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ABSTRACT 

A text partition model is proposed to determine the boundaries of discourse structures.  It is based on 
association of noun-noun relations and noun-verb relations defined on discourse level and sentence level, 
respectively.  Three factors are considered: 1) repetition of words, 2) importance of words, and 3) collocational 
semantics.  A window is moved from the first sentence to the last one and the association norm for sentences in 
the current window is calculated.  Finally, the peaks in the sentence position vs. association norm graph forms 
the potential discourse boundaries.  Ten texts randomly selected from LOB corpus are used as the testing texts.  
The experimental results are compared with the readers' judgment and the real boundaries in the testing texts.  
The applications of the results to sentence alignment, topic identification, topic shift and topic abstraction are 
discussed.  

 

1. INTRODUCTION 
In general, a text is not just juxtaposition of a sequence of sentences, but is well-organized for reading.  
Discourse analysis investigates how texts are organized and realizes their underlying structure.  The structure 
which spans a few sentences of texts is often called a discourse segment.  Many researches present various 
relations among and within these segments.  Discourse representation theory (DRT) (Kamp 81) proposes 
discourse representation structure (DRS) to reflect the syntactic composition of the sentences in a discourse 
segment.  Rhetorical discourse structure (RDS) (Grosz & Sidner 86) focuses on the impacts of attention and 
intention on the discourse structure.  The relations to form a coherent segment include lexical cohesion (Morris 
& Hirst 91), cue phrase, prosody, plans and intentions, reference (Grosz & Sidner 86) and tense (Song & Cohen 
91). 

 Although there has been a great deal of effort, a consensus viewpoint on discourse structure has not been 
reached.  To partition a text into a sequence of coherent segments and ignore the relations among these 
segments seems to be a practical task.  A new segmentation algorithm to partition a text into plausible coherent 
segments is proposed in this paper.  This algorithm not only utilizes the noun-noun relations (as other works 
focus on), but considers the noun-verb relations.  It is based on the observation that the coherence is formed 
through a series of events in a discourse segment.  We postulate that noun-verb is a predicate-argument relation 
within the sentence level and noun-noun relation is associated on discourse level.  These two relations are used 
to calculate the score of a sequence of sentences forming a discourse segment.  The higher the score is, the 
more reliable a segment is. 

 This paper is organized as follows.  Section 2 reviews various approaches to text segmentation.  Section 3 
first gives a formal description of the noun-noun relations and the noun-verb relations, then proposes the 
measure of a potential discourse segment and finally deals with text partition.  Section 4 presents a series of 
experiments and the evaluation of experimental results.  Section 5 provides some concluding remarks. 

 

2. PREVIOUS WORKS 
Approaches to partitioning texts have been discussed in the literature.  Youmans (1991) records the 
number of new vocabularies introduced in an interval of text and then uses the record to find the 
discourse segment boundaries.  The problem of this approach is that it only takes repetition of words 
into account.  Morris and Hirst (1991) propose five types of thesaural relations to find lexical chains 
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and use these chains to determine the structure of text.  Some demerits remain.  First, the strength 
of thesaural relation differs from one word pair to another.  Just to find the relation of two words is 
not enough.  A measure of the strength of thesaural relation is needed as well.  Second, the 
algorithm to finding the structure of text is performed manually rather than automatically.  This is 
impractical from viewpoint of real applications.  Hearst (1993) proposes a fancy algorithm 
TextTiling to segment the text into pieces of tiles.  Term frequency (TF) and inverse document 
frequency (IDF) (Salton 86) form criteria for a potential segment.  The words involved in her 
approach, as the information retrieval, are nouns and the cooccurrence of words is not taken into 
account.  Nomoto and Nitta (1994) also use TF and IDF as metrics to segment texts, but the segment 
unit is so-called discourse segment rather than sentence.  Reynar (1994) just uses the information of 
repetition of words and their frequencies to predict the potential boundaries.  Table 1 summarizes the 
disadvantages and advantages of previous approaches. 

