annotator agreement was quite low [48] during
the segmentation of the Linguistic Data Consortium (LDC) distributed ICSI
Meeting Corpus [41]. In an example utterance of okay no problem, it is not clear
whether there is a single sentence or two. The problem may be redefined for the
conversational domain as the task of dialog act segmentation, since dialog acts
are better defined for conversational speech using a number of markup standards
such as Dialog Act Markup in Several Layers (DAMSL) [16] or Meeting Recorder
Dialog Act (MRDA) [76]. According to these standards, the example sentence
okay no problem consists of two sentential units (or dialog act units): okay and
no problem.

In most practical applications relying on automatic sentence segmentation,
the task can be redefined according to the need of the following task. For exam-
ple, the sentence “I think so but you should also ask him” may be a grammatical
sentence as a whole, but for DAMSL and MRDA standards there are two dia-
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log act tags, one affirmation and one suggestion. Such a modification may be
needed for conversation analysis, such as speaker role detection or sentiment
analysis. This task can be seen as a semantic boundary detection task instead
of syntactic.

Code switching – that is, the use of words, phrases, or sentences from mul-
tiple languages by multilingual speakers – is another problem that can affect
the characteristics of sentences. For example, when switching to a different
language, the writer can either keep the punctuation rules from the former lan-
guage or resort to the code of the later language (for instance, Spanish uses
the inverted question mark to precede questions). Code switching also affects
technical texts for which the meanings of punctuation signs can be redefined, as
in unified resource locators (URLs), programming languages, and mathematics.
One must detect and parse those specific constructs in order to process technical
texts adequately.

Conventional rule-based sentence segmentation systems in well-formed texts
rely on patterns to identify potential ends of sentences and lists of abbrevia-
tions for disambiguating them [54, 36, 29, 12]. For example if the word before
the boundary is a known abbreviation, such as “Mr.” or “Gov.”, the text is
not segmented at that position even though there is a period with some ex-
ceptions. While rules cover most of these cases, they do not address unknown
abbreviations, abbreviations at the ends of sentences, or typos in the input text.
Furthermore, such rules are not robust to text that is not well formed, such as
forums, chats, or blogs, and spoken input that completely lacks typographic
cues. Moreover each language requires a specific set of rules.

To improve on such a rule-based approach, sentence segmentation is stated as
a classification problem. Given training data where all sentence boundaries are
marked, one can train a classifier to recognize them as described in Section 1.2.
Sentence segmentation in text usually uses the punctuation marks as delimiters
and aims to categorize these as sentence-ending/beginning or not. On the other
hand, for speech input, all word boundaries are usually considered as candidate
sentence boundaries.

1.1.2 Topic Boundary Detection

Topic segmentation (sometimes referred to as discourse or text segmentation)
is the task of automatically dividing a stream of text or speech into topically
homogeneous blocks. That is, given a sequence of (written or spoken) words,
the aim of topic segmentation is to find the boundaries where topics change.
Figure 1.1 gives an example of a topic change boundary from a broadcast news
program.

Topic segmentation is an important task for various language understanding
applications, such as information extraction and retrieval, and text summariza-
tion. For example, in information retrieval, if one can segment long documents
into shorter, topically coherent segments, then only the segment that is about
the user’s query could be retrieved.

During the late 1990s, the U.S. Defense Advanced Research Projects Agency
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. . . Tens of thousands of people are homeless in northern China tonight af-

ter a powerful earthquake hit an earthquake registering 6.2 on the Richter

scale at least 47 people are dead. Few pictures available from the re-

gion but we do know temperatures there will be very cold tonight -7 de-

grees. <TOPIC CHANGE> Peace talks expected to resume on Monday

in Belfast, Northern Ireland. . . .

Figure 1.1: Example of a topic boundary in a news article.

(DARPA) initiated the Topic Detection and Tracking (TDT) program to further
the state of the art in finding and following new topics in a stream of broadcast
news stories [96]. One of the tasks in the TDT effort was segmenting a news
stream into individual stories. While TDT established a common test bed,
most researchers also use simulated environments such as by concatenating news
stories from Reuters.

For multiparty meetings, the task of topic segmentation is inspired by dis-
course analysis. For official and well-structured meetings, the topics are seg-
mented according to the agenda items, while for more casual conversational-style
meetings, the boundaries are less clear.

Topic segmentation is a nontrivial problem without a very high human agree-
ment because of many natural-language-related issues, and hence requires a
good definition of topic categories and their granularities. For example, top-
ics are not typically flat but occur in a semantic hierarchy. When a sentence
about “soccer” is followed by a sentence about “baseball”, one annotator may
mark a topic change, and the other may not, considering that soccer and base-
ball both belong to the topic “sports”. This is also the case for finer-grained
distinctions. Even though the annotators are told to segment the text into a
predefined number of topics, it is hard to define the concept of topic as it varies
greatly, depending on the semantic content. While high inter-annotator agree-
ment (with Cohen’s kappa values of 0.7-0.9) has been achieved for the TDT
corpus [19], which includes broadcast news documents and hence stories, news,
or topics usually had the same boundary. For topic segmentation of multiparty
meetings, the agreement is lower [38] (with kappa values of 0.6-0.7). Note that
for conversational speech, the topic boundaries may not be absolute. For exam-
ple, in a multiparty meeting, a few turns after switching the topic, a participant
may utter a sentence about the previous topic.

