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Abstract

The capability to automate the recognition of this kind
of structure in a full-text document should be useful for
improving a variety of computational tasks, e.g., hypertext, text summarization and information retrieval.
Toward this end, this paper describes TextTiling, a computational approach to segmenting written expository
text into contiguous, non-overlapping discourse units
that correspond to the pattern of subtopics in a text. 1

This paper presents TextTiling, a method for partitioning full-length text documents into coherent multiparagraph units. The layout of text tiles is meant to
reflect the pattern of subtopics contained in an expository text. The approach uses lexical analyses based
on tf.idf, an information retrieval measurement, to determine the extent of the tiles, incorporating thesaural
information via a statistical disambiguation algorithm.
The tiles have been found to correspond well to human
judgements of the major subtopic boundaries of science
magazine articles.

(Skorochod’ko 1972) has suggested discovering a text’s
structure by dividing it up into sentences and seeing
how much word overlap appears among the sentences.
The overlap forms a kind of intra-structure; fully connected graphs might indicate dense discussions of a
topic, while long spindly chains of connectivity might
indicate a sequential account. The crucial idea is that of
defining the structure of a text as a function of the connectivity patterns of the terms that comprise it. This is
in contrast with segmenting guided primarily by finegrained discourse cues such as register change, focus
shift, and cue words. From a computational viewpoint,
deducing textual topic structure from lexical connectivity alone is appealing, both because it is easy to compute, and also because discourse cues are sometimes
misleading with respect to the topic structure (Brown
& Yule 1983)(ch. 3).

1 Introduction
Expository texts such as science magazine articles and
environmental impact reports can be viewed as being
composed of a few main topics and a series of short,
sometimes densely discussed, subtopics. For example,
consider a 23-paragraph article from Discover magazine whose main topic is the exploration of Venus by
the Magellan space probe. A reader divided this text
into the following segments, with the labels shown,
where the numbers indicate paragraph numbers:

1-2
3-4
5-7
8-11
12-15
16-18
19-21
22-23

Following Skorochod’ko, TextTiling attempts to discover coherent, interrelated subdiscussions by analyz1 The use of ‘topic’ here is meant to signify pieces of text ‘about’
something, as opposed to the topic/comment distinction found
within individual sentences. The intended sense is that described
by (Brown & Yule 1983)(p. 69): “In order to divide up a lengthy
recording of conversational data into chunks which can be investigated in detail, the analyst is often forced to depend on intuitive
notions about where one part of a conversation ends and another
begins  The notion of ‘topic’ is clearly an intuitively satisfactory
way of describing the unifying principle which makes one stretch of
discourse ‘about’ something and the next stretch ‘about’ something
else, for it is appealed to very frequently in the discourse analysis
literature. Yet the basis for the identification of ‘topic’ is rarely made
explicit.”

Intro to Magellan space probe
Intro to Venus
Lack of craters
Evidence of volcanic action
River Styx
Crustal spreading
Recent volcanism
Future of Magellan
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2 TextTiling

ing the “connectivity” of the terms. The simplest evidence to look for is repetition of words; repetition
has been shown to be a coherence enhancer (Tannen
1989), (Walker 1991). Terms that are closely related
in meaning also indicate coherence (Halliday & Hasan
1976),(Morris & Hirst 1991).2 For example, evidence
that a dense discussion of “volcanic activity” is taking
place in the fourth segment of the example above could
be the observation of words related to volcanism, such
as lava and eruption. A third type of coherence evidence is the co-occurrence of multiple simultaneous
themes. If the discussion of volcanism mentions its effects on the appearance of a planet’s surface, it might be
the case that terms related in meaning to “surface”, but
not semantically similar to “volcanism”, occur in the
same stretch of text. The fact that several threads of
discussion occur contemporaneously should be used
as evidence for a coherent subtopic. In other words,
often it is the case that a writer discusses the relationship of one thing with respect to another (e.g., volcanic
activity and where it takes place, volcanic activity and
its effects on crops, or volcanic activity and Roman history) and when the discussion of one topic ends, so
does discussion of the others.