 
Table 1. Comparisons of Previous Approaches 

 

 Advantages Disadvantages 

Youmans Simple no semantic consideration 

Morris and Hirst Consideration of thesaural relation  thesaural relation is binary 

Hearst Incorporation weight term (TF × IDF) only nouns could be terms 

Nomoto and Nitta Incorporation weight term (TF × IDF) 

Consideration of discourse segment  

only nouns could be terms 

Reynar Simple only word repetition is used 

 

3. MODEL FOR TEXT PARTITION 
3.1 BASIC CONCEPT 

The information flow among discourse may be described by the events in the discourse and the arguments 
joining in the events.  These relations may be represented implicitly by collocational semantics.  Consider an 
example quoted from LOB corpus (Johansson 86).  This discourse talks about "problem" and "dislocation".  
The two words are more strongly related to the verbs ("explain", "fell", "placing" and "suppose") and the nouns 
("theories", "explanations", "roll", "codex", "disorder", "order", "disturbance" and "upheaval"). 
 

There is a whole group of theories which attempt to explain the problems of the Fourth Gospel by 
explanations based on assumed textual dislocations.  The present state of the Gospel is the result of an 
accident-prone history.  The original was written on a roll, or codex, which fell into disorder or was 
accidentally damaged.  An editor, who was not the author, made what he could of the chaos by placing the 
fragments, or sheets, or pages, in order.  Most of those who expound theory of textual dislocation take it for 
granted that the Gospel was written entirely by one author before the disturbance took place but a few leave it 
open to suppose that the original book had been revised even before the upheaval. 

 

Thus through the noun-noun relations and the noun-verb relations, these sentences form a coherent discourse.   

3.2 TRAINING PART 

Before touching on how to measure the strength of a relation, the importance of a participating word (noun and 
verb) is defined.  It is measured by Inverse Document Frequency (IDF) (Salton 86) shown as follows: 
 

 IDF W P O W O W c( ) log(( ( )) / ( ))= − +  

where P is the number of documents in training corpus, O(W) is the number of documents with word W, 
and c is a threshold value. 
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LOB Corpus is used as the training corpus.  That is, P is 500 in this study.  Those words that appear in more 
than one half of the documents in LOB corpus have negative log((P-O(W))/O(W)).  The threshold values for 
nouns and verbs are used to screen out the unimportant words, whose IDF values are negative.  Their IDF 
values are reset to zero.  The strength of one occurrence of a verb-noun pair or a noun-noun pair is computed 
by the importance of the words and their distances:  
 

SNV N V IDF N IDF V D N V
SNN N N IDF N IDF N D N N

i j i j i j

i k i k i k

( , ) ( ) ( ) / ( , )
( , ) ( ) ( ) / ( , )

= ⋅

= ⋅
 

where SNV denotes the strength of a noun-verb pair, SNN the strength of a noun-noun pair, and D(X,Y) 
represents the distance between X and Y.  When i equals to k, the SNN(Ni,Nk) is set to zero. 

 

Including the distance factor is motivated by the fact that the related events are usually located in the same 
texthood.  This is the spatial locality of events in a discourse.   

 The distance is measured by the difference of cardinal numbers of two words.  We assign a cardinal 
number to each verb and noun in the sentences.  The cardinal numbers are kept continuous across sentences in 
the same paragraph.  For example, 
 

With so many problems1 to solve2, it would be a great help3 to select4 some one problem5 which might be 
the key6 to all the others, and begin7 there.  If there is any such key-problem8, then it is undoubtedly the 
problem9 of the unity10 of the Gospel11. There are three views12 of the Fourth Gospel13 which have been 
held14. 

 

Therefore, the cardinal number of the word problem, C(problem), is the 1 and C(held) is 14.  The distance can 
be defined to be D(X,Y) = abs(C(X)-C(Y)).  The association norms of verb-noun and noun-noun pairs are 
summation of the strengths of all their occurrences in the corpus: 
 

ANV N V SNV N V

ANN N N SNN N N

i j i j

i k i k

( , ) ( , )

( , ) ( , )

=

=

∑
∑  

where ANV denotes the association norm of a noun-verb pair, and ANN the association norm of a noun-
noun pair. 

 

The less frequent word has a higher IDF value, so that the strength SNV and SNN of one occurrence may be 
larger.  However, the number of terms to be summed is smaller.  Thus, the formulas IDF and ANV (ANN) are 
complementary.  LOB corpus of approximately one million words is used to train the basic association norms.  
Table 2 shows the statistical data for the training corpus.  The words of tags NC, NNU and NNUS and Ditto 
tags are not considered. 
 