In text, topic boundaries are usually marked with distinct segmentation cues,
such as headlines and paragraph breaks. These cues are absent in speech. How-
ever, speech provides other cues, such as pause duration and speaker changes.
This is analogous to differences between sentence segmentation of text and
speech. In Section 1.5 these feature types are analyzed in more detail.
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1.2 Methods

Sentence segmentation and topic segmentation have mainly been considered as
a boundary classification problem. Given a boundary candidate (between two
word tokens for sentence segmentation, and between two sentences for topic
segmentation), the goal is to predict whether or not the candidate is an actual
boundary (sentence or topic boundary) or not. Formally, let x ∈ X be the
vector of features (the observation) associated to a candidate, and y ∈ Y be the
label predicted for that candidate. The label y can be b for boundary and b for
nonboundary. This results in a classification problem: given a set of training ex-
amples {x, y}train, find a function that will assign the most accurately possible
label y of unseen examples xunseen. Alternatively to the binary classification
problem, it is also possible to model boundary types using finer-grained cate-
gories. For example, [28] suggests that sentence segmentation in text be framed
as a three-class problem: sentence boundary with an abbreviation ba, without
an abbreviation ba, and abbreviation not at a boundary b

a
. Similarly, in spo-

ken language, a three-way classification can be made between nonboundaries b,
statement bs, and question boundaries bq.

Features can be the presence of specific word n-grams around the candidate
boundary, an indicator of being inside a quotation in text, an indicator of pres-
ence of the preceding word tokens in an abbreviation list, or duration of pause,
pitch, energy, and other duration-related features in speech. A more detailed
discussion of features is presented in Section 1.5.

For sentence or topic segmentation, the problem is defined as finding the
most probable sentence or topic boundaries. The natural unit of sentence seg-
mentation is words and of topic segmentation is sentences, as one can assume
that topics typically do not change in the middle of a sentence.2 The words or
sentences are then grouped into contiguous stretches belonging to one sentence
or topic, i.e., the word or sentence boundaries are classified into sentence or
topic boundaries and nonboundaries. The classification can be done at each
potential boundary i (local modeling); then, the aim is to estimate the most
probable boundary type, ŷi, for each candidate example, xi:

ŷi = argmax
yiinY

P (yi|xi) (1.1)

Here, theˆis used to denote estimated categories, and a variable without aˆ
is used to show possible categories. In this formulation, a category is assigned
to each example in isolation; hence, the decision is made locally. However,
the consecutive boundary types can be related to each other. For example, in
broadcast news speech, two consecutive sentence boundaries, which are forming
a single word sentence, are very infrequent. In local modeling, features can be
extracted from the surrounding example context of the candidate boundary to
model such dependencies. It is also possible to see the candidate boundaries as

2Similarly, it is sometimes assumed for topic-segmentation purposes that topics change
only at paragraph boundaries [34].
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a sequence and search for the sequence of boundary types, Ŷ = ŷ1, . . . , ŷn that
have the maximum probability given the candidate examples, X = x1, . . . ,xn:

Ŷ = argmax
Y

P (Y |X) (1.2)

In the following discussion, we categorize the methods into those of local and
sequence classification. Another categorization of methods is done according to
the type of the machine learning algorithm: generative versus discriminative.
Generative sequence models estimate the joint distribution of the observations,
P (X,Y ), (e.g. words, punctuation) and the labels (sentence boundary, topic
boundary), which requires specific assumptions (such as back-off in order to
account for unseen events) and have good generalization properties. Discrim-
inative sequence models, however, put focus on features that characterize the
differences between the labeling of the examples.

Such methods (as described in the following sections) can be used for sen-
tence and topic segmentation in both written and spoken language, with one
difference: In text, the category of all boundaries that do not include a potential
end-of-sentence delimiter (period, question mark, exclamation mark) is preset
to nonsentence or nontopic, and a category is estimated for only those word
boundaries that include a delimiter, whereas in speech, all boundaries between
consecutive tokens are usually considered.

1.2.1 Generative Sequence Classification Methods

The most commonly used generative sequence classification method for topic
and sentence segmentation is the hidden Markov model (HMM). The probability
in Equation 1.2 is rewritten as the following, using the Bayes rule:

Ŷ = argmax
Y

P (Y |X) = argmax
Y

P (X|Y )P (Y )

P (X)
= argmax

Y

P (X|Y )P (Y ) (1.3)

P (X) in the denominator is dropped, as it is fixed for different Y , and hence
does not change the argument of max. P (X|Y ) and P (Y ) can be estimated as

P (X|Y ) =

n
∏

i=1

P (xi|y1, ..., yi) (1.4)

and

P (Y ) =

n
∏

i=1

P (yi|y1, ...yi−1) (1.5)

Simplifying assumptions can be made in order to make the computation of
these probabilities tractable:

P (xi|y1, ..., yi) ≈ P (xi|yi) (1.6)

and a bigram model can be assumed for modeling output categories:



8 CHAPTER 1. FINDING THE STRUCTURE OF DOCUMENTS

SB

NB

Figure 1.2: Conceptual hidden Markov model for segmentation with two states:
one for segment boundaries, one for others.

Emitted Words . . . people are dead few pictures . . .
State Sequence . . . NB NB SB NB NB . . .

Table 1.1: Sentence segmentation with simple 2-state Markov model.

P (yi|y1, ..., yi−1) ≈ P (yi|yi−1) (1.7)

The bigram case is modeled by a fully connected m-state Markov model,
where m is the number of boundary categories. The states emit words (sen-
tences or paragraphs) for sentence (topic) segmentation, and the state sequence
that most likely generated the word (sentence) sequence is estimated. State
transition probabilities, P (yi|yi−1), and state observation likelihoods, P (xi|yi),
are estimated using the training data. The most probable boundary sequence
is obtained by dynamic programming, thanks to the Viterbi algorithm that is
used for decoding Markov models [92]. The bigram case can be extended to
higher-order n-grams at the cost of an increased complexity.

