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robust, largely language independent boundary detection algorithm with
high performance (about 98-99% correct). Reynar and Ratnaparkhi (1997)
and Mikheev (1998) develop Maximum Entropy approaches to the prob-
lem, the latter achieving an accuracy rate of 99.25% on sentence boundary

 Sentence boundary detection can be viewed as a classification problem.
We discuss classification, and methods such as classification trees and
maximum entropy models in chapter 16.

What are sentences like?

In linguistics classes, and when doing traditional computational linguis-
tics exercises, sentences are generally short. This is at least in part be-
cause many of the parsing tools that have traditionally been used have
a  exponential in the sentence length, and therefore become im-
practical for sentences over twelve or so words. It is therefore important
to realize that typical sentences in many text genres are rather long. In
newswire, the modal (most common) length is normally around 23 words.
A chart of sentence lengths in a sample of  text is shown in ta-
ble 4.3.

4.3 Marked-up Data

While much can be done from plain text corpora, by inducing the struc-
ture present in the text, people have often made use of corpora where
some of the structure is shown, since it is then easier to learn more.
This markup may be done by hand, automatically, or by a mixture of
these two methods. Automatic means of learning structure are covered
in the remainder of this book. Here we discuss the basics of markup.
Some texts mark up just a little basic structure such as sentence and
paragraph boundaries, while others mark up a lot, such as the full syntac-
tic structure in corpora like the Penn  and the Susanne corpus.
However, the most common grammatical markup that one finds is a cod-
ing of words for part of speech, and so we devote particular attention to
that.

3. Accuracy as a technical term is defined and discussed in section 8.1. However, the
definition corresponds to one  intuitive understanding: it is the percent of the time that
one is correctly classifying items.
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Length

l-5
6-10

11-15
16-20
21-25
26-30
31-35
36-40
41-45
46-50
51-100

Number Percent Cum. %

1317 3.13 3.13
3215 7.64 10.77
5906 14.03 24.80
7206 17.12 41.92
7350 17.46 59.38
6281 14.92 74.30
4740 11.26 85.56
2826 6.71 92.26
1606 3.82 96.10

858 2.04 98.14
780 1.85 99.99

6 0.01 100.00

Table 4.3 Sentence lengths in  text. Column ercent shows the per-
centage in each range, column um.  shows the cumulative percentage below
a certain length.

4 .3 .1  Markup schemes

Various schemes have been used to mark up the structure of text. In
the early days, these were developed on an ad hoc basis, as needs arose.
One of the more important early examples was the COCOA format, which
was used for including header information in texts (giving author, date,
title, etc.). This information was enclosed within angle brackets with the
first letter indicating the broad semantics of the field. Some other ad hoc
systems of this sort are still in quite common use. The most common
form of grammatical markup, which we discuss in great detail below, is
indicating the part of speech of words by adding a part of speech tag
to each word. These tags are commonly indicated by devices such as
following each word by a slash or underline and then a short code naming
the part of speech. The Penn  uses a form of Lisp-like bracketing
to mark up a tree structure over texts.

However, currently by far the most common and supported form of
S T A N D A R D markup is to use SGML (the  Generalized  Language).

L A N G U A G E

SGML is a general language that lets one define a grammar for texts, in
particular for the type of markup they contain. The now-ubiquitous HTML
is an instance of an SGML encoding. The Text Encoding Initiative  was
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a major attempt to define SGML encoding schemes suitable for marking
up various kinds of humanities text resources ranging from poems and
novels to linguistic resources like dictionaries. Another acronym to be

XML aware of is XML. XML defines a simplified subset of SGML that was partic-
ularly designed for web applications. However, the weight of commercial
support behind XML and the fact that it avoids some of the rather arcane,
and perhaps also archaic, complexities in the original SGML specification
means that the XML subset is likely to be widely adopted for all other
purposes as well.