  Table 2.  Statistical Data for LOB Corpus 

 documents paragraphs sentences nouns verbs n-n pairs v-n pairs 

numbers 500 18678 54297 23399 4358 3476842 422945 

 

3.3 TESTING PART 

The training knowledge can be employed to calculate the association scores of nouns with other nouns and verbs 
in a segment of texts.  For example, 439 verbs in LOB corpus have relationships with the word "problem" in 
different degrees.  Some of them are listed below in descending order by the strength. 

 

 solve(225.21), face(84.64), ..., fall(2.52), ..., suppose(1.67), ... 
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In general, the constituents far apart have less relationship.  Distance D(X,Y) is used to measure such effects.  
Assume that there are m nouns and n verbs in a segment of texts.  The connective strength of a noun Ni (1 ≤ i ≤ 
m) is defined to be: 
 

CSNN N ANN N N D N N

CSNV N ANV N V D N V

CS N PN CSNN N PV CSNV N c

i i
k

k i k

i i
k

k i k

i i i

( ) ( ( , ) / ( , ))

( ) ( ( , ) / ( , ))

( ) ( ( ) ( )) /

=

=

= ⋅ + ⋅

∑
∑

 

where CS denotes the connective strength, and PN and PV are parameters for CSNN and CSNV and 
PN+PV=1. 

 

The determination of PN and PV is via deleted interpolation (Jelinek 85).  LOB corpus is separated into two 
parts whose volume ratio is 3:1.  Both PN and PV are initialized to 0.5 and then are trained by using the 3/4 
corpus.  After the first set of parameters is generated, the remain 1/4 LOB corpus is run until PN and PV 
converge.  Finally, the parameters, PN and PV, converge to 0.675844 and 0.324156 respectively. 

 A discourse is a set of coherent sentences.  According to our model, the sum of the connective strength of 
nouns in a potential discourse could be calculated and normalized by the number of nouns.  The sum is defined 
as the coherent score of a discourse.  Formally, given a potential discourse D, which contains n nouns, its 
coherent score is: 
  

score CS noun ni
i

n

( ) ( ( )) /D =
=
∑

1  

To partition a text into plausibly coherent segments, a window with size W is slidden from the 
first sentence and the score for sentences within the window is calculated.  Accordingly, a series of scores is 
generated.  The score-sentence relation are figured and the potential boundaries for the input text are predicted 
from the graph.  Figure 1 shows this process of moving window and calculating score. 

 In the score-sentence graph, a high score of a particular position on the sentence axis means that the 
sentences within window size W from that position have the high possibility to be a discourse.  Therefore, the 
peaks of score-sentence graph are the potential boundaries of input texts.  Figure 2 is a score-sentence graph of 
a real text.  The dot line in Figure 2 is the smoothed result of the original scores.  

 

... ...

S i S i+1 ......

SENTENCE
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W i-1 W i W i+1

 

Figure 1. Moving Window and Calculating the Coherent Score for Sentences in the Window 
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Figure 2. Coherent Scores of a Text 

 

4. EXPERIMENTS AND EVALUATION 
Ten experimental texts are extracted from LOB Corpus.  Table 3 summarizes the statistics of these texts.  
Column "Text Marker" indicates the source of test data.  For example, G31:002 denotes text category G, 
sample number 31 and line number 2.  As discussed in previous section, window size W is a parameter in our 
algorithm.  Since the paragraph length is small in the experimental texts, the window size could not be large.  
We conduct a series of experiments on these texts with different window size.  Figure 3 shows the 
experimental result of TEXT 2.  The vertical lines denote the real paragraph boundaries of the text.  We can 
find the predicted boundaries are very close to the real ones except the sixth and the last boundaries.  The 
former is located in the valley position; the latter could not be predicted due to the window size W.  Note that a 
paragraph break is not necessary to be a segment break.  We may find many one-sentence paragraphs in the 
real texts.  TEXT 4 is an example shown in Figure 4.  Again, the vertical lines are the paragraph breaks.  It is 
unfair and nonsense to compare the results with the paragraph breaks marked by authors. 