For example, Figure 1.2 shows the model for the two-class problem, for exam-
ple nonboundary (NB) and sentence boundary (SB) for sentence segmentation.
Table 1.1 shows an example sequence of words emitted.

For topic segmentation, typically instead of using two states, n states are
used, where n is the number of topics. However, obtaining state observation
likelihoods without knowing the topic categories is the main challenge. [97]
model topics with unigram language models (LMs) and the state observation
likelihoods are trained using the k-means clustering algorithm.

Note that this is not different from using an HMM as is typically done
in similar tagging tasks, such as part of speech (POS) tagging [15] or named
entity extraction [7]. However, it has been shown that the conventional HMM
approach has certain weaknesses. For example, it is not possible to use any
information beyond words, such as POS tags of the words or prosodic cues for
speech segmentation.

To this end, two simple extensions have been proposed: [77] suggested using
explicit states to emit the boundary tokens, hence incorporating nonlexical infor-
mation via combination with other models. This approach is used for sentence
segmentation and is inspired by the hidden event language model (HELM), as
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SB

NB

w

Figure 1.3: Conceptual hidden event language model for segmentation.

introduced by [81], which was originally designed for speech disfluencies. The
approach was to treat such events as extra meta-tokens. In this model, one state
is reserved for each boundary token, SB and NB, and the rest of the states are
for generating words. To ease the computation, an imaginary token is inserted
between all consecutive words, in case the word preceding the boundary is not
part of a disfluency. The following example is a conceptual representation of a
sequence with boundary tokens:

... people NB are NB dead YB few NB pictures ...
The most probable boundary token sequence is again obtained simply by

Viterbi decoding. The conceptual HELM for segmentation is depicted in Fig-
ure 1.3.

These extra boundary tokens are then used to capture other meta-information.
The most commonly used meta-information is the feedback obtained from other
classifiers. Typically, the posterior probability of being in that boundary state
is used as a state observation likelihood after being divided by prior probabili-
ties [77]. These other classifiers may be trained with other feature sets as well,
such as prosodic or syntactic. This hybrid approach is presented in Section 1.2.4.

For topic segmentation [89] used the very same idea and modeled topic-start
and topic-final sections explicitly, which helped greatly for broadcast news topic
segmentation.

The second extension is inspired from factored LMs [8], which capture not
only words but also morphological, syntactic, and other information. [32] pro-
posed using factored HELM (fHELM) for sentence segmentation using POS tags
in addition to words.

1.2.2 Discriminative Local Classification Methods

Discriminative classifiers aim to model P (yi|xi) of Equation 1.1 directly. The
most important distinction is that, while class densities, p(x|y), are model as-
sumptions in generative approaches, such as Naive Bayes, in discriminative
methods, discriminant functions of the feature space define the model. There
are a number of discriminative classification approaches, such as support vector
machines, boosting, maximum entropy, and regression, based on very differ-
ent machine learning algorithms. While discriminative approaches have been
shown to outperform generative methods in many speech and language process-
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Figure 1.4: TextTiling example(from [34].

ing tasks, training typically requires iterative optimization.
In discriminative local classification, each boundary is processed separately

with local and contextual features. No global (i.e., sentence or document wide)
optimization is performed unlike sequence classification models. Instead, fea-
tures related to a wider context may be incorporated into the feature set. For
example, one can use the predicted class of the previous or next boundary in
an iterative fashion.

For sentence segmentation, supervised learning methods have primarily been
applied to newspaper articles. [79] used Transformation Based Learning (TBL)
to infer rules for finding sentence boundaries. Many classifiers have been tried
for the task: regression trees [71], neural networks [64, 40], a C4.5 classifica-
tion tree [75], Maximum Entropy classifiers [68, 52], Support Vector Machines
(SVMs), and Naive Bayes classifiers [28]. Mikheev treated the sentence segmen-
tation problem as a subtask for POS tagging, by assigning a tag to punctuation
similar to other tokens [59]. For tagging, he employed a combination of HMM
and Maximum Entropy approaches.

The popular TextTiling method of Hearst for topic segmentation [33, 34] uses
a lexical cohesion metric in a word vector space as an indicator of topic similarity.
TextTiling can be seen as a local classification method with a single feature
of similarity. Figure 1.4 depicts a typical graph of similarity with respect to
consecutive segmentation units. The document is chopped when the similarity
is below some threshold.

Originally, two methods for computing the similarity scores have been pro-
posed: block comparison and vocabulary introduction. The first, block compar-
ison, compares adjacent blocks of text to see how similar they are according to
how many words the adjacent blocks have in common. The block size can be
variable, not necessarily looking only at the consecutive blocks, but instead a
window. Given two blocks, b1 and b2, each having k tokens (sentences or para-
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graphs), the similarity (or topical cohesion) score is computed by the formula:

∑

t wt,b1 .wt,b2
√

∑

t w
2
t,b1

∑

t w
2
t,b2

where wt,b is the weight assigned to term t in block b. The weights can be
binary or may be computed using other information retrieval-based metrics
such as term frequency.

The second, the vocabulary introduction method, assigns a score to a token-
sequence gap based on how many new words were seen in the interval in which it
is the midpoint. Similar to the above formulation, given two consecutive blocks,
b1 and b2 of equal number of words, w, the topical cohesion score is computed
with the formula:

NumNewTerms(b1) +NumNewTerms(b2)

2× w

where NumNewTerms(b) returns the number of terms in block b, seen for the
first time in text.

[11] extended this method to exploit latent semantic analysis. Instead of
simply looking at all words, they worked on the transformed lexical space, which
has led to improved results as this approach also captures semantic similarities
implicitly.

[60] proposed using lexical chains instead of lexical similarity for estimating
cohesion. Later, [44] proposed using a simpler interpretation of lexical chains,
linking nonfunction words and syntactic phrases to each other only if they occur
within n sentences, where n and the weights of the links are tuned based on the
syntactic category.

