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Abstract

We proposea statistical method that
finds the maximum-probability seg-
mentationof a giventext. This method
doesnot requiretraining databecause
it estimatesprobabilitiesfrom thegiven
text. Therefore,it can be applied to
any text in any domain. An experi-
ment showed that the methodis more
accuratethanor at leastasaccurateas
astate-of-the-arttext segmentationsys-
tem.

1 Intr oduction

Documentsusuallyincludevarioustopics.Identi-
fying andisolatingtopicsby dividing documents,
which is called text segmentation,is important
for many natural languageprocessingtasks,in-
cluding informationretrieval (HearstandPlaunt,
1993; Salton et al., 1996) and summarization
(Kan et al., 1998; Nakao, 2000). In informa-
tion retrieval, usersare often interestedin par-
ticular topics(parts)of retrieved documents,in-
steadof thedocumentsthemselves.To meetsuch
needs,documentsshouldbe segmentedinto co-
herenttopics. Summarizationis often usedfor a
long documentthat includesmultiple topics. A
summaryof sucha documentcan be composed
of summariesof the componenttopics. Identifi-
cationof topicsis thetaskof text segmentation.

A lot of researchhasbeendoneon text seg-
mentation(Kozima, 1993; Hearst, 1994; Oku-
muraandHonda,1994;Saltonetal., 1996;Yaari,
1997;Kanetal.,1998;Choi,2000;Nakao,2000).

A majorcharacteristicof themethodsusedin this
researchis that they do not requiretraining data
to segmentgiven texts. Hearst(1994),for exam-
ple,usedonly thesimilarity of worddistributions
in a giventext to segmentthetext. Consequently,
thesemethodscanbe appliedto any text in any
domain,even if training datado not exist. This
propertyis importantwhen text segmentationis
appliedto informationretrievalor summarization,
becausebothtasksdealwith domain-independent
documents.

Another application of text segmentationis
thesegmentationof a continuousbroadcastnews
story into individual stories(Allan et al., 1998).
In thisapplication,systemsrelyingon supervised
learning(Yamronet al., 1998;Beefermanet al.,
1999) achieve good performancebecausethere
areplenty of training datain the domain. These
systems,however, cannot beappliedto domains
for which no trainingdataexist.

The text segmentationalgorithm describedin
this paperis intendedto be appliedto the sum-
marizationof documentsor speeches.Therefore,
it shouldbe able to handledomain-independent
texts. Thealgorithmthusdoesnot useany train-
ing data.It requiresonly thegivendocumentsfor
segmentation.It can,however, incorporatetrain-
ing datawhenthey areavailable,asdiscussedin
Section5.

The algorithm selectsthe optimum segmen-
tation in terms of the probability definedby a
statisticalmodel. This is a new approachfor
domain-independenttext segmentation.Previous
approachesusuallyusedlexical cohesionto seg-
menttexts into topics.Kozima(1993),for exam-



ple,usedcohesionbasedon thespreadingactiva-
tion on a semanticnetwork. Hearst(1994)used
the similarity of word distributions asmeasured
by the cosineto gaugecohesion.Reynar (1994)
usedword repetitionas a measureof cohesion.
Choi (2000) usedthe rank of the cosine,rather
thanthecosineitself, to measurethesimilarity of
sentences.

The statisticalmodel for the algorithm is de-
scribedin Section2, and the algorithm for ob-
tainingthemaximum-probabilitysegmentationis
describedin Section3. Experimentalresultsare
presentedin Section4. Furtherdiscussionandour
conclusionsaregivenin Sections5 and6, respec-
tively.

2 Statistical Model for Text
Segmentation

We first definethe probability of a segmentation
of a giventext in this section.In thenext section,
we thendescribethe algorithmfor selectingthe
mostlikely segmentation.