 

Table 3.  Summary of Experimental Texts 

 Text Marker # of Paragraph Text Length Word Count 

TEXT1 G31:002 - G31:061 11 38 670 

TEXT2 G31:123 - G31:196 10 40 897 

TEXT3 A11:004 - A11:058 9 18 618 

TEXT4 K21:004 - K21:184 33 77 2282 

TEXT5 J61:002 - J61:192 14 63 2774 

TEXT6 H21:002 - H21:193 15 97 2210 

TEXT7 G71:004 - G71:170 13 88 2017 

TEXT8 G61:002 - G61:123 7 54 1564 

TEXT9 J71:003 - J71:046 5 16 481 

TEXT10 J71:048 - J71:077 3 12 333 
 

 Due to variability of the paragraph marked by authors, the experimental results are compared with the reader 
judgments.  The comparison between the results and paragraph breaks assigned by authors serves as a 
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reference.  Passonneau and Litman (1993) and Hearst (1993) adopt the same evaluation method.  In this study, 
five readers who all major in linguistics are invited to segment these 10 experimental texts.  They are not given 
any instruction in segmenting texts, i.e., the size of a segment is not restricted.  Figure 5 shows the relation 
between curve of coherent score and the readers' judgments for TEXT 1.  Some points are worthy mentioning.  
First, 15 positions in total are considered as segment boundaries by these readers.  Among these positions, 9 
positions are regarded as boundaries only by one reader.  The distribution of positions regarded as boundary 
against number of readers for TEXT 1 is shown in Table 4.  Second, observing Figure 5, we may find the more 
a position is considered as boundaries, the more it is the real boundary.  Table 5 lists the average and standard 
deviation of number of boundaries judged by these readers for each text.  Since some segments judged by one 
reader are more finer than others, the standard deviation relatively increases. 

 

Table 4.  The Distributions of Potential Boundary against Number of Readers 

Number of Readers 1 2 3 4 5 

Number of Positions 9 3 2 0 1 

 

 

Table 5.  Average and Standard Deviation of Number of Boundaries Judged by Readers 

  TEXT 
1 

TEXT 
2 

TEXT 
3 

TEXT 
4 

TEXT 
5 

TEXT 
6 

TEXT 
7 

TEXT 
8 

TEXT 
9 

TEXT 
10 

Readers'  µ 5.20 6.00 3.40 15.00 12.00 13.40 9.60 9.40 3.40 2.60 

Judgment σ 1.64 3.00 2.19 9.70 4.58 2.19 4.72 4.28 1.52 0.89 
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Figure 3. Comparison of Paragraph Breaks and the Predicted Boundaries 

 

 



 

158

 

TEXT 4

0
20
40
60
80

100
120
140
160

0 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75

SENTENCE

S
C
O
R
E

 
Figure 4. The Variability of Paragraph Breaks in a Real Text 

 

 

 

TEXT 1

R
E
A
D
E
R

SENTENCE
0 5 10 15 20 25 30 35 40

1

2

3

4

5

SENTENCE

S
C
O
R
E

0

10

20

30

40

50

60

70

0 5 10 15 20 25 30 35

Original Data
Smoothed Data

40

Window Size W= 4

 

Figure 5. Comparison of Readers' Judgment and Predicted Boundaries 
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Table 6. Recall and Precision of the Readers and Our Approach 