[3] applied the original TextTiling approach to the meetings domain. [25]
used a similar approach with chains of repeated terms for meeting segmentation.
[38] extended this approach by using decision trees. [67] used a generative topic
model with a variant of Latent Dirichlet Allocation to learn models of the topics
in an unsupervised fashion, simultaneously producing a segmentation of the
meetings.

[69] and [6] extended TextTiling-based methods using maximum entropy
models with a wide range of lexical and discourse features tracking vocabulary
shift. [26] employed SVMs for this task. [73] employed the Ripper algorithm
with lexical chains, cue words, and prosodic features. [53] used decision trees
with cosine similarity and prosodic features for broadcast news segmentation.

1.2.3 Discriminative Sequence Classification Methods

In segmentation tasks, the sentence or topic decision for a given example (word,
sentence, paragraph) highly depends on the decision for the examples in its
vicinity. Discriminative sequence classification methods are in general exten-
sions of local discriminative models with additional decoding stages that find
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the best assignment of labels by looking at neighboring decisions to label an ex-
ample. Conditional Random Fields (CRFs) [51] are an extension of Maximum
Entropy, SVM-Struct [88] is an extension of SVM to handle structured outputs,
and maximum margin Markov networks (M3N) are extensions of HMMs [86].
The Margin Infused Relaxed Algorithm (MIRA) is an online learning approach
that requires loading of one sequence at a time during training [17]. For con-
ciseness, we present only CRFs, which have been successful for many sequence
labeling tasks, including sentence segmentation in speech.

CRFs are a class of log-linear models for labeling structures [51]. Contrary to
local classifiers that predict sentence or topic boundaries independently, CRFs
can oversee the whole sequence of boundary hypotheses to make their decisions.
Formally, they model the conditional probability of a sequence of boundary
labels (Y = y1, . . . , yn) given the sequence of feature sets extracted from the
context in which they occur (X = x1, . . . ,xn).

P (Y |X) ∼
1

Z(X)
exp

(

n
∑

t=1

m
∑

i=1

λifi(yt−1, yt, yt)

)

(1.8)

Z(X) =
∑

Y

exp

(

n
∑

t=1

m
∑

i=1

λifi(yt−1, yt, yt)

)

where fi(·) are feature functions of the observations and a clique of labels, and
λi are the corresponding weights. Z(·) is a normalization function dependent
only on the observations. CRFs are trained by finding the λ parameters that
maximize the likelihood of the training data, usually with a regularization term
to avoid overfitting. Gradient, conjugate gradient, or online methods are used
for training [94, 91, 74]. Dynamic programming (Viterbi decoding) is used to
find the most probable assignment of labels at test time or to compute the Z(·)
function.

1.2.4 Hybrid Approaches

Nonsequential discriminative classification algorithms typically ignore the con-
text, which is critical for the segmentation task. While one may add context
as a feature, or simply use CRFs, which inherently consider context, these ap-
proaches are suboptimal when dealing with real-valued features, such as pause
duration or pitch range. Most earlier studies simply tackled this problem by
binning the feature space either manually or automatically [50].

An alternative would be to use a hybrid classification approach as suggested
by [77]. The main idea would use the posterior probabilities, Pc(yi|xi), for each
boundary candidate, obtained from the other classifiers, such as boosting or
CRF, by simply converting them to state observation likelihoods by dividing to
their priors following the well-known Bayes rule:

argmax
yi

Pc(yi|xi)

P (yi)
= argmax

yi

P (xi|yi) (1.9)
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Applying the Viterbi algorithm to the HMM will then return the most likely
segmentation. To handle dynamic ranges of state transition probabilities and
observation likelihoods, a weighting scheme as is usually described in the liter-
ature can be applied:

argmax
yi

Pc(xi|yi)
α × P (yi)

β (1.10)

where P (yi) is estimated by the HELM, α and β are optimized using a held-out
set.

Zimmerman et al. compared various discriminative local classification meth-
ods, namely boosting, maximum entropy, and decision trees, along with their
hybrid versions for sentence segmentation of multilingual speech [99]. They con-
cluded that hybrid approaches are always superior and [32] concluded that this
is also true with CRF, although to a lesser degree.

1.2.5 Extensions for Global Modeling for Sentence Seg-

mentation

So far, most approaches to sentence segmentation have focused on recognizing
boundaries rather than sentences in themselves. This has occurred because of
the quadratic number of sentence hypotheses that must be assessed in compar-
ison to the number of boundaries. To tackle that problem, [72] segment the
input according to likely sentence boundaries established by a local model, and
then train a reranker on the n-best lists of segmentations. This approach allows
leveraging of sentence-level features such as scores from a syntactic parser or
global prosodic features. [21] proposed to extend this concept to a pruned sen-
tence lattice, which allows combining of local scores with sentence-level scores
in a more efficient manner.

1.3 Complexity of the approaches

The approaches described here have advantages and disadvantages. In a given
context, and under a set of observation features, one approach may be bet-
ter than another. These approaches can be rated in term of complexity (time
and memory) of their training and prediction algorithms, and in terms of their
performance on real-world datasets. Some may also require specific preprocess-
ing such as the conversion of continuous features to discrete features, or their
normalization.

In terms of complexity, training of discriminative approaches is more complex
than training of generative ones because they require multiple passes over the
training data in order to adjust for their feature weights. However, generative
models such as HELMs can handle multiple orders of magnitude larger training
sets, and benefit, for instance, from decades of news wire transcripts. On the
other hand, they work with only a few features (only words for HELM), and do
not cope very well with unseen events. Discriminative classifiers allow for a wider
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variety of features and perform better on smaller training sets. Predicting with
discriminative classifiers is also slower, even though the models are relatively
simple (linear or log-linear), because it is dominated by the cost of extracting
more features.