2.1

The Basic Algorithm

The algorithm is a two step process; first, all pairs of
adjacent blocks of text (where blocks are usually 3-5
sentences long) are compared and assigned a similarity value, and then the resulting sequence of similarity
values, after being graphed and smoothed, is examined
for peaks and valleys. High similarity values, implying that the adjacent blocks cohere well, tend to form
peaks, whereas low similarity values, indicating a potential boundary between tiles, create valleys. Figure 1
shows such a graph; the vertical lines indicate where
human judges thought the topic boundaries should be
placed. Note that a valley is meant to indicate where
a discussion of interwoven themes ends, as opposed
to monitoring for the ends of discussions of individual
themes.
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Unlike standard discourse analysis approaches, TextTiling breaks the text into simple, contiguous ‘tiles’ that
are meant to reflect only topical loci, and not the interrelations among the topics. Although there are many
valid second-order structures that a text can take on
– two prominent ones in expository text are hierarchical and sequential (as in a chronological biography) –
for the purposes of this task the tiles are considered to
be disjoint and no attempt is made to determine how
they are related to one another. Higher level structural or functional roles (such as causation, elaboration, etc., found in theories like RST (Mann & Thompson 1987) and comprehensively categorized in (Hovy
1990)) might be determined in subsequent passes.
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Figure 1: Results of TextTiling a 77-sentence popular
science article (“Magellan”). Vertical lines indicate actual topic boundaries as determined by human judges,
and the graph indicates computed similarity of adjacent blocks of text. Peaks indicate coherency, and valleys indicate potential breaks between coherent segments.

What follows is a description of the TextTiling algorithm, first using only repetition of terms, and then incorporating terms that are closely related in meaning
(and in both cases using theme overlap). This is followed by a discussion of the relationship of this work
to that of (Morris & Hirst 1991), and others, and by
a comparison of the algorithm’s performance human
judgement data. The paper concludes with a discussion of how this work will be extended.

The one adjustable parameter is the size of the block
used for comparison. This value, labeled , varies
slightly from text to text; as a heuristic it is assigned the
average paragraph length (in sentences), although the
block size that best matches the human judgement data
is sometimes one sentence greater or fewer. Actual
paragraphs are not used because their lengths can be
highly irregular, leading to unbalanced comparisons.

2 (Raskin

& Weiser 1987), following (Halliday & Hasan 1976),
distinguishes between cohesion and coherence; cohesion relations
often act to indicate coherence in a passage. They also differentiate
between lexical cohesion and grammatical cohesion relations; an
example of the latter is pronomial reference. Only lexical cohesion
relations are used in this algorithm, although in future, grammatical
relations may be added.

Similarity is measured by putting a twist on tf.idf,
a standard information retrieval measurement. The
tf.idf value of a term is its frequency within a document divided by its frequency throughout a document
collection as a whole (Salton 1988). Terms that are
2

As can be seen in Figure 2, this tends to smooth the
graph in a desireable way, eliminating sudden quick
dips while at the same time preserving the general
trends of the graph. This calculation can be shown 4 to
be equivalent to performing a discrete convolution of
the similarity function with the function #%$ '& , where:

frequent in an individual document but relatively infrequent throughout the corpus are considered to be
good distinguishers of the contents of the individual
document. In TextTiling, each block of sentences is
treated as a unit unto itself, and the frequency of a
term within each block is compared to its frequency
in the entire document.3 This helps bring out a distinction between local and global extent of terms; if
a term is discussed frequently but within a localized
cluster (thus indicating a cohesive passage), then it
will be weighted more heavily than if it appears frequently but scattered evenly throughout the entire document, or infrequently within one block. Thus if adjacent blocks share many terms, and those shared terms
are weighted heavily, there is strong evidence that the
adjacent blocks cohere with one another.
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Similarity between blocks is calculated by a cosine
measure: given two text blocks 1 and 2,
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where
 ranges over all the terms in the document and
 
is
the tf.idf weight assigned to term  in block 1.
1

Thus if the similarity score between two blocks is high,
then not only do the blocks have terms in common, but
the terms they have in common are relatively rare with
respect to the rest of the document. The evidence in the
reverse is not as conclusive: if adjacent blocks have a
low similarity measure, this does not necessarily mean
they don’t cohere; however, in practice this negative
evidence is often justified.
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Figure 2: Smoothed and unsmoothed analyses of
“Earth” (before median smoothing).
The result is smoothed further with a simple median
smoothing algorithm (Rabiner & Schafer 1978), with a
window of size three, to eliminate small local minima.
Tile boundaries are determined by locating the lowermost portions of valleys in the resulting plot. The
actual values of the similarity measures are not taken
into account; the relative differences are what are of
consequence.
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. Instead of graphing sentence number   " on
the -axis, we graph sentence gap number 
1.
The straightforward way to use the similarity information is to plot, for each sentence gap, the similarity
value measured there. This yields a very jagged graph
which is smoothed using an intuitive algorithm. One
measurement is made every sentence gaps. This result is plotted and for the sentence gap numbers where
no measurement was made, their values are filled in
by piecewise linear interpolation. There are different
starting points, and thus graphs are plotted along
the same axes. We then compute the average similarity value at each sentence gap number, giving equal
weight to input from each of the measurements that
cross that point.