This book does not delve deeply into SGML. We will give just the rudi-
mentary knowledge needed to get going. SGML specifies that each 

DOCUMENT TYPE ument type should have a  Type Definition (DTD), which is a
DEFINITION grammar for legal structures for the document. For example, it can state

DTD rules that a paragraph must consist of one or more sentences and nothing
else. An SGML parser verifies that a document is in accordance with this
DTD, but within Statistical NLP the DTD is normally ignored and people
just process whatever text is found. An SGML document consists of one
or more elements, which may be recursively nested. Elements normally
begin with a begin tag and end with an end tag, and have document con-
tent in between. Tags are contained within angle brackets, and end tags
begin with a forward slash character. As well as the tag name, the begin
tag may contain additional attribute and value information. A couple of
examples of SGML elements are shown below:

(4.8) a.  then he 
 did not say another 

b.  is an ugly

The structure tagging shown in  where the tag s is used for sen-
tences and p for paragraphs, is particularly widespread. Example 
shows a tag with attributes and values. An element may also consist of
just a single tag (without any matching end tag). In XML, such empty ele-
ments must be specially marked by ending the tag name with a forward
slash character.

In general, when making use of SGML-encoded text in a casual way,
one will wish to interpret some tags within angle brackets, and to simply
ignore others. The other SGML syntax that one must be aware of is char-
acter and entity references. These begin with an ampersand and end with
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a semicolon. Character references are a way of specifying characters not
available in the standard ASCII character set (minus the reserved SGML
markup characters) via their numeric code. Entity references have sym-
bolic names which were defined in the DTD (or are one of a few predefined
entities). Entity references may expand to any text, but are commonly
used just to encode a special character via a symbolic name. A few exam-
ples of character and entity references are shown in (4.9). They might be
rendered in a browser or when printed as shown in (4.10).

(4.9) a.  is the less than symbol

b. r&eacute;sum&eacute;

 This chapter was written on &docdate;.

(4.10) a.  is the less than symbol

b. resume

c. This chapter was written on January 21, 1998.

There is much more to know about SGML, and some references appear in
the Further Reading below, but this is generally enough for what the XML
community normally terms the esperate  Hacker to get by.

4.3.2 Grammatical tagging

A common first step of analysis is to perform automatic grammatical
tagging for categories roughly akin to conventional parts of speech, but
often considerably more detailed (for instance, distinguishing compara-
tive and superlative forms of adjectives, or singular from plural nouns).
This section examines the nature of tag sets. What tag sets have been
used? Why do people use different ones? Which one should you choose?

 How tagging is done automatically is the subject of chapter 10.

Tag sets

Historically, the most influential tag sets have been the one used for 
 the American Brown corpus (the Brown tug set) and the series of

tag sets developed at the University of Lancaster, and used for tagging
the Lancaster-Oslo-Bergen corpus and more recently the British National
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Sentence

she
was
told
that
the
journey
might
kill
her

PNP
VBD
W N

AT0

VMO
W I
PNP
PUN

Brown

BEDZ
VBN
c s
AT
NN
MD
VB

Penn

PRP
VBD
VBN
IN
DT
NN
MD
VB
PRP

ICE

CONJUNC(subord)

Figure 4.2 A sentence as tagged according to several different tag sets.

Tag set Basic size Total tags

Brown 87 179
Penn 45

132
CLAWS2 166
CLAWS 62
London-Lund 197

Table 4.4 Sizes of various tag sets.

Corpus (CLAWS1 through CLAWS5; CLAWS5 is also referred to as the 
tag set). Recently, the Penn  tag set has been the one most

SET widely used in computational work. It is a simplified version of the Brown
tag set. A brief summary of tag set sizes is shown in table 4.4. An ex-
ample sentence shown tagged via several different tag sets is shown in
figure 4.2. These tag sets are all for English. In general, tag sets incorpo-
rate morphological distinctions of a particular language, and so are not
directly applicable to other languages (though often some of the design
ideas can be transferred). Many tag sets for other languages have also
been developed.