Compared to local approaches, sequence approaches bring the additional
complexity of decoding: finding the best sequence of decisions requires evalu-
ating all possible sequences of decisions. Fortunately, conditional independence
assumptions allow the use of dynamic programming to trade time for memory
and decode in polynomial time. This complexity is then exponential in the or-
der of the model (number of boundary candidates processed together) and the
number of classes (number of boundary states). Discriminative sequence classi-
fiers, such as CRFs, also need to repeatedly perform inference on the training
data, which might become expensive.

1.4 Performances of the approaches

For sentence segmentation in speech, performance is usually evaluated using the
error rate (ratio of number of errors to the number of examples), F1-measure
(the harmonic mean of recall and precision, where recall is defined as the ratio of
the number of correctly returned sentence boundaries to the number of sentence
boundaries in the reference annotations and precision is the ratio of the number
of correctly returned sentence boundaries to the number of all automatically
estimated sentence boundaries), and the National Institute of Standards and
Technology (NIST) error rate (number of candidates wrongly labeled divided
by the number of actual boundaries).

For sentence segmentation in text, researchers have reported error rate re-
sults on a subset of the Wall Street Journal Corpus of about 27,000 sentences.
For instance, Mikheev [59] reports that his rule-based system performs at an
error rate of 1.41%. The addition of an abbreviation list to this system low-
ers its error rate to 0.45%, and combining it with a supervised classifier using
part-of-speech tag features leads to an error rate of 0.31%. Without requiring
hand-crafted rules or an abbreviation list, Gillick’s SVM-based system [28] ob-
tains even fewer errors, at 0.25%. Even though the error rates presented seem
low, sentence segmentation is one of the first processing steps for any NLP task
and each error impacts subsequent steps, especially if the resulting sentences
are presented to the user, as, for example, in extractive summarization.

For sentence segmentation in speech, a more commonly used evaluation mea-
sure is F1-measure [20] report on the Mandarin TDT4 Broadcast news corpus
an F1-measure of 69.1% for a Maxent classifier, 72.6% with Adaboost and 72.7%
with SVMs, using the same set of features. A combination of the three classifiers
using logistic regression is also proposed. On a Turkish broadcast news corpus,
[32] report an F1-measure of 78.2% with HELM, 86.2% with fHELM with mor-
phology features, 86.9% with Adaboost and 89.1% with CRFs. In these results,
HELMs (and fHELMs) were trained on the same corpus as the other classifiers.
They can, however, be trained on a much larger corpus and improve performance
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when combined with discriminative classifiers. For instance, [100] reports that
on the English TDT4 Broadcast news corpus, Adaboost combined with HELM
performs at an F1-measure of 67.3% compared to 65.5% for Adaboost alone.

1.5 Features

While most approaches are tightly related to the kinds of features employed,
it is beneficial for demonstrative purposes to decouple these. Similarly while
most feature categories are common in sentence and topic segmentation, such
as lexical or prosodic features, their usage is very different. We will refer to
“segmentation” when features apply to both sentence and topic segmentation,
and explicitly state the kind of segmentation otherwise.

In this section, we describe the features of a potential boundary observation
as the dimensions of the vector x. A feature f can be either binary (presence
of a trigger word denoted by xf = 1, or absence thereof denoted by xf = 0), or
take values with xf ∈ R (e.g., the length of a sentence, the duration of a pause).
For binary features, in the following, we replace xf = 1 by xf and omit xf = 0.

Certain classifiers assume properties for the input features, and may require
that they are all binary, or may prefer that their distribution be standardized.
Real-valued features can be converted to binary features by quantification and
projection in a space of larger dimension, so that the value of the feature being in
an interval results in its corresponding dimension in the projected space having
a value of 1 while the others yield 0.

1.5.1 Features for Both Text and Speech

Lexical Features

For both text and speech, and for both sentence and topic segmentation, lexical
features are the key features. Sentence and topic initial and final tokens and
phrases can be captured via statistical machine learning methods as described
above. Typically, windows of n tokens (or sentences) are analyzed for sentence
(or topic) segmentation. While sequence classification methods perform this
analysis implicitly, local classification methods can be fed corresponding fea-
tures, such as the overlap of content words compared to the previous sentence.

For sentence segmentation of text, the lexical cues are tokens in text, and
the task is mainly disambiguating sentence final punctuation. For speech, the
lexical cues are raw tokens, as speech lacks typographic cues.

Note that lexical features have two kinds of usage. The first one is based
on the occurrence of lexical features around boundaries, such as cue phrases.
For example, in the Broadcast News corpus of TDT, the news, (i.e., topics)
typically end with similar phrases. This first usage is described below as “dis-
course features”. The second is similar to TextTiling-based approaches, which
typically employ stems of content words that are used while computing the co-
sine distance. The former usage is dependent on the genre and language, while
the second usage is domain independent. These two usages are not alternatives
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to each other and can be combined in a single classification framework. [69]
can be seen as a pioneering study for achieving this. In a maximum entropy
framework, Reynar used the count of content words and names repeated in the
window before and after the boundary.

More formally, let w1, w2, . . . , wn be the tokens of the input, and let us
extract lexical features for the boundary candidate between wi and wi+1. For
sentence segmentation, the most relevant features are generally token n-grams
before, after, and across the boundary. For the case of bigrams, this results in
extracting the following features: xwi−1,wi

, xwi+1,wi+2
, and xwi,wi+1

. The cross-
boundary features, for example, capture the fact that a sentence boundary is
unlikely after “Gov. Smith”, but likely in “government. The”.