Let
� ���������
	�	�	���


be a text consistingof� words,andlet � � � � � �
	�	�	 ��� be a segmen-
tation of

�
consistingof � segments.Thenthe

probabilityof thesegmentation� is definedby:

����� ��� ����� ������� � � � ���!� � ������"��� 	
(1)

Themostlikely segmentation #� is givenby:

#� �%$&��')(*$&+, �����"� � � �-���!� � �". (2)

because
���/�"���

is a constantfor agiventext
�

.
The definitions of

�����"� � � � and
���0� � � are

givenbelow, in thatorder.

2.1 Definition of
�����"� � � �

We definea topic by thedistribution of wordsin
that topic. We assumethat different topicshave
differentword distributions. We further assume
that different topicsarestatisticallyindependent
of eachother. We also assumethat the words
within the scopeof a topic arestatisticallyinde-
pendentof eachothergiventhetopic.

Let ��1 bethe numberof wordsin segment � 1 ,
andlet

� 12 bethe 3 -th word in � 1 . If wedefine
� 1

as � 1 �4� 1 � � 1� 	�	�	�� 1
65 .

then
�7�%�8�9�:�
	�	�	!� � and� � �1<; � � 1 hold.

This meansthat � 1 and
� 1 correspondto each

other.
Under our assumptions,

�����"� � � � can be de-
composedasfollows:

������� � � �=� ���0�"� � � � 	�	�	9� � � � �
� �

1<; � �����"� 1 � � �

� �
1<; � �����"� 1 � � 1 �

� �
1<; �


>5
2 ; �

�����?� 12 � � 1 ��	 (3)

Next, wedefine
���0�?� 12 � � 1 � as:

�����?� 12 � � 1 �
@BA 1 �C� 12 ��DFE
� 1 DFG .

(4)

where A 1 �?� 12 � is the numberof wordsin
� 1 that

arethesameas
� 12 and

G
is thenumberof different

wordsin
�

. For example,if
�7�%�8�&�:�

, where�8�)�IHKJ&HKJ!H
and

�:���ML&L&L&NOL&L
, then A �&��HO���IP

,
A �&�"J&�Q�SR

, A �>�"L0�T�SU
, A �>�"NO�Q�VE

, and
GW�YX

.
Equation(4) is known asLaplace’slaw (Manning
andScḧutze,1999).
A 1 �?� 12 � canbedefinedas:

A 1 �C� 12 �
@%Z �?� 12 � � 1 � � 1� 	�	�	�� 1
65 � (5)

for

Z �?� 12 � � 1 � � 1� 	�	�	C� 1
65 �[@

65
\ ; �^]

�?� 1\ .�� 12 �". (6)

where ] �C� 1\ ."�
12 �_�`E

when
� 1\ and

� 12 are the
sameword and ] �C�

1\ ."� 12 �a�cb
otherwise. For

example,
Z �"H � J&HKJ!HK�d� ] �"J&.eHO�9D ] �"HK.�HK�"D ] ��J!.�HK�"D] �"HK.�HK���fbgDFEgDWbhDiE��%R

.
Equations(5) and(6) areusedin Section3 to

describethealgorithmfor finding themaximum-
probabilitysegmentation.

2.2 Definition of
����� � �

The definition of
����� � � can vary dependingon

ourprior informationaboutthepossibility of seg-
mentation � . For example,we might know the
averagelengthof thesegmentsandwantto incor-
porateit into

���0� � � .



Our assumption,however, is that we do not
have suchprior information. Thus, we have to
usesomeuninformative prior probability.

We define
����� � � as

���0� � �
@ �[j � (7)

Equation(7) is determinedon thebasisof its de-
scription length,1 k � � � ; i.e.,

���0� � �
�fR jmlon , p (8)

where k � � �q� �sr t ' � bits.2 This description
lengthis derivedasfollows:

Supposethattherearetwo people,a senderand
areceiver, bothof whomknow thetext tobeseg-
mented. Only the senderknows the exact seg-
mentation,andhe/sheshouldsendamessageso
that the receiver cansegmentthe text correctly.
To thisend,it is sufficient for thesenderto sendu integers,i.e., vxwzy{v |zyz}z}~}zyCv-� , becausethese
integersrepresentthe lengthsof segmentsand
thusuniquelydeterminethesegmentationonce
thetext is known.

