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Abstract

We proposea statistical method that
finds the maximum-probability seg-
mentationof a giventext. This method
doesnot requiretraining databecause
it estimategprobabilitiesfrom thegiven
text. Therefore,it can be appliedto
ary text in ary domain. An experi-
ment shaved that the methodis more
accuratethanor at leastasaccurateas
astate-of-the-artext sggmentatiorsys-
tem.

1 Intr oduction

Documentsusuallyincludevarioustopics. Identi-
fying andisolatingtopicsby dividing documents,
which is called text segmentation,is important
for mary naturallanguageprocessingasks,in-
cluding informationretrieval (Hearstand Plaunt,
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 documentsjn-
steadof thedocumentgshemseles. To meetsuch
needs,documentsshould be segmentedinto co-
herenttopics. Summarizatioris often usedfor a
long documentthat includesmultiple topics. A
summaryof sucha documentcan be composed
of summarief the componentopics. Identifi-
cationof topicsis the taskof text sgmentation.
A lot of researchhasbeendoneon text seg-
mentation(Kozima, 1993; Hearst, 1994; Oku-
muraandHonda,1994;Saltonetal., 1996; Yaari,
1997;Kanetal.,1998;Choi,2000;Nakao,2000).
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A majorcharacteristiof themethodsusedin this
researchs thatthey do not requiretraining data
to sgmentgiventexts. Hearst(1994),for exam-
ple, usedonly the similarity of word distributions
in agiventext to sggmentthetext. Consequently
thesemethodscan be appliedto ary text in ary
domain,evenif training datado not exist. This
propertyis importantwhentext segmentationis
appliedto informationretrieval or summarization,
becauséothtasksdealwith domain-independent
documents.

Another application of text segmentationis
the sgmentationof a continuousbroadcashews
story into individual stories(Allan et al., 1998).
In this application,systemselying on supervised
learning(Yamronet al., 1998; Beefermanret al.,
1999) achiere good performancebecausehere
areplenty of training datain the domain. These
systemshowever, cannot be appliedto domains
for which notrainingdataexist.

The text sggmentationalgorithm describedn
this paperis intendedto be appliedto the sum-
marizationof documentsr speechesTherefore,
it shouldbe ableto handledomain-independent
texts. Thealgorithmthusdoesnot useary train-
ing data.lt requiresonly the givendocumentgor
segmentation.It can,however, incorporatetrain-
ing datawhenthey are available,asdiscussedn
Section5.

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



ple, usedcohesiorbasedn thespreadingactiva-
tion on a semanticnetwork. Hearst(1994) used
the similarity of word distributions as measured
by the cosineto gaugecohesion.Reynar (1994)
usedword repetitionas a measureof cohesion.
Choi (2000) usedthe rank of the cosine,rather
thanthe cosineitself, to measurehe similarity of
sentences.

The statisticalmodel for the algorithmis de-
scribedin Section2, and the algorithm for ob-
tainingthe maximum-probabilitysegmentations
describedn Section3. Experimentalresultsare
presentedh Sectiord. Furtherdiscussiorandour
conclusionsaregivenin Sections and6, respec-
tively.

2 Statistical Model for Text
Segmentation

We first definethe probability of a segmentation
of agiventext in this section.In the next section,
we thendescribethe algorithm for selectingthe
mostlikely segmentation.
LetW = wyiws...w, beatext consistingof

n words,andlet S = 515;...5,, beasegmen-
tation of W consistingof m segments. Thenthe
probability of thesggmentationS is definedby:

Pr(W[S) Pr(S)

Pr(S|W) = Pr(IV) 1)
Themostlikely segmentationS is givenby:
S = arg max Pr(W|S) Pr(S), (2)

becausd@r(W) is aconstanfor agiventext V.
The definitions of Pr(W|S) and Pr(S) are
givenbelow, in thatorder

2.1 Definition of Pr(WW|S)

We definea topic by the distribution of wordsin
that topic. We assumehat differenttopics have
differentword distributions. We further assume
that differenttopics are statisticallyindependent
of eachother We also assumethat the words
within the scopeof a topic are statisticallyinde-
pendenbf eachothergiventhetopic.