For topic segmentation, boundary candidates occur between sentences. If
the sentence before the boundary is denoted si, and the sentence after the
boundary is denoted si+1, the presence of cue phrase c in those sentences will
be represented as xc∈si and xc∈si+1

. A second type of feature is the similarity
of the content before and after the boundary, typically expressed as the cosine
similarity between the previous and next sentences.

xcosine(si,si+1) =

∑

w tf(w, si)tf(w, si+1)idf(w)
√
∑

w(tf(w, si)idf(w))
2
√
∑

w(tf(w, si+1)idf(w))2

where tf(w, s) =
nw,s∑
u
nu,s

represents the term frequency of token w in sen-

tence s and idf(w) = log D
df(w) is the inverse document frequency of that token,

which show how common it is, generally computed on a separate corpus (D is
the total number of documents, df(w) is the number of documents containing
w). The content can be compared at different levels, for instance n sentences
before the boundary and n sentences after the boundary.

Lexical chains are another relevant feature for topic segmentation. One usu-
ally computes the number of chains that start and stop at a candidate boundary.
Let c ∈ C be a set of words, referring to a lexical chain (for example, “leaf”,
“rose”, “flower”). For practical reasons, a lexical chain is often reduced to a sin-
gle token (all occurrences of “leaf”). Then, for a candidate boundary between
wi and wi+1, the broken-lexical-chain feature can be computed as

xchain = |{c ∈ C : min
wk,wl∈c×c

k≤i,l>i

l − k > dmin}|

Most automatic topic segmentation work based on text sources has explored
topical word usage cues in one form or other. [49] used mutual similarity of
words in a sequence of text as an indicator of text structure. [70] presented a
method that finds topically similar regions in the text by graphically modeling
the distribution of word repetitions. [66] extracted related word sets for topic
segments with the information retrieval technique of local context analysis, and
then compared the expanded word sets.

[6] combined a large set of automatically selected lexical discourse cues in
a maximum-entropy model. They also incorporated topical word usage into
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the model by building two statistical language models: one static (topic inde-
pendent) and one that adapts its word predictions based on past words. They
showed that the log likelihood ratio of the two predictors behaves as an indi-
cator of topic boundaries, and can thus be used as an additional feature in the
exponential model classifier.

Syntactic Features

Syntactic information has been successfully captured by a number of studies.
Mikheev implicitly used POS tags for sentence segmentation. Similarly, for
global reranking approaches as described in Section 1.2.5, syntactic features in
the form of constituency trees or dependency parse trees are also used.

For morphologically rich languages, such as Czech or Turkish, morphological
analyses of words are used as additional cues [32, 47].

Formally, let t1, . . . , tn be the sequence of part-of-speech or morphologic
tags extracted for words w1, . . . , wn. The same features can be extracted as for
words (n-grams before, after, and across the candidate boundary), for example
xti−1,ti , xti,ti+1

and xti+1,ti+2
. Syntactic features are typically less useful for

topic segmentation because topic changes are usually characterized by content
shifts.

In order to assess the grammaticality of a sentence candidate in the global
model under a probabilistic context free grammar (PCFG), one can compute
the sum of the probability of all valid parse trees for that sentence:

xpcfg =
∑

t:si

P (t) =
∑

t:si

∏

r∈t

P (r)

where t is a parse tree and r is a production rule used in that tree [42].

Discourse Features

Speech or text, discourse features are always important for segmentation. For
example, in a broadcast news show, the anchor first gives the headlines, then a
commercial follows, and then the stories are presented one by one with optional
anchor/reporter interaction and typical topic start and end phrases.

Previous work on both text and speech segmentation has shown that cue
phrases or discourse particles (items such as now or by the way), as well as
other lexical cues, can provide valuable indicators of structural units in discourse
[30, 65, among others]. Similarly, for speech, change of speaker may indicate a
sentence boundary, and commercials may indicate a topic boundary in broadcast
news or conversations. Formally, for all events e ∈ E that appear in the vicinity
of a boundary, a feature xe can be generated to represent the occurrence of that
event, and if relevant, xe will be used to represent the nonoccurrence of that
event. Events have to be detected using additional systems not detailed in this
book (such as a commercial detector) that may output confidence scores. In
this case, the feature will be xe = cs where cs is the confidence score for that
event to be recognized.
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While earlier approaches try to capture such predetermined discourse cues,
more corpus-based studies rely on the machine learning approaches to auto-
matically learn such patterns using informative feature sets. For example, [89]
used explicit HMM states for topic initial and final sentences, which improved
performance greatly. [73] used statistical hypothesis testing for predetermining
such phrases.

For meeting or conversation segmentation, discourse features are more com-
plex, and rely on argumentation structure. While most studies simply use pre-
vious and next turns as discourse features, higher-level semantic information
such as dialog act tags or meeting agenda items can also be used for exploiting
discourse information [4].

1.5.2 Features Only for Text

Typographical and Structural Features

For sentence and topic segmentation, typographical and structural cues, such
as punctuation and headlines, are very informative. Sentence segmentation
systems use words and punctuation before and after the boundary, capitalization
and POS tags of those words, their length, and how frequently they are used
in nonsentence boundary contexts (e.g., before a lower-case word) compared to
at the end/beginning of a sentence. Similarly, gazetteer information containing
abbreviations and preprocessing and postprocessing patterns is employed to
process text.

Formally, let g be a set of words that appear in a gazetteer, a feature is
generated so that xg(w) = 1 iif w ∈ g. Similarly, the feature that denotes the
frequency of the lower case form (flc) of a word can be computed as xflc(w) =
|lc(w)|
|w| where lc(w) denotes the lower case version of w.