An attempt to align some tag sets, roughly organized by traditional
parts of speech appears in tables 4.5 and 4.6, although we cannot guar-
antee that they are accurate in every detail. They are mostly alphabetical,
but we have deviated from alphabetical order a little so as to group 
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Category
Adjective
Adjective, ordinal number
Adjective, comparative
Adjective, superlative
Adjective, superlative, semantically
Adjective, cardinal number
Adjective, cardinal number, one
Adverb
Adverb, negative
Adverb, comparative
Adverb, superlative
Adverb, particle
Adverb, question
Adverb, degree  question
Adverb, degree
Adverb, degree, postposed
Adverb, nominal
Conjunction, coordination
Conjunction, subordinating
Conjunction, complementizer 
Determiner
Determiner, pronoun
Determiner, pronoun, plural
Determiner, prequalifier
Determiner, prequantifier
Determiner, pronoun or double 
Determiner, pronoun or double 
Determiner, article
Determiner, postdeterminer
Determiner, possessive
Determiner, possessive, second
Determiner, question
Determiner, possessive  question
Noun
Noun, singular
Noun, plural
Noun, proper, singular
Noun, proper, plural
Noun, adverbial
Noun, adverbial, plural
Pronoun, nominal (indefinite)
Pronoun, personal, subject
Pronoun, personal, subject, 3SG
Pronoun, personal, object
Pronoun, reflexive
Pronoun, reflexive, plural
Pronoun, question, subject
Pronoun, question, object
Pronoun, existential there

Examples

happy, bad
sixth,  last
happier, worse
happiest, worst
chief, top
3, fifteen
one
often, particularly
not, n
faster
fastest
up, off, out
when, how, why
how, however
very, so, too
enough, indeed
here, there, now
and, or
although, when
that
this, each, another
any, some
these, those
quite
all, half
both
either, neither
the, a, an
many, same
their, your
mine, yours
which, whatever
whose
aircraft, data
woman, book
women, books
London, Michael
Australians, Methodists
tomorrow, home
Sundays, weekdays
none, everything, one
you, we
she, he, it
you, them, me
herself, myself
themselves, ourselves
who, whoever
who, whoever
there

Claws Brown

ORD

CRD
PNI
AVO

AVO
AVO
AVP

AVO
AVO
AVO

DTO
DTO
DTO
DTO
DTO
DTO
DTO
AT0
DTO
DPS
DPS

NNO

NN2
NPO
NPO
NNO
NN2
PNI
PNP
PNP
PNP
PNX
PNX

EXO

JJ

CD
CD
RB

RBR
RBT
RP
WRB

RN
c c
c s
c s
DT
DTI
DTS
ABL
ABN
ABX
DTX
AT
AP

WDT

NN
NN
NNS
NP
NPS
N R
NRS
PN

PPL

EX

141

JJ
CD
CD
RB
RB
RBR
RBS
RP
WRB
WRB
RB
RB
RB
c c
IN
IN
DT
DT
DT
PDT
PDT
DT (CC)
DT (CC)

PRP
WDT

NN
NN
NNS
NNP
NNPS
NN
NNS
NN
PRP
PRP
PRP
PRP
PRP

EX

Table 4.5 Comparison of different tag sets: adjective, adverb, conjunction, de-
terminer, noun, and pronoun tags.
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Category
Verb, base present form (not infinitive)
Verb, infinitive
Verb, past tense
Verb, present participle
Verb, past/passive participle
Verb, present 3SG  form
Verb, auxiliary do, base
Verb, auxiliary do, infinitive
Verb, auxiliary do, past
Verb, auxiliary do, present part.
Verb, auxiliary do, past part.
Verb, auxiliary do, present 3SG
Verb, auxiliary have, base
Verb, auxiliary have, infinitive
Verb, auxiliary have, past
Verb, auxiliary have, present part.
Verb, auxiliary have, past part.
Verb, auxiliary have, present 3SG
Verb, auxiliary be, infinitive
Verb, auxiliary be, past
Verb, auxiliary be, past, 3SG
Verb, auxiliary be, present part.
Verb, auxiliary be, past part.
Verb, auxiliary be, present, 3SG
Verb, auxiliary be, present, 
Verb, auxiliary be, present
Verb, modal
Infinitive marker
Preposition, to
Preposition
Preposition, of
Possessive
Interjection (or other isolate)
Punctuation, sentence ender
Punctuation, semicolon
Punctuation, colon or ellipsis
Punctuation, comma
Punctuation, dash
Punctuation, dollar sign
Punctuation, left bracket
Punctuation, right bracket
Punctuation, quotation mark, left
Punctuation, quotation mark, right
Foreign words (not in English lexicon)
Symbol
Symbol, alphabetical
Symbol, list item