Let n; bethe numberof wordsin sggment.sS;,
andlet w’; bethe j-thwordin S;. If we definelV;
as _

(2

oyl
M/’i —w1w2...wni,

thenW = W W, ... W, andn = 7" | n; hold.
This meansthat S; and W; correspondo each
othet

Under our assumptionsPr(W|S) canbe de-
composedsfollows:

Pr(W|S) =

~ TIPewas)

i=1

=[] Pr(WilSy)
i=1

Pr(WiWs. .. W,,|S)

= [I1] Pr(w§|SZ-). (3)
i=1j=1
Next, we definePr(w}|S;) as:
i fl(w’) + 1
Pr(wj|S;) = W7 (4)

where f; (wj-) is the numberof wordsin W; that
arethesameaSwj» andk isthenumberof different
wordsin W. For example,if W = W1 W5, where
Wy = ababa andWy = cecdec, then fi(a) = 3,
fl(b) = 2, fg(c) = 5, fg(d) = 1,andk = 4.
Equation(4) is known asLaplaceslaw (Manning
andSchitze,1999).
fi(w}) canbedefinedas:

(5)

for

n;
h(wilwiws . . .wy,,) = Z 6 (wy, w5),
k=1

(6)

whered(wj, w?) = 1 whenwj, andw} arethe
sameword and 6(wj, w}) = 0 otherwise. For
example h(albaba) = 6(b, a)+d(a, a)+d(b,a)+
da,a)=0+1+0+1=2.

Equations(5) and (6) areusedin Section3 to
describethe algorithmfor finding the maximum-
probability segmentation.

2.2 Definition of Pr(S)

The definition of Pr(S) canvary dependingon
our prior informationaboutthe possibility of seg-
mentationS. For example,we might know the
averagdengthof the sgmentsandwantto incor
porateit into Pr(.S).



Our assumptionhowever, is that we do not
have suchprior information. Thus, we have to
usesomeuninformatve prior probability.

We definePr(S) as

Pr(S)=n""" (7)

Equation(7) is determinedn the basisof its de-
scription length, 1(S); i.e.,

Pr(S) = 2719 (8)

wherel(S) = mlogn bits? This description
lengthis derived asfollows:

Supposehattherearetwo peoplea sendeiand
arecever, bothof whomknaow thetext to beseg-

mented. Only the senderknows the exact seg-

mentationandhe/sheshouldsendamessagso
thatthe recevver cansegmentthe text correctly

To thisend,it is suficientfor the sendetto send
m integers,i.e., ni, na, ..., nm, becausehese
integers representhe lengthsof segmentsand
thusuniquely determinethe sggmentationonce
thetext is known.

A segmentlengthn,; canbeencodedisinglog n
bits, because; is a numberbetweenl andn.
The total descriptionlengthfor all the sggment
lengthsis thusm log n bits3

Generallyspeaking Pr(S) takesa large value
when the numberof sggmentsis small. On the
otherhand,Pr(W|S) takesalargevaluewhenthe
numberof segmentsis large. If only Pr(1V|S) is
usedto segmentthe text, thenthe resultingsey-
mentatiorwill have too mary sgments.By using
both Pr(S) andPr(W|S), we cangeta reason-
ablenumberof segments.

3 Algorithm for Finding the
Maximum-Pr obability Segmentation

To find the maximum-probabilitysegmentation
S, wefirst definethe costof sggmentationS as

C(S) = —log Pr(W|S) Pr(S), 9)

!stolckeand Omohundrousesdescriptionlength priors
to inducethe structureof hiddenMarkov models(Stolcke
andOmohundro,1994).

2Log’ denoteghelogarithmto thebase2.

3We have used F logn as(S) before. But we use
mlogn in this paper becauset is easily interpretedas a
descriptionlengthandthe experimentalresultsobtainedby
usingm log n areslightly betterthanthoseobtainedby us-
ing % log n. An anorymousreviewer suggestsisinga Pois-
sondistribution whoseparameteis -, the averagelength
of a sgment(in words), as prior probability We leave it
for future work to comparethe suitability of variousprior
probabilitiesfor text segmentation.

andwe thenminimize C/(S) to obtain$, because

S =arg msa}XPr(W|S) Pr(S) = argmsinC(S).

(10)
C(S) canbedecomposedsfollows:
c(S) = —logPr(W|S) Pr(S)
= —ZZIogPr j\S — log Pr(S)
i=1j=1
m N4 _|_ 1
= —ZZI ————— +mlogn
i=1j5=1
= ZC(U)iU)Q n ‘nv k)? (11)
i=1
where
(win w, |n k)
1 1 12

We further rewrite Equation(12) in the form
of Equation(13) below by using Equation (5)
and replacingn; with #(wiw}...w! ), where
#(words) is thelengthof words, i.e.,thenumber
of wordtokensin words. Equation(13)is usedto
describeour algorithmin Section3.1.:

wf%_|n, k)

#(wiwh..wy,)

= Z log 3

clwiw . ..