In his work on sentence segmentation, [28] observed that on a given set of
features, the choice of a classifier had a much smaller impact than a mismatch
between the training and the test data, or a mismatch on the tokenization of
the input words. [46] proposed an unsupervised approach for finding sentence
boundaries that learns abbreviations using global statistics on an unlabeled
corpus. Even though the approach is independent of the language, it is unable
to identify abbreviations if they are not used multiple times in the test corpus.

Other structural cues include paragraph boundaries, headlines, and section
numbering. Such cues appear only in structured textual sources, and may not
exist in certain text such as blogs and chatrooms.

1.5.3 Features for Speech

When working with speech recognizer output, some words may be incorrect due
to recognition errors, degrading the quality of lexical features. Similarly, token
start times and their durations may also be wrongly estimated, causing errors
in prosodic feature computation. Typically, a large set of prosodic features are
extracted for robustness to these errors.
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Figure 1.5: Some basic prosodic and lexical features for speech segmentation.

Prosodic Features

When applying segmentation to speech rather than written text, many of the
same approaches can be used, but with some important considerations. First, in
the case of automatic processing of speech, lexical information comes from the
output of a speech recognizer, which typically contains errors. Second, spoken
language lacks explicit punctuation, capitalization, and formatting information.
Rather, this information is conveyed through the language and also through
prosody, as explained below. Third, while some spoken language, for example
news broadcasts, is read from a text, most natural speech is conversational. In
natural spontaneous speech sentences can be “ungrammatical” (from the per-
spective of formal syntax) and typically contain significant numbers of normal
speech disfluencies, such as filled pauses, repetitions, and repairs.

Spoken language input, on the other hand, provides additional, “beyond
words” information through its intonational and rhythmic information, i.e.,
through its prosody. Prosody refers to patterns in pitch (fundamental fre-
quency), loudness (energy), and timing (as conveyed through pausing and pho-
netic durations). Prosodic cues are known to be relevant to discourse structure
in spontaneous speech and can therefore be expected to play a role in indicating
sentence boundaries and topic transitions. Furthermore, prosodic cues by their
nature are in principle independent of word identity. Thus they tend to suffer
less than do lexical features from errors in automatic speech recognition.

Figure 1.5 depicts some general prosodic features used for segmenting speech
into sentences, along with lexical features. Broadly speaking, the prosodic fea-
tures associated with sentence boundaries are similar to those for topic bound-
aries, since both involve conveying a break that serves to chunk information.
Pause length, and pitch and energy resets are generally greater in magnitude
for the larger (i.e., topic) breaks, but similar types of prosodic features can be
used for both tasks, trained of course for the task at hand.

Prosodic features for sentence segmentation have been used in a number of
studies [95, 13, 77, 14, 78, 45, 53, 48, 87, 99, 55]. The simplest and most often
used feature is a pause at the boundary of interest. For automatic processing,
pauses are more easily obtained than other prosodic features, since unlike pitch
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and energy features, pause information can be extracted from automatic speech
recognition output. Of course, not all sentence boundaries contain pauses, par-
ticularly in spontaneous speech. And conversely, not all pauses correspond to
sentence boundaries. For example many sentence-internal disfluencies also con-
tain pauses. Some methods use simply the presence of a pause; others model
the duration of the pause. Pause durations can be quite large in the case of
turn-final sentence boundaries in conversation, since such regions correspond to
time during which another participant is talking. Sentence segmentation for
certain dialog acts such as backchannels (e.g., “uh-huh”), which tend to oc-
cur in isolated turns, can thus be achieved fairly successfully using only pause
information.

The pause feature is computed as xpause = start(wi+1) − end(wi) where
start() and end() represent the timing in seconds of the beginning and the
end of a word in the speech recognition output. Relevant side features are
the pause before the word (to know if it is isolated) and the quantized pause
xqpause(wi) = 1 iff xpause > thrpause, where thrpause is set to, for example,
0.2 second. Pause duration does not follow a normal distribution, by nature,
and tends to confuse classifiers that expect such a distribution. However, this
single feature is often the most relevant one for segmenting speech.

More detailed prosodic modeling has included pitch, phone duration, and
energy information. Pitch is captured by modeling fundamental frequency dur-
ing voiced regions of speech. Pitch conveys a wide range of types of information,
including information about the prominence of a syllable, but for sentence seg-
mentation the goal is usually to capture a reset in pitch. Thus, methods have
looked at pitch differences across a word boundary, with a larger negative dif-
ference indicating higher probability of a sentence boundary. In addition to
modeling the break in pitch across a word boundary, some approaches [77] have
also modeled a speaker-specific value to which pitch falls at the ends of utter-
ances, which not only improves performance but also allows for causal modeling,
since it does not rely on speech after the pause [23].

Pitch is not a continuous function and cannot be computed outside of voiced
regions. Therefore, pitch features can be undefined for a given boundary can-
didate, which might be a problem with certain classifiers. Computing pitch,
smoothing and interpolating it properly is not the matter of this book, and
should be handled by appropriate software, such as the widely used Praat
toolkit [9]. Typically, features are computed from statistics of pitch values in
a window before the end of the word before the candidate boundary and after
the beginning of the word after the boundary. For example, the pitch difference
feature described in the previous paragraph results in

xpitch =

(

max
t∈We(wi)

pitch(t)

)

−

(

min
t∈Ws(wi+1)

pitch(t)

)

where pitch(t) is the pitch value at time t, We(wi) is a temporal window an-
chored at the end of word wi and Ws(wi+1) is a similar window at the start
of word wi+1. Variants of this feature can be created by changing the window
size (i.e., 200 ms, 500 ms), changing the statistics computed on both sides of
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the boundary (i.e., min,max,mean), and normalizing pitch values according to
different factors (i.e., log space projection, standardization of the distribution
of pitch values of the current speaker).