This algorithm can be modified in several ways. Just
as irregularity in paragraph length makes collections
of sentences a more desireable unit of comparison, using same-sized collections of words, without regard
for sentence boundaries, may improve results where
overly short or long sentences appear. Additionally,
other approaches to smoothing might be more appropriate.
Since the algorithm is to be measured against human
judgement data, it is designed to group the sentences
at the level of granularity that the judges displayed.
Furthermore, from preliminary experiments this seems
like a useful level of granularity for other text processing tasks (Hearst & Plaunt 1993). However, this is not
necessarily the only level of granularity that is useful (although finer distinctions most likely are not accurately detectable with lexical relatedness measures

3 The algorithm uses a large “stop list”; i.e., closed class words
and other very frequent terms are omitted from the calculation.

4I
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am grateful to Michael Braverman for finding the proof.

hills 95
mounds 95
highlands 95
mountain 95

alone) and if alternative levels are desired, the algorithm will have to be adjusted.
This was devised as a baseline test, against which to
compare the incorporation of thesaural information.
As described in the next subsection, addition of thesaural information tends to strengthen the demarcation
between the main bulk of the tiles and their boundaries, and seems to slightly improve the placement of
the boundaries as well.

2.2

bubonic 206
black 206
epidemics 206
aids 206

motions 430
quivering 430
shaking 430
perturbations 430

For example, both mound and black have more than
one sense, but the correct one is identified here. An
evaluation of the performance of this version of the
algorithm is still pending; Yarowsky’s results were in
the range of 90% correct, but the categories used in this
version are inferior, most likely leading to less accurate
results.

Incorporating Disambiguated Category Information

with categories
without categories

For some texts, the amount of word repetition is not
sufficient to make a confident judgement of the topic
boundary. To counter this, we would like to group
together terms that are close in meaning, e.g., substituting for the terms lava, eruption, and volcano one
category label, in effect treating these each of these
different words as instances of the same word. Unfortunately, this kind of strategy usually encounters
problems with polysemy; since many words can take
on more than one meaning, they are erroneously linked
up with words to which they should not be related.

0.2

similarity

0.15

0.1

0.05

0
0

To help alleviate the polysemy problem, a version
of Yarowsky’s statistical lexical disambiguation algorithm (Yarowsky 1992) was implemented. Yarowsky
defines word senses as the categories listed for a word
in Roget’s Thesaurus (Fourth Edition), where a category
is something like TOOLS/MACHINERY. For each category, the algorithm
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Figure 3: The results of TextTiling the Magellan text
with and without category information.
Incorporating category information improved the results in several cases, and did not adversely affect the
results in any of the cases. Often the net effect is to
make the evidence for the tiles stronger. Figure 3 shows
the effects of incorporating category information for
the “Magellan” text.

1) Collects contexts that are representative of the category.
2) Identifies salient words in the collective contexts
and determines the weight for each word.
3) Uses the resulting weights to predict the appropriate category for a word occurring in a novel
context.

3 Relation to Other Work
3.1

Morris and Hirst

Morris and Hirst’s pioneering work on computing discourse structure from lexical relations (Morris & Hirst
1991; Morris 1988) is a precursor to the work reported
on here. Morris, influenced by Halliday and Hasan’s
theory of lexical coherence (Halliday & Hasan 1976),
developed an algorithm that finds chains of related
terms via a comprehensive thesaurus (again, Roget’s
Fourth Edition). For example, the words residential
and apartment both index the same thesaural category
and can thus be considered to be in a coherence relation
with one another. The chains are used to structure texts
according to Grosz and Sidner’s theory of intentional
discourse structure (Grosz & Sidner 1986). This theory

A strong advantage of this algorithm over others is that
it does not require a hand-labeled training corpus. A
disadvantage is that it does require a good thesaurus.
Since Roget’s Fourth Edition is not openly available
online, a set of 740 categories was derived from the
noun hierarchy of WordNet (Miller et al. 1990), a handbuilt lexical thesaurus.
Sometimes the algorithm works quite well, as shown in
the groupings below where each column shows terms
taken from localized pieces of text:

4

is intrinsically hierarchical and fine-grained, and so its
goals differ somewhat from those of this paper. Morris
provides five short example texts for which she has determined the intentional structure, and states that the
lexical chains generated by her algorithm provide a
good indication of the segment boundaries that Grosz
and Sidner’s theory assumes.