#(wiwh .. wh) +k

= (whlwjw} ... w},) +1
+ log n. (13)
3.1 Algorithm

Thissectiondescribesnalgorithmfor findingthe
minimum-costsggmentation.First, we definethe
termsandsymbolsusedto describehealgorithm.

Givenatext W = wiws...w, consistingof
n words,we defineg; asthe positionbetweenw;
andw;+1, sothat gy is just beforew; andg, is
justafterws,,.

Next, we definea graphG = (V, E), whereV
is a setof nodesand F is a setof edges. V is
definedas

V={gil0<i<n} (14)



andF is definedas

E= {eij\O <i<j< n}, (15)
wheretheedgesareorderedtheinitial vertex and
the terminal vertex of e;; are g; andg;, respec-
tively. An exampleof GG is shavn in Figurel.

We say that e;; covers w;yijwiyo...w;.
This means that e;; representsa sement
Wi41Wi42 - - -w;. Thus,we definethe costc;; of
edgee;; by usingEquation(13):

Cij = c(wi+1wi+2 e .wj|n, k), (16)
wherek is the numberof differentwordsin W.

Given thesedefinitions,we describethe algo-
rithm to find the minimum-costsegmentationor
maximum-probabilitysggmentatiorasfollows:

Step 1. Calculatethe costc;; of edgee;; for 0 <
1 < j < n by usingEquation(16).

Step2. Find the minimum-costpathfrom g, to
In-

Algorithmsfor finding the minimum-costpathin
a grapharewell known. An algorithmthat can
provide asolutionfor Step2 will beasimplerver-
sion of the algorithmusedto find the maximum-
probability solution in Japanesamorphological
analysigNagata;1994). Thereforeasolutioncan
be obtainedby applyinga dynamicprogramming
(DP) algorithm# DP algorithmshave alsobeen
usedfor text sggmentationby other researchers
(PonteandCroft, 1997;Heinonen1998).

The path thus obtained represents the
minimum-costsegmentationin G when edges
correspondwith seggments. In Figure 1, for
example,if eg1eqzess is the minimum-costpath,
then [wi][wows][wsws] is the minimum-cost
segmentation.

The algorithm automatically determinesthe
numberof segments.But thenumberof segments
canalsobe specifiedexplicitly by specifyingthe
numberof edgesn the minimum-costpath.

The algorithmallows the text to be sggmented
anywhere betweenwords; i.e., all the positions

A programthatimplementsthe algorithm describedn
this sectionis availableat http:

Imww.cr |. go. jp /j t/a 132/members/ muiy ama
/softwar es.ht ml.

betweerwordsarecandidate$or sgmentbound-
aries.lIt is easy however, to modify the algorithm
sothatthe text canonly be sgmentedat partic-
ular positions,suchas the endsof sentence®r
paragraphsThis is doneby usinga subsebf £
in Equation(15). We useonly the edgeswhose
initial andterminalverticesare candidatebound-
ariesthat meetparticularconditions,suchasbe-
ing the endsof sentencesr paragraphsWe then
obtain the minimum-costpath by doing Stepsl
and2. The minimum-costsegmentatiorthusob-
tainedmeetsthe boundaryconditions.In this pa-
per, we assumehatthe sggmentboundariesreat
theendsof sentences.

3.2 Propertiesof the segmentation

Generallyspeakingthe numberof segmentsob-
tained by our algorithm is not sensitve to the
lengthof a giventext, whichis countedin words.
In otherwords, the numberof segmentsis rela-
tively stablewith respectto variationin 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 over 1000
sentencemto 10to 20 sggments.Thus,thenum-
berof sggmentsis not proportionalto text length.
Thisis dueto thetermm logn in Equation(11).
Thevalueof this termincreasessthe numberof
wordsincreasesThetermthussuppressethedi-
vision of atext whenthelengthof thetext is long.

This stability is desirablefor summarization,
becaussummarizinga giventext requiresselect-
ing a relatively small numberof topics from it.
If atext segmentatiorsystemdividesa giventext
into a relatively small numberof sggments,then
a summaryof the original text canbe composed
by combiningsummariesof the componentsay-
ments(Kan et al., 1998; Nakao,2000). A finer
segmentationcan be obtainedby applying our
algorithmrecursvely to eachsegment,if neces-
sary®

SWe segmentedvarioustexts without rigorousevaluation
andfoundthatour methodis goodatseggmentingatext into a
relatively smallnumberof sggments.Ontheotherhand,the
methodis not good at sgmentinga text into a large num-
ber of sggments. For example,the methodis goodat seg-
mentinga 1000-sentencéext into 10 sggments. In sucha
case the sgmentboundarieseemto correspondvell with

topic boundaries.But, if the methodis forcedto segment
the sametext into 50 segmentsby specifyingthe numberof
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Figurel: Exampleof agraph.