A segmentlengthv 5 canbeencodedusing���!��v
bits, becausev 5 is a numberbetween1 and v .
The total descriptionlengthfor all thesegment
lengthsis thus u ���!��v bits.3

Generallyspeaking,
����� � � takesa large value

when the numberof segmentsis small. On the
otherhand,

������� � � � takesalargevaluewhenthe
numberof segmentsis large. If only

������� � � � is
usedto segmentthe text, then the resultingseg-
mentationwill havetoomany segments.By using
both

���0� � � and
������� � � � , we canget a reason-

ablenumberof segments.

3 Algorithm for Finding the
Maximum-Pr obability Segmentation

To find the maximum-probabilitysegmentation#� , wefirst definethecostof segmentation� as
� � � �
@f� r t '�������� � � � ���!� � �". (9)

1StolckeandOmohundrousesdescriptionlengthpriors
to inducethe structureof hiddenMarkov models(Stolcke
andOmohundro,1994).

2‘Log’ denotesthelogarithmto thebase2.
3We have used � | ���!��v as �<�<�^� before. But we useu ���!� v in this paper, becauseit is easily interpretedas a

descriptionlengthandthe experimentalresultsobtainedby
using u ���!��v areslightly betterthanthoseobtainedby us-
ing � | ���!��v . An anonymousreviewersuggestsusingaPois-
sondistribution whoseparameteris �� , the averagelength
of a segment(in words),as prior probability. We leave it
for future work to comparethe suitability of variousprior
probabilitiesfor text segmentation.

andwethenminimize
� � � � to obtain #� , because

#� �%$&��')(*$&+, �����"� � � �-���!� � ���f$!��')(*� �, � � � ��	
(10)� � � � canbedecomposedasfollows:

� � � ��� � r t '������"� � � �-���!� � �
� � �

1<; �

>5
2 ; � r t

'����0�C� 12 � � 1 ��� r t '������ � �

� � �
1<; �


>5
2 ; � r t

' A 1 �C� 12 ��DWE
� 1 DWG D �Mr t ' �

� �
1<; � L&�?�

1 � � 1� 	�	�	�� 1
>5 � � .�G^�". (11)

where

L&�?� 1 � � 1� 	�	�	�� 1
>5 � � .�G^�
@


>5
2 ; � r t

' � 1 DiG
A 1 �?� 12 ��DFE D r t ' � 	 (12)

We further rewrite Equation(12) in the form
of Equation(13) below by using Equation (5)
and replacing � 1 with � �C� 1 � � 1� 	�	�	�� 1
>5 � , where
� �9�
�6�z�6��� is thelengthof words, i.e.,thenumber
of word tokensin words. Equation(13) is usedto
describeouralgorithmin Section3.1:

L&�?� 1 � � 1� 	�	�	�� 1
65 � � .�G^�
� � n��

5
w �
5
|"� ��� �

5
� 5 p

2 ; � r t ' � �C� 1 � � 1� 	�	�	�� 1
>5 ��DFG
Z �C� 12 � � 1 � � 1� 	�	�	�� 1
>5 ��DFE

D r t ' � 	 (13)

3.1 Algorithm

Thissectiondescribesanalgorithmfor findingthe
minimum-costsegmentation.First,we definethe
termsandsymbolsusedto describethealgorithm.

Given a text
� �Y��������	�	�	���


consistingof� words,we define� 1 asthepositionbetween
� 1

and
� 1<� � , so that �e� is just before

� �
and � 
 is

justafter
��


.
Next, we definea graph   �¢¡C£¤.¦¥¨§

, where
£

is a set of nodesand
¥

is a set of edges.
£

is
definedas

£©�%ª � 1 � b�«F¬h« �[­ (14)



and
¥

is definedas

¥®�%ª>¯ 1 2 � b°«4¬²± 3 « �d­ . (15)

wheretheedgesareordered;theinitial vertex and
the terminal vertex of

¯ 1 2 are � 1 and � 2 , respec-
tively. An exampleof   is shown in Figure1.