The approach advocated here is similar in that it does
not make a priori assumptions about how the text is
structured. Many texts are best characterized as having
a sequential structure; a hierarchical assumption could
be misleading ((Sibun 1992) discusses this point in the
context of generating spoken text). Separating tiling
from a subsequent functional role analysis stage might
make discerning these roles easier.

Morris’ algorithm was executed by hand because, as
mentioned above, the thesaurus is not generally available. However, Project Gutenberg has donated an online copy of Roget’s 1911 thesaurus which, although
smaller and less structured than the thesaurus used by
Morris, can be used for an implementation of the algorithm. Aside from the fact that using such a thesaurus
lowers the quality of the connections found among
terms, an implementation of the Morris algorithm using it brought forth some unforeseen difficulties. First,
although ambiguous chain links were rare in Morris’s
texts, the texts analyzed here had many ambiguous
links, even when connections were restricted to being
made between terms in the same category. Second,
when looking at somewhat longer texts, the chains’
extent tended to overlap so much that it wasn’t possible to determine structure with them, i.e., many chains
would end at a particular paragraph while at the same
time many other chains would extend past it. With
longer texts, the chains did not neatly delineate the
intentional structure.

(Givon 1983) presents a quantitative approach to discourse analysis which focuses on identification of syntactic clues, such as pronoun anaphora and cleft/focus
constructions, to discover the continuity patterns of
the discourse. Many other researchers have studied
the effects of trails of pronominal reference and other
discourse cues, although usually not in such quantified
terms.
Significant work has been done in the segmentation
of speech signals, e.g. (Hirschberg & Pierrehumbert
1986). (Glass & Zue 1987) suggest an algorithm, originally intended for segmentation of speech into phonemic units, in which adjacent units are grouped hierarchically, forming a dendogram. This is a modification
of scale space filtering (Witkin 1984) and is also similar
to a technique suggested by (Rotondo 1984), and can
represent potential segments at many different levels
of granularity simultaneously.

4 Evaluation

To get around this difficulty, the Morris algorithm can
be extended to create graphs similar to those shown
in the previous section, by plotting the number of active chains against paragraph or sentence numbers.
In future experimentation will be done comparing the
results of modifying Morris’ algorithm to the results
presented here.

3.2

This algorithm is most useful for texts that lack copious orthographic structure, as opposed to technical
texts which tend to be highly structured by the author.
Lacking a standard test set, 5 the algorithm was evaluated on two data sources: three expository articles
(length 77 to 160 sentences), and the five short general interest articles from (Morris 1988) (length 23 to 44
sentences).

Other Approaches

Human judgement data was gathered via an informal study in which several readers were given each
text, with all section markers and diagrams removed,
and asked to draw a line beneath a sentence wherever they perceived a change in topic. After a pilot
study in which all but one reader chose to place boundaries between paragraphs, it was decided to require the
boundaries to lie between paragraphs, in order to facilitate evaluation of the algorithm. All articles were
in English, and they consisted of two general interest
science articles, (nicknamed “Magellan” and “Earth”),

The text generation work of (Mooney et al. 1990) is
related to that presented here, in that they assert that
the high level structure of extended explanations is
determined by processes separate from those which
organize text at lower levels. They present a scheme
for text generation that is centered around the notion
of Basic Blocks: multi-paragraph units of text, each
of which consists of (1) an organizational focus such
as a person or a location, and (2) a set of concepts
related to that focus. Thus their scheme emphasizes
the importance of organizing the high level structure of
a text according to its topical content, and afterwards
incorporating the necessary relatedness information,
as reflected in discourse cues, in a finer-grained pass.

5 Experiments on how readers determine various aspects of text
structure have been done (Britton et al. 1986), (Rotondo 1984),
(Vipond 1980), (Mandler 1987). However, the texts used in these
studies are too short for the purposes of this work.