4 Experiments

4.1 Material

We usedpublicly available datato evaluateour
system. This datawas usedby Choi (2000) to
comparevarious domain-independentext seg-
mentationsystem€ He evaluatedC'99 (Choi,
2000), TextTiling (Hearst,1994), DotPlot (Rey-
nar, 1998),and Segmenter(Kan et al., 1998) by
usingthe dataandreportedthatC'99 achieedthe
bestperformanceamongthesesystems.

The datadescriptionis asfollows: “An artifi-
cial testcorpusof 700 sampless usedto assess
the accurag and speedperformanceof segmen-
tationalgorithms.A sampleis a concatenatioof
ten text sggments. A sggmentis thefirst n sen-
tencesof arandomlyselecteddocumenfrom the
Brown corpus. A sampleis characterisedby the
rangen.” (Choi, 2000) Table 1 givesthe corpus
statistics.

ragy.
4.2 Experimental procedure and results

The sampletexts werepreprocesseé i.e., punc-
tuationandstopwordswereremoved andthere-
mainingwordswerestemmed- by a programus-
ing thelibrariesavailablein Choi’'s package The
texts were thensegmentedby the systemdisted
in Tables2 and3. The sggmentationboundaries
were placedat the endsof sentences.The seg-
mentationsvereevaluatedby applyingan evalu-
ationprogramin Choi’s package.

Theresultsarelistedin Tables2 and3. U00 is
theresultfor our systemwhenthenumbersf seg-
mentsweredetermineddy the system.U 00 is
theresultfor our systemwhenthenumbersf seg-
mentsweregiven beforehand. C99 and 99,
arethe correspondingesultsfor the systemsde-
scribedin Choi’s paper(Choi, 2000)?

Tablel: Testcorpusstatistics.(Choi, 2000)

Sgmentationaccuray was measurecby the
probabilisticerrormetric P, proposedy Beefer
man,etal. (1999)/ Low P, indicateshigh accu-

edgesn the minimum-costpath,thentheresultingsegmen-
tation often containsvery small sgmentsconsistingof only
oneor two sentencesWe found empirically that segments
obtainedby recursve segmentationwere betterthanthose
obtainedby minimum-costsegmentationrwhenthe specified
numberof sggmentswas somevhat larger than that of the
minimum-costpath, whosenumberof sggmentswasauto-
matically determinedy thealgorithm.
5Thedatais availablefrom
http://lw wwcs .man.ac .u k/" choi f/s of tware /
C99-1.2- relea se.t gz.
We used
naaclOOE xp/da ta/{1,2 ,3 )
{3-11,3- 5,6 -8 ,9- 11}/* ,
which s containedn the packagefor our experiment.
Letref beacorrectsggmentatiorandlet hypo beasey-
mentatiorproposedy atext sggmentatiorsystem:Thenthe

3—11 3-5 6 -8 9—-11 Total

Rangeofn | 3—11 [ 3-5[6-8]9-11 U00 | 11%™ 13% " 6% 6% | 109%"

#samples | 400 100 | 100 100 c99 | 13% 18% 10% 10% 13%
prob | 7.9E-5 49E-3 25E-5 7.5E-8| 9.7E-12

Table2: Comparisorof Py: the numbersof seg-
mentsweredeterminedy the systems.

In thesetables,the symbol“x*" indicatesthat
the differencein P, betweenthe two systemss
statisticallysignificantat the 1% level, basedon

“number Py (ref, hypo) is the probability that a randomly
choserpairof wordsa distanceof & wordsapartis inconsis-
tently classifiedthatis, for oneof thesegmentationshepair
liesin the samesegment,while for the otherthe pair spans
a sgmentboundary”(Beefermaret al., 1999),wherek is
chosento be half the averagereferencesegmentlength (in
words).

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

*Theresultsfor C99,, in Table 3 areslightly different
from thoselisted in Table 6 of Choi's paper(Choi, 2000).
This is becauséhe original resultsin thatpaperwerebased
on 500 sampleswhile theresultsin our Table3 werebased
on 700sampleqChoi, personatommunication).