We say that
¯ 1 2 covers

� 1<� ��� 1<� �¤	�	�	�� 2 .
This means that

¯ 1 2 representsa segment� 1<� ��� 1C� �¤	�	�	�� 2 . Thus,we definethecost
L 1 2 of

edgē 1 2 by usingEquation(13):

L 1 2 �%L0�?� 1<� �<� 1<� �¤	�	�	�� 2 � � .�G^�". (16)

where
G

is thenumberof differentwordsin
�

.
Given thesedefinitions,we describethe algo-

rithm to find the minimum-costsegmentationor
maximum-probabilitysegmentationasfollows:

Step1. Calculatethecost
L 1 2 of edgē 1 2 for

b¨«¬²± 3 « � by usingEquation(16).

Step2. Find the minimum-costpath from � � to� 
 .

Algorithmsfor finding theminimum-costpathin
a grapharewell known. An algorithmthat can
provideasolutionfor Step2 will beasimplerver-
sion of thealgorithmusedto find themaximum-
probability solution in Japanesemorphological
analysis(Nagata,1994).Therefore,asolutioncan
beobtainedby applyinga dynamicprogramming
(DP) algorithm.4 DP algorithmshave alsobeen
usedfor text segmentationby other researchers
(PonteandCroft, 1997;Heinonen,1998).

The path thus obtained represents the
minimum-cost segmentationin   when edges
correspondwith segments. In Figure 1, for
example,if

¯ � �&¯¦�?³´¯�³"µ is the minimum-costpath,
then ¶ �¨�?· ¶ ���¸��³9· ¶ ��¹¸��µ9· is the minimum-cost
segmentation.

The algorithm automatically determinesthe
numberof segments.But thenumberof segments
canalsobe specifiedexplicitly by specifyingthe
numberof edgesin theminimum-costpath.

Thealgorithmallows the text to besegmented
anywhere betweenwords; i.e., all the positions

4A programthat implementsthe algorithmdescribedin
this sectionis availableathttp:
//www.cr l. go. jp /j t/a 132/m embers/ mutiy ama
/softwar es .ht ml.

betweenwordsarecandidatesfor segmentbound-
aries.It is easy, however, to modify thealgorithm
so that the text canonly be segmentedat partic-
ular positions,suchas the endsof sentencesor
paragraphs.This is doneby usinga subsetof

¥
in Equation(15). We useonly the edgeswhose
initial andterminalverticesarecandidatebound-
ariesthat meetparticularconditions,suchasbe-
ing theendsof sentencesor paragraphs.We then
obtain the minimum-costpathby doing Steps1
and2. Theminimum-costsegmentationthusob-
tainedmeetstheboundaryconditions.In this pa-
per, weassumethatthesegmentboundariesareat
theendsof sentences.

3.2 Propertiesof the segmentation

Generallyspeaking,thenumberof segmentsob-
tained by our algorithm is not sensitive to the
lengthof a giventext, which is countedin words.
In otherwords, the numberof segmentsis rela-
tively stablewith respectto variation in the text
length. For example, the algorithm divides a
newspapereditorial consistingof about27 sen-
tencesinto 4 to 6 segments,while on the other
hand,it dividesalongtext consistingof over1000
sentencesinto 10 to 20segments.Thus,thenum-
berof segmentsis notproportionalto text length.
This is dueto the term �Mr t ' � in Equation(11).
Thevalueof this termincreasesasthenumberof
wordsincreases.Thetermthussuppressesthedi-
visionof atext whenthelengthof thetext is long.