Examples Claws c5 Brown
take, live WB
take, live W I
took, lived W D
taking, living WG
taken, lived W N
takes, lives w z
do VDB
do VDB
did VDD
doing VDG
done VDN
does VDZ
have VHB
have VHI
had VHD
having VHG
had VHN
has VHZ
be VBI
were VBD
was VBD
being VBG
been VBN
is, VBZ
am, VBB
are, e VBB
can, could, 1 VMO
to TOO
to PRP
for, above PRP
of PRF

oh, yes, mmm
. ! ? PUN

PUN
PUN
PUN
PUN
PUN

PUR

UNC

A,  d zzo
A A. First

VB
V B
VBD
VBG
VBN
VBZ
DO
DO
DOD
VBG
VBN
DOZ
H V
H V
HVD
HVG
HVN

BE
BED
BEDZ
BEG
BEN
BEZ
BEM
BER
MD
TO
IN
IN
IN

UH

not

not
not

not

Penn
VBP
VB
VBD
VBG
VBN
VBZ
VBP
VB
VBD
VBG
VBN
VBZ
VBP
VB
VBD
VBG
VBN
VBZ

VBD
VBD
VBG
VBN
VBZ
VBP
VBP
MD
TO
TO
IN
IN

U H

FW
SYM

Table 4.6 Comparison of different tag sets: Verb, preposition, punctuation and
symbol tags. An entry of ot means an item was ignored in tagging, or was not
separated off as a separate token.
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egories that are sometimes collapsed. In this categorization, we use an
elsewhere convention where the least marked category is used in all cases
where a word cannot be placed within one of the more precise subclassi-
fications. For instance, the plain Adjective category is used for adjectives
that aren  comparatives, superlatives, numbers, etc. The complete Brown
tag set was made larger by two decisions to augment the tag set. Normal
tags could be followed by a hyphen and an attribute like TL (for a ti-
tle word), or in the case of foreign words, the FW foreign word tag was
followed by a hyphen and a part of speech assignment. Secondly, the
Brown tag scheme makes use of ombined tags for graphic words that
one might want to think of as multiple lexemes, such as  Normally
such items were tagged with two tags joined with a plus sign, but for
negation one just adds to a tag. So isn  is tagged  and  is
tagged PPS+MD. Additionally, possessive forms like children are tagged
with a tag ending in  Normally, these tags are transparently derived
from a base non-possessive tag, for instance,  in this case. These
techniques of expanding the tag set are ignored in the comparison.

Even a cursory glance will show that the tag sets are very different. Part
of this can be attributed to the overall size of the tag set. A larger tag
set will obviously make more fine-grained distinctions. But this is not the
only difference. The tag sets may choose to make distinctions in different
areas. For example, the  tag set is larger overall than the Penn 
tag set, and it makes many more distinctions in some areas, but in other
areas it has chosen to make many fewer. For instance, the Penn tag set
distinguishes 9 punctuation tags, while  makes do with only 4. Pre-
sumably this indicates some difference of opinion on what is considered
important. Tag sets also disagree more fundamentally in how to classify
certain word classes. For example, while the Penn tag set simply regards
subordinating conjunctions as prepositions (consonant with work in gen-
erative linguistics), the  tag set keeps them separate, and moreover
implicitly groups them with other types of conjunctions. The notion of
implicit grouping referred to here is that all the tag sets informally show
relationships between certain sets of tags by having them begin with the
same letter or pair of letters. This grouping is implicit in that although
it is obvious to the human eye, they are formally just distinct symbolic