3-11 3-5 6-8 0_11] Totl

U0, | 10%~ 9% 7% 5% | 9%

C9y | 12%  11%  10% 9% | 11%
prob | 2.7E-4 0080 2.3E-3 1.0E-4 | 6.8E-0

Table3: Comparisiorof Pg: the numbersof seg-
mentsweregiven beforehand.

a one-sided-testof the null hypothesisf equal
means. The probability of the null hypothesis
being true is displayedin the row indicated by
“prob”. The columnlabels,suchas“3 — 5", in-
dicatethatthe numbersn the columnarethe av-
erage®of P, overthecorrespondingampletexts.
“Total” indicatesthe averagesof Py over all the
text samples.

Thesetablesshow statisticallythat our system
is more accuratethan or at leastas accurateas
C99. Thismeanghatour systems moreaccurate
thanor at leastas accurateas previous domain-
independentext sggmentationsystems because
C99 hasbeenshavnto bemoreaccurateéhanpre-
viousdomain-independemnéxt sgmentatiorsys-
tems1®

5 Discussion

5.1 Evaluation

Evaluationof theoutputof text segmentatiorsys-
temsis difficult becausehe requiredseggmenta-
tionsdependon theapplication.In this paperwe
have usedan artificial corpusto evaluateour sys-
tem. We regardthis asappropriatéor comparing
relative performancemongsystems.

It is important,however, to assesshe perfor
manceof systemsby using real texts. These
texts shouldbedomainindependentThey should
alsobe multi-lingual if we wantto testthe mul-

19speedperformances not our main concernin this pa-
per. Our implementationf U00 and U00b are not opti-
mum. However, U00 and U00b, which areimplementedn
C, runasfastasC'99 and C'99b, which areimplementedn

Java (Choi, 2000),dueto thedifferencein programmindan-
guagesTheaverageruntimesfor asampletext were

U00 1.36 sec.
C99 = 1.49sec.
U00b = 1.37sec.
C99b 1.45 sec.

on aPentiumlll 750-MHz PC with 384-MB RAM running
RedHatLinux 6.2.

tilinguality of systems.For English,Klavans,et
al. describea sggmentationcorpusin which the
texts were sggmentecby humangKlavansetal.,
1998). But, thereare no suchcorporafor other
languages.We are planningto build a segmen-
tation corpusfor Japanesebasedon a corpus
of speechtranscriptions(Maekava and Koiso,
2000).

5.2 Relatedwork

Our proposedalgorithm finds the maximum-
probability segmentationof a given text. This
is a new approachfor domain-independertext
segmentation A probabilisticapproachhowever,
hasalreadybeenproposeddy Yamron,etal. for
domain-dependentext segmentation(broadcast
news story sgmentation)(Yamronet al., 1998).
They trained a hidden Markov model (HMM),
whosestatescorrespondo topics. Givena word
sequencetheir systemassignseachword a topic
so that the maximum-probabilitytopic sequence
is obtained.Their modelis basicallythe sameas
thatusedfor HMM part-of-speecliPOS)taggers
(ManningandSchitze,1999),if we regardtopics
asPOStags!! Findingtopic boundariess equiv-
alenttofindingtopictransitionsj.e.,acontinuous
topic or sggmentis a sequencef wordswith the
sametopic.

Their approachis indirect comparedwith our
approach,which directly finds the maximum-
probabilitysegmentation As aresult,their model
can not straightforwardly incorporate features
pertainingto a segmentitself, suchastheaverage
lengthof sggments.Ourmodel,ontheotherhand,
canincorporatethis information quite naturally
Supposehat the length of a segmentz follows
anormaldistribution N (z; i, o), with a meanof
1 and standarddeviation of o (Ponteand Croft,
1997).ThenEquation(13) canbe augmentedo

c(wiwh...w n,k,p,0,0,5,7)

#(whwf )

#(wiwh. .. wh,) + k

“ ; % hwiwlwd . wi) + 1
+Blogn

1
+vlog 17)

N#wiuh. . w,)|n.0)

UThedetailsaredifferent,though.



wherea + 3 + v = 1. Equation(17) favorsseg-
mentswhoselengthsare similar to the average
length(in words).

Anothermajor differencefrom their algorithm
is thatouralgorithmdoesnotrequiretrainingdata
to estimateprobabilities, while their algorithm
does. Therefore our algorithmcanbe appliedto
domain-independertexts, while their algorithm
is restrictedto domainsfor which training data
are available. It would be interesting,however,
to compareour algorithmwith their algorithmfor
the casewhentrainingdataareavailable.In such
a case,our model should be extendedto incor
poratevariousfeaturessuchas the averagesey-
mentlength, clue words, namedentities,and so
on (Reynar, 