This stability is desirablefor summarization,
becausesummarizingagiventext requiresselect-
ing a relatively small numberof topics from it.
If a text segmentationsystemdividesa giventext
into a relatively small numberof segments,then
a summaryof the original text canbe composed
by combiningsummariesof the componentseg-
ments(Kan et al., 1998; Nakao,2000). A finer
segmentationcan be obtainedby applying our
algorithmrecursively to eachsegment,if neces-
sary.5

5Wesegmentedvarioustextswithout rigorousevaluation
andfoundthatourmethodis goodatsegmentingatext into a
relatively smallnumberof segments.On theotherhand,the
methodis not goodat segmentinga text into a large num-
ber of segments. For example,the methodis goodat seg-
mentinga 1000-sentencetext into 10 segments. In sucha
case,thesegmentboundariesseemto correspondwell with
topic boundaries.But, if the methodis forced to segment
thesametext into 50 segmentsby specifyingthenumberof
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Figure1: Exampleof a graph.

4 Experiments

4.1 Material

We usedpublicly available datato evaluateour
system. This datawas usedby Choi (2000) to
comparevarious domain-independenttext seg-
mentationsystems.6 He evaluated

��º>º
(Choi,

2000),TextTiling (Hearst,1994),DotPlot (Rey-
nar, 1998),andSegmenter(Kan et al., 1998)by
usingthedataandreportedthat

��º´º
achievedthe

bestperformanceamongthesesystems.
The datadescriptionis as follows: “An artifi-

cial testcorpusof 700 samplesis usedto assess
the accuracy andspeedperformanceof segmen-
tationalgorithms.A sampleis a concatenationof
ten text segments. A segmentis the first � sen-
tencesof a randomlyselecteddocumentfrom the
Brown corpus. A sampleis characterisedby the
range� .” (Choi, 2000)Table1 givesthe corpus
statistics.

Rangeof v »�¼*½!½ »�¼¿¾ À�¼¿Á Â�¼Q½!½
# samples 400 100 100 100

Table1: Testcorpusstatistics.(Choi,2000)

Segmentationaccuracy was measuredby the
probabilisticerrormetric Ã \ proposedby Beefer-
man,et al. (1999).7 Low Ã \ indicateshigh accu-

edgesin theminimum-costpath,thentheresultingsegmen-
tationoftencontainsvery smallsegmentsconsistingof only
oneor two sentences.We found empirically that segments
obtainedby recursive segmentationwerebetterthan those
obtainedby minimum-costsegmentationwhenthespecified
numberof segmentswassomewhat larger than that of the
minimum-costpath,whosenumberof segmentswasauto-
maticallydeterminedby thealgorithm.

6Thedatais availablefrom
http://w ww.cs .man.ac .u k/˜ ch oi f/s of twa re /
C99-1.2- re lea se .t gz.
We used
naacl00E xp /da ta / Ä 1,2 ,3 Å /Ä 3-11,3- 5,6 -8 ,9- 11Å /* ,
which is containedin thepackage,for ourexperiment.

7Let Æ�Ç9È beacorrectsegmentationandlet É/Ê9Ë¦Ì beaseg-
mentationproposedby atext segmentationsystem:Thenthe

racy.

4.2 Experimental procedure and results

Thesampletexts werepreprocessed– i.e., punc-
tuationandstopwordswereremovedandthere-
mainingwordswerestemmed– by aprogramus-
ing thelibrariesavailablein Choi’s package.The
texts were thensegmentedby the systemslisted
in Tables2 and3. The segmentationboundaries
were placedat the endsof sentences.The seg-
mentationswereevaluatedby applyinganevalu-
ationprogramin Choi’spackage.

Theresultsarelistedin Tables2 and3. Í b>b is
theresultfor oursystemwhenthenumbersof seg-
mentsweredeterminedby thesystem. Í b´b n�Î p is
theresultfor oursystemwhenthenumbersof seg-
mentsweregiven beforehand.8

��º´º
and

��º>º n�Î p
arethe correspondingresultsfor the systemsde-
scribedin Choi’spaper(Choi,2000).9

»�¼¿½!½ »�¼¿¾ À�¼QÁ Â�¼*½!½ TotalÏ Ð!Ð
11%Ñ�Ñ 13%Ñ�Ñ 6%Ñ�Ñ 6%Ñ�Ñ 10%Ñ�ÑÒ Â!Â 13% 18% 10% 10% 13%

prob 7.9E-5 4.9E-3 2.5E-5 7.5E-8 9.7E-12

Table2: Comparisonof Ã \ : thenumbersof seg-
mentsweredeterminedby thesystems.