4. Compare the discussion above. This is also done in some other corpora, such as the
London-Lund corpus, but the recent trend seems to have been towards dividing such
graphic words into two for the purposes of tagging.
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tags, and programs normally make no use of these families. However,
in some other tag sets, such as the one for the International Corpus of
English (Greenbaum  an explicit system of high level tags with at-
tributes for the expression of features has been adopted. There has also
been some apparent development in people  ideas of what to encode.
The early tag sets made very fine distinctions in a number of areas such
as the treatment of certain sorts of qualifiers and determiners that were
relevant to only a few words, albeit common ones. More recent tag sets
have generally made fewer distinctions in such areas.

The design of a tag set

What features should guide the design of a tag set? Standardly, a tag set
encodes both the target feature of classification, telling the user the use-
ful information about the grammatical class of a word, and the predictive
features, encoding features that will be useful in predicting the behavior
of other words in the context. These two tasks should overlap, but they
are not necessarily identical.

PART OF SPEECH The notion of part of speech is actually complex, since parts of speech
can be motivated on various grounds, such as semantic (commonly called
notional) grounds, syntactic distributional grounds, or morphological
grounds. Often these notions of part of speech are in conflict. For the
purposes of prediction, one would want to use the definition of part of
speech that best predicts the behavior of nearby words, and this is pre-
sumably strictly distributional tags. But in practice people have often
used tags that reflect notional or morphological criteria. For example one
of the uses of English present participles ending in  is as a gerund
where they behave as a noun. But in the Brown corpus they are quite
regularly tagged with the VBG tag, which is perhaps better reserved for
verbal uses of participles. This happens even within clear noun com-
pounds such as this one:

(4.11) FUltOn/NP-TL

Ideally, we would want to give distinctive tags to words that have dis-
tinctive distributions, so that we can use that information to help pro-
cessing elsewhere. This would suggest that some of the tags in, for ex-
ample, the Penn  tag set are too coarse to be good predictors.
For instance, the complementizer that has a very distinct distribution
from regular prepositions, and degree adverbs and the negative  have
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very different distributions from regular adverbs, but neither of these
distinctions show up in the tag set. People have frequently made changes
to add or remove distinctions according to their intuitions  for exam-
ple, Charniak (1996) questions the decision of the Penn  to tag
auxiliaries with the same tags as other verbs, given that auxiliary verbs
have a very distinctive distribution, and proceeds to retag them with an
AUX tag. In general, the predictive value of making such changes in the
set of distinctions in part of speech systems has not been very system-
atically evaluated. So long as the same tag set is used for prediction
and classification, making such changes tends to be a two-edged sword:
splitting tags to capture useful distinctions gives improved information
for prediction, but makes the classification task  For this reason,
there is not necessarily a simple relationship between tag set size and the
performance of automatic taggers.

4.4 Further Reading

The Brown corpus (the Brown University Standard Corpus of Present-Day
American English) consists of just over a million words of written Amer-
ican English from 1961. It was compiled and documented by W. Nelson
Francis and Henry Kucera (Francis and Kucera 1964; Kucera and Fran-
cis 1967; Francis and Kucera 1982). The details on early processing of
the Brown corpus are from an  from Henry Kucera (posted to the
corpora mailing list by Katsuhide Sonoda on 26 Sep 1996). The LOB
(Lancaster-Oslo-Bergen) corpus was built as a British-English replication
of the Brown Corpus during the 1970s (Johansson et al. 1978; Garside
et al. 1987).

Identifying proper names is a major issue in Information Extraction.
See  1997) for an introduction.

A carefully designed and experimentally tested set of tokenization
rules is the set used for the Susanne corpus (Sampson 1995: 52-59).

 (1990) provides a linguistic perspective on the importance of
PUNCTUATION punctuation. An introductory discussion of what counts as a word in

linguistics can be found in (Crowley et al. 1995: 7-9). Lyons (1968: 194-
206) provides a more thorough discussion. The examples in the section
on hyphenation are mainly real examples from the Dow Jones newswire.