Duration features for sentence segmentation aim to capture a phenomenon
known as “preboundary lengthening”, in which the last region of speech before
the end of a unit is stretched out in duration. (Interestingly, this phenomenon
is also observed in music, and even in bird song [90].) Automatic modeling
methods best capture preboundary lengthening when phone durations are nor-
malized by the average duration of those phones in a corpus of similar speaking
style. The duration of the rhyme (the vowel and any following consonants) of
a prefinal syllable typically shows more lengthening than does the onset of that
syllable.

For example, let v be the last vowel in wi, the word before the boundary
candidate. A feature can be computed as the relative duration of that vowel
compared to its average duration in a corpus C.

xvowel =
end(vwi

)− start(vwi
)

∑

w∈C end(vw)− start(vw)

Energy features have also been employed in sentence boundary modeling, but
with less success. From a descriptive point of view, energy behaves somewhat
like pitch, falling toward the end of a sentence and often showing a reset for
the next sentence. However, energy is affected by a myriad of factors, including
the recording itself, and can be difficult to normalize both within and across
talkers. Thus it has in general been less successful than pause, pitch, and
duration features for automatic segmentation.

A final feature that is sometimes considered in prosodic modeling is voice
quality. Descriptive work has shown an association between sentence boundaries
and voice quality changes, but because such phenomena are highly speaker
dependent and difficult to capture automatically, most automatic segmentation
work has relied on the previously mentioned prosodic features.

Descriptive work on topic boundaries has found that major shifts in topic
typically show longer pauses, an extra-high F0 onset or “reset”, a higher maxi-
mum accent peak, shifts in speaking rate, and greater range in F0 and intensity
[31, 62, 35, 82, 77, among others]. Such cues are known to be salient for hu-
man listeners; in fact, subjects can perceive major discourse boundaries even if
the speech itself is made unintelligible via spectral filtering [83]. In automatic
studies of topic shifts, [25] found that features such as changes in speaker ac-
tivity, amounts of silence and overlapping speech, and the presence of certain
cue phrases were all indicative of changes in topic, and adding them to their
approach improved their segmentation accuracy significantly. [27] found that
similar features also gave some improvement with their approach. However, [39]
found this to be true only for coarse-grained topic shifts (corresponding in many
cases to changes in the activity or state of the meeting, such as introductions
or closing review), and that detection of finer-grained shifts in subject matter
showed no improvement.
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1.6 Processing Stages

Usually, the first step in the segmentation tasks is preprocessing to determine
tokens and candidate boundaries. While in language like English, words are
candidate tokens, there are special cases like abbreviations and acronyms. In
languages like Mandarin, with textual sources, a preceding word segmentation
step can be employed.

Then a set of features, as described in the previous section, is extracted for
each candidate. For speech data, token start times and durations are usually
not available in the reference annotations of the spoken utterances, but these
are necessary for computing prosodic features. Usually, a forced alignment of
decoding step is performed to obtain these.

Once the features are extracted, each candidate boundary is classified using
one of the methods described in the previous sections.

For testing, the automatically estimated token boundaries are compared to
the boundaries in reference transcriptions. When speech recognizer output is
used for training or testing, reference tokens are aligned with speech recognizer
output words using dynamic programming to minimize alignment error (such as
using NIST sclite alignment tools), and boundary annotations are transferred
to the speech recognizer output. Unfortunately, sometimes perfect alignment is
not possible. For example, if two tokens in reference annotations with a sentence
boundary between them may be recognized by the speech recognizer as a single
token. In such cases, it is not clear if the sentence boundary should be omitted
from the speech recognizer annotations or included, so a heuristic rule is used.

1.7 Discussion

While sentence segmentation is a useful step for many language processing tasks,
careful optimization of the segmentation parameters directly for the following
task in comparison to independent optimization for segmentation quality of the
predicted sentence boundaries has been empirically shown to be useful. For
example, [93] observed that the hard-coded rules for sentence segmentation in
a machine translation system resulted in very poor sentence segmentation gen-
eralization performance, compared to the use of a machine learning approach.
[58] shows that optimizing parameters of sentence segmentation in the source
language is useful for machine translation of spoken documents. Similarly, [22]
and [56] study the effect of parameter optimization on information extraction
and speech summarization, respectively, instead of optimization on the sentence
segmentation task itself.

Regarding topic segmentation, automatic transcription of speech uses lan-
guage models to predict topical information in the language model and this has
been shown to improve ASR, either by selecting an LM trained on a matching
topic or by building a general language model where the topic is a latent variable
estimated during decoding. More generally, topic-driven domain adaptation is
used in a wide range of natural language processing tasks. In information re-
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trieval, topic is modeled explicitly [5] by allowing words to contribute differently
in function of the topic in which they occur, or implicitly [18] using co-occurrence
space reduction techniques. In automatic summarization, [85] proposes to re-
consider the common assumption that a document is made of a single topic and
includes topic-specific information in his model. Word-sense disambiguation
also benefits from topic information, as many words have probably a dominant
sense in a given topic [10].

1.8 Summary

We described the tasks of sentence and topic segmentation for text and speech
input. We described learning algorithms for these tasks in several categories.
Depending on the type of input, that is text versus speech, several different
types of features may be used for these tasks. For example, while in text one
can benefit from typographical cues such as capitalization and punctuation, in
speech, prosodic features may be useful.

In parallel with the recent advances in speech processing and discrimina-
tive machine learning methods, performance of sentence and topic segmentation
systems have improved exploiting very high dimensional feature sets. However,
one must note that, these systems still make errors, requiring the follow-on
processing stages, such as machine translation, to be robust to such noise. Fur-
ther research is required for jointly optimizing the segmentation stage with the
follow-on processing systems.
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