In thesetables,thesymbol“ Ó>Ó ” indicatesthat
the differencein Ã \ betweenthe two systemsis
statisticallysignificantat the 1% level, basedon

“number Ô�Õ9�?Æ�Ç9È�yCÉ/Ê!Ë¦Ì9� is the probability that a randomly
chosenpairof wordsa distanceof Ö wordsapartis inconsis-
tentlyclassified;thatis, for oneof thesegmentationsthepair
lies in thesamesegment,while for theotherthepair spans
a segmentboundary”(Beefermanet al., 1999),where Ö is
chosento be half the averagereferencesegmentlength(in
words).

8If two segmentationshave thesamecost,thenour sys-
temsarbitrarily selectoneof them; i.e., the systemsselect
thesegmentationprocessedpreviously.

9The resultsfor
Ò Â!Â/×�Ø{Ù in Table3 areslightly different

from thoselisted in Table6 of Choi’s paper(Choi, 2000).
This is becausetheoriginal resultsin thatpaperwerebased
on 500samples,while theresultsin our Table3 werebased
on 700samples(Choi,personalcommunication).



»�¼Q½!½ »�¼T¾ À�¼TÁ Â�¼¿½!½ TotalÏ Ð!Ð ×�ØoÙ 10%Ñ�Ñ 9% 7%Ñ�Ñ 5%Ñ�Ñ 9%Ñ�ÑÒ Â!Â/×�ØoÙ 12% 11% 10% 9% 11%
prob 2.7E-4 0.080 2.3E-3 1.0E-4 6.8E-9

Table3: Comparisionof Ã \ : thenumbersof seg-
mentsweregivenbeforehand.

a one-sidedÚ -testof thenull hypothesisof equal
means. The probability of the null hypothesis
being true is displayedin the row indicatedby
“prob”. The columnlabels,suchas“

P��ÛU
”, in-

dicatethatthenumbersin thecolumnaretheav-
eragesof Ã \ over thecorrespondingsampletexts.
“Total” indicatesthe averagesof Ã \ over all the
text samples.

Thesetablesshow statisticallythatour system
is more accuratethan or at leastas accurateas��º´º

. Thismeansthatoursystemismoreaccurate
than or at leastas accurateas previous domain-
independenttext segmentationsystems,because��º´º

hasbeenshowntobemoreaccuratethanpre-
viousdomain-independenttext segmentationsys-
tems.10

5 Discussion

5.1 Evaluation

Evaluationof theoutputof text segmentationsys-
temsis difficult becausethe requiredsegmenta-
tionsdependon theapplication.In thispaper, we
have usedanartificial corpusto evaluateour sys-
tem. We regardthis asappropriatefor comparing
relative performanceamongsystems.

It is important,however, to assessthe perfor-
manceof systemsby using real texts. These
textsshouldbedomainindependent.They should
alsobe multi-lingual if we want to test the mul-

10Speedperformanceis not our mainconcernin this pa-
per. Our implementationsof

Ï Ð!Ð
and

Ï Ð!Ð&Ü
arenot opti-

mum. However,
Ï Ð!Ð

and
Ï Ð!Ð&Ü

, which areimplementedin
C, run asfastas

Ò Â!Â and
Ò Â!Â Ü , which areimplementedin

Java(Choi,2000),dueto thedifferencein programminglan-
guages.Theaveragerun timesfor a sampletext were

Ï Ð!Ð Ý ½&}�»!À sec.Ò Â!Â Ý ½&} Þ´Â sec.Ï Ð!Ð&ÜßÝ ½&}�»!à sec.Ò Â!Â ÜßÝ ½&} Þ´¾ sec.

on a PentiumIII 750-MHzPCwith 384-MB RAM running
RedHatLinux 6.2.

tilinguality of systems.For English,Klavans,et
al. describea segmentationcorpusin which the
texts weresegmentedby humans(Klavanset al.,
1998). But, thereareno suchcorporafor other
languages.We areplanningto build a segmen-
tation corpus for Japanese,basedon a corpus
of speechtranscriptions(Maekawa and Koiso,
2000).