5. This is unless one category groups two very separate distributional clusters, in which
case splitting the category can actually sometimes make classification easier.
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Others are from e-mail messages to the corpora list by Robert Amsler and
Mitch Marcus, 1996, and are used with thanks.

There are many existing systems for morphological analysis available,
and some are listed on the  effective method of doing stem-
ming in a knowledge-poor way can be found in Kay and 
(1993). Sproat (1992) contains a good discussion of the problems mor-
phology presents for NLP and is the source of our German compound
example.

The COCOA  and Concordance on Atlas) format was used in
corpora from  and in related software such as LEXA  1993).

SGML and XML are described in various books (Herwijnen 1994; 
Grath 1997; St. Laurent  and a lot of information, including some
short readable introductions, is available on the web (see website).

The guidelines of the Text Encoding initiative (1994 P3 version) are
published as  and Burnard  and include a very readable
introduction to SGML in chapter 2. In general, though, rather than read
the actual guidelines, one wants to look at tutorials such as Ide and 
nis  or on the web, perhaps starting at the sites listed on the 
site. The full complexity of the TEI overwhelmed all but the most dedi-
cated standard bearers. Recent developments include  which tries
to pare the original standard down to a human-usable version, and the
Corpus Encoding Standard, a TEI-conformant SGML instance especially
designed for language engineering corpora.

Early work on CLAWS (Constituent-Likelihood Automatic Word-tagging
System) and its tag set is described in (Garside et al. 1987). The more re-
cent  tag set presented above is taken from (Garside 1995). The Brown
tag set is described in (Francis and  1982) while the Penn tag set is
described in (Marcus et al.  and in more detail in (Santorini 1990).

This book is not an introduction to how corpora are used in linguistic
studies (even though it contains a lot of methods and algorithms useful
for such studies). However, recently there has been a flurry of new texts

CORPUS LINGUISTICS on  linguistics  and Wilson 1996; Stubbs 1996; Biber et al.
1998; Kennedy 1998; Barnbrook 1996). These books also contain much
more discussion of corpus design issues such as sampling and balance
than we have provided here. For an article specifically addressing the
problem of designing a representative corpus, see (Biber 1993).

More details about different tag sets are collected in Appendix B of
(Garside et al. 1987) and in the web pages of the AMALGAM project (see
website). The AMALGAM  also has a description of the tokenizing
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rules that they use, which can act as an example of a heuristic sentence di-
vider and tokenizer. Grefenstette and Tapanainen (1994) provide another
discussion of tokenization, showing the results of experiments employ-
ing simple knowledge-poor heuristics.

4.5 Exercises

Exercise 4.1
As discussed in the text, it seems that for most purposes, we  want to treat
some hyphenated things as words (for instance, co-worker, Asian-American),
but not others (for instance, ain -it-great-to-be-a-Texan,
possession). Find hyphenated forms in a corpus and suggest some basis for which
forms we would want to treat as words and which we would not. What are the
reasons for your decision? (Different choices may be appropriate for different
needs.) Suggest some methods to identify hyphenated sequences that should
be broken up  e.g., ones that only appear as non-final elements of compound
nouns:

 syndrome]

Exercise 4.2 For linguists]
Take some linguistic problem that you are interested in (non-constituent coordi-
nation, ellipsis, idioms, heavy NP shift, pied-piping, verb class alternations, etc.).
Could one hope to find useful data pertaining to this problem in a general cor-
pus? Why or why not? If you think it might be possible, is there a reasonable
way to search for examples of the phenomenon in either a raw corpus or one
that shows syntactic structures? If the answer to both these questions is yes,
then look for examples in a corpus and report on anything interesting that you
find.

Exercise 4.3
Develop a sentence boundary detection algorithm. Evaluate how successful it is.
(In the construction of the Wall Street Journal section of the  CD-ROM
(Church and Liberman  a rather simplistic sentence boundary detection
algorithm was used, and the results were not hand corrected, so many errors
remain. If this corpus is available to you, you may want to compare your results
with the sentence boundaries marked in the corpus. With luck, you should be
able to write a system that performs considerably better!)
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