  Reader 

1 

Reader 

2 

Reader

3 

Reader

4 

Reader

5 

Prediction 

W = 3 

Prediction 

W = 4

Prediction 

W = 5 

Prediction

W = 6 

TEXT Precision 0.50 0.75 0.40 0.38 0.60 0.43 0.50 0.20 0.33 

 1 Recall 0.50 0.75 0.50 0.75 0.75 0.75 0.75 0.25 0.50 

TEXT Precision 0.60 0.40 0.67 0.27 0.67 0.50 0.50 0.20 0.20 

 2 Recall 0.60 0.40 0.80 0.60 0.40 0.60 0.60 0.20 0.20 

TEXT Precision 0.75 1.00 1.00 0.43 1.00 0.67 0.50 0.00 0.00 

3 Recall 1.00 0.67 0.67 1.00 0.67 0.67 0.33 0.00 0.00 

TEXT Precision 0.50 0.62 0.42 0.19 0.50 0.29 0.23 0.00 0.17 

4 Recall 0.63 1.00 0.63 0.75 0.50 0.25 0.25 0.00 0.13 

TEXT Precision 0.45 0.78 0.67 0.15 0.45 0.60 0.50 0.20 0.40 

5 Recall 0.71 1.00 0.86 0.43 0.71 0.43 0.29 0.14 0.28 

TEXT Precision 0.69 0.70 0.64 0.44 0.64 0.23 0.33 0.17 0.28 

6 Recall 0.90 0.70 0.90 0.70 0.90 0.20 0.30 0.10 0.20 

TEXT Precision 0.40 0.67 0.50 0.41 0.40 0.60 0.60 0.40 0.40 

 7 Recall 0.57 0.57 0.71 1.00 0.29 0.43 0.43 0.28 0.28 

TEXT Precision 0.88 0.71 0.63 0.35 0.88 0.57 0.50 0.33 0.40 

8 Recall 0.88 0.63 0.63 0.75 0.75 0.50 0.38 0.25 0.25 

TEXT Precision 0.20 1.00 0.50 0.40 0.33 1.00 0.50 0.50 0.50 

9 Recall 0.50 1.00 0.50 1.00 0.50 1.00 0.50 0.50 0.50 

TEXT Precision 0.50 0.50 0.50 0.67 0.50 1.00 1.00 1.00 1.00 

10 Recall 0.67 0.33 0.33 0.67 0.67 0.33 0.33 0.33 0.33 

Avg. Precision 0.547 0.713 0.593 0.369 0.597 0.589 0.516 0.300 0.368 

 Recall 0.696 0.705 0.657 0.765 0.614 0.516 0.416 0.205 0.267 
 

 The experimental results are evaluated by two metrics: precision and recall.  Precision denotes the correct 
rate of what the algorithm makes; recall on the other hand indicates the extent to which the real boundaries are 
determined against the real boundaries of the texts.  A system is preferred to have high precision and high 
recall, but the two metrics are usually complementary.  Four experiments are carried out to investigate the 
impacts of window size W.  The considered window size is 3, 4, 5 and 6.  In addition, the readers' judgments 
are also evaluated to show the degree of their concordance.  Table 6 itemizes the results.   

 When W equals to 3, the recall and the precision outperform the other settings.  In addition, while W 
increases, the two metrics decrease.  Interestingly, the performance of window size 6 is better than that of 
window size 5.  Notice that window size 6 is exact twofold of window size 3, that is to say, the multipliers of 
best setting for window size do increase the performance.  

 As mentioned above, Reader 4 chooses much finer segments, so that low precision and high recall are 
obtained.  Generally speaking, the readers' judgments do much better segmentation than the proposed 
algorithm.  However, when the window size is selected properly, in this case W = 3, the results are very close 
to readers' judgments.  The comparison of the sixth column and the first five columns validates the claim.   
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5. CONCLUDING REMARKS 
A new method is proposed to partition text into plausibly coherent segments.  This approach takes the 
following points into account. 

 

•  repetition of words 

•  importance of words 

•  collocational semantics 

 

The repetition of words is naturally fulfilled in the calculation of coherent score.  The importance of words is 
measured by inverse document frequency.  The collocational semantics is carried out by noun-noun relations 
and noun-verb relations.  

 This text partition method has many interesting applications.  Consider sentence alignment.  The recall 
and the precision increase about 15% (Chen & Chen 94), when paragraph markers are considered.  This is 
because the alignment errors do not broadcast to the next anchor point (paragraph).  The discourse break has 
the same function as the paragraph break.  It decreases the possibilities of errors for texts without paragraph 
markers. 

 Besides the use in text partition, this model can be employed to identify topics from paragraphs, to discuss 
topic shift phenomena, and to abstract text topics (Chen 95).  Under topic coherence postulation, the nouns that 
have the stronger connectivities with other nouns and verbs in a discourse form a preferred topic set.  The topic 
of a text is a function of the topics of the paragraphs in the texts.  The meaning transition from paragraph to 
paragraph can be detected by the following way.  The connective strengths of the topics in the previous 
paragraph with the nouns and the verbs in the current paragraph are computed, and compared with the 
candidates in the current paragraph.  The previous topics have the tendency to decrease their strengths in the 
current paragraph.  The topic abstraction procedure in a text is an extension of topic identification in a 
paragraph.  It first identifies the topic set for each paragraph, then computes the connective strengths of the 
word pairs in the topic sets, and finally selects the nouns having the higher connectivities to constitute the topics 
of the text. 
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