5.2 Relatedwork

Our proposedalgorithm finds the maximum-
probability segmentationof a given text. This
is a new approachfor domain-independenttext
segmentation.A probabilisticapproach,however,
hasalreadybeenproposedby Yamron,et al. for
domain-dependenttext segmentation(broadcast
news story segmentation)(Yamronet al., 1998).
They trained a hidden Markov model (HMM),
whosestatescorrespondto topics. Givena word
sequence,their systemassignseachword a topic
so that the maximum-probabilitytopic sequence
is obtained.Their modelis basicallythesameas
thatusedfor HMM part-of-speech(POS)taggers
(ManningandScḧutze,1999),if we regardtopics
asPOStags.11 Findingtopicboundariesis equiv-
alenttofindingtopictransitions;i.e.,acontinuous
topic or segmentis a sequenceof wordswith the
sametopic.

Their approachis indirect comparedwith our
approach,which directly finds the maximum-
probabilitysegmentation.As aresult,theirmodel
can not straightforwardly incorporate features
pertainingto asegmentitself, suchastheaverage
lengthof segments.Ourmodel,ontheotherhand,
can incorporatethis informationquite naturally.
Supposethat the lengthof a segment á follows
a normaldistribution â � á¤ã�ä ./å�� , with a meanof
ä andstandarddeviation of

å
(PonteandCroft,

1997).ThenEquation(13)canbeaugmentedto

L&�C� 1 � � 1� 	�	�	�� 1
65 � � .�Gm. ä .�å^.�æç."èé.~ê¤�
� æ¿� n��

5
w �
5
| � ��� �

5
� 5 p

2 ; � r t ' � �C� 1 � � 1� 	�	�	C� 1
>5 ��DiG
Z �?� 12 � � 1 � � 1� 	�	�	C� 1
65 ��DWE

Dhè r t ' �Dhê r t '
E

â � � �?� 1 � � 1� 	�	�	�� 1
>5 � � ä .�å��
.

(17)

11Thedetailsaredifferent,though.



where
æ:DaèëDaê8�®E

. Equation(17) favorsseg-
mentswhoselengthsare similar to the average
length(in words).

Anothermajordifferencefrom their algorithm
is thatouralgorithmdoesnotrequiretrainingdata
to estimateprobabilities, while their algorithm
does.Therefore,our algorithmcanbe appliedto
domain-independenttexts, while their algorithm
is restrictedto domainsfor which training data
are available. It would be interesting,however,
to compareouralgorithmwith theiralgorithmfor
thecasewhentrainingdataareavailable.In such
a case,our model shouldbe extendedto incor-
poratevariousfeaturessuchas the averageseg-
ment length,clue words,namedentities,andso
on (Reynar, 1999;Beefermanetal., 1999).

Ourproposedalgorithmnaturallyestimatesthe
probabilitiesof wordsin segments. Theseprob-
abilities, which are called word densities,have
been used to detect important descriptionsof
words in texts (Kurohashiet al., 1997). This
methodis basedon theassumptionthat the den-
sity of a word is high in a segmentin which the
word is discussed(definedand/orexplained) in
somedepth. It would be interestingto applyour
methodto thisapplication.

6 Conclusion

We haveproposedastatisticalmodelfor domain-
independenttext segmentation.Thismethodfinds
themaximum-probabilitysegmentationof agiven
text. The methodhas beenshown to be more
accuratethan or at leastas accurateas previous
methods. We areplanningto build a segmenta-
tion corpusfor Japaneseandevaluateourmethod
againstthis corpus.
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