5

In a few rare cases, the algorithm’s results differ
strongly from the reader judgements; an example of
this can be seen in the first segment of Figure 3 from
sentence gaps 1 - 17. This disagreement after sentence
6 seems to be caused by a strong local discourse cue; a
quotation ending a paragraph is followed by a reintroduction of a previously-discussed entity, leading the
reader to believe that a new topic is being introduced
((Stark 1988) calls this phenomenon over-reference).
Further investigation into the interaction of the global
and local cues is warranted.

and one environmental impact study (“Sequoia”).
As to be expected, the readers’ judgements do not agree
with one another completely. In order to use the judgements to evaluate the algorithm’s performance, the
dominant trends must be captured. A “consensus”
value is computed: the majority opinion for each potential boundary point is designated to be the correct
judgement for that position. To evaluate the agreement
quality of the data, how often each reader’s judgements match the consensus is computed. The agreement on average should be 90 per cent or higher per
reader in order to assure that the consensus judgement
is representative.6 In the test set, the agreement for two
of the documents was greater than 80% but less than
90%, but their judgements are presented here pending
more testing.

Figure 5 demonstrates the relationship between Morris’s results with the chaining algorithm and the intentional structure for two of the texts she analyzed (recall
that the intentional structure is hierarchical, so different chains are meant to correspond to different levels
of the analysis). Also shown are the results of TextTiling these documents. Note that quite a few sentences
were very short, only three or four words long.

Figure 4 demonstrates the results of the algorithm on
the three test texts. For Magellan and Earth most of
the correspondences were correct although there are
many off-by-one-or-two sentences errors. This is to be
expected as the readers were required to place boundaries only at paragraph breaks, whereas the algorithm
can place a boundary at any sentence gap. If the algorithm were to choose the nearest paragraph boundary
instead, these errors would be eliminated; it may also
benefit from the use of discourse cue heuristics. The Sequoia text, especially the first 70 sentences, was more
difficult to divide correctly, since it was an informative report that referred to diagrams and tables (which
were removed), thus making it less free-flowing. In
most cases, when the algorithm missed one boundary,
it was correct on the following boundary, and after
adding a gratuitous boundary, it still usually managed
to recover and place the following boundary correctly.

As mentioned above, this algorithm is not designed to
recognize the most fine-grained segments of the intentional structure; rather it should find a structure midway up the hierarchical structure (thus making evaluation more difficult). The tiles almost always lined
up with one of the boundaries indicated by the intentional structure; for the runs without category information there were only four instances of boundaries being
off by more than one sentence, and for the runs with
category information, there were only five (and these
were only off by two sentences). However, the layering pattern of the intentional structure was not always
respected. For example, in Figure 5 under Morris Text
1, tiling found a grouping from sentences 23-30, which
subsumed two of the intentional structure’s segments
exactly; however these segments were judged to be
part of two different supersegments. Figure 6 shows
the results for tiling the remaining three texts.

(Bachenko et al. 1992), in evaluating a system for placing prosodic phrase boundaries in spoken text, point
out that one can’t use as a measure of success how
many times a boundary is not marked. Since there
are relatively few boundaries as compared with nonboundaries, a strategy that places no boundaries at all
can be around 80% correct by this measure. Therefore,
what should be measured is the number of errors the
algorithm makes. Using this criterion, and assuming
that being off by one or two sentences is not considered
an error, we obtain the following summary results:
text
Magellan
Earth
Sequoia
6I

deleted
boundary
1
0
1

inserted
boundary
1
1
2

5 Discussion
This paper has described an algorithm for the segmentation of expository texts into discourse units that are
meant to reflect the topic flow of the text. The algorithm
is fully implemented and can be run without benefit
of inference mechanisms or a large knowledge base.
The structure it obtains is coarse-grained but generally
reflects human judgement data.

off by
2
sentences
1
2
2

To be more useful the tiles should be labeled according
to what subtopic discussions they contain. Experiments are underway in which using the categorizaton
algorithm to classify the terms related to those with
the highest tf.idf weights in each tile. This would al-

am grateful to Bill Gale for this suggestion.
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low, for example, the classification of the fourth tile in
the example in Section 1 with the label “geological activity,” although multiple labels should be associated
with a tile when more than one theme runs through
it. TextTiling lengthy documents also opens the door
to interesting new information retrieval paradigms, as
discussed in detail in (Hearst & Plaunt 1993). Also,
techniques for text summarization and for determining good index terms, as explored in (Evans et al. 1991),
could be improved by providing information about
the roles individual terms play with respect to what
subtopic tile they appear in.
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Figure 4: Results of TextTiling on two science magazine articles and one environmental impact report. The
numbers represent sentence gap numbers, below the numbers appear consensus judgements, and above them
are the results of tiling with categories.
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Figure 5: Chaining’s and TextTiling’s results on two texts from Morris 1988.
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Figure 6: Results of TextTiling on the remaining three texts from Morris 1988. The numbers represent sentence gap
numbers, below the numbers appear the intentional structure and them are the results of tiling with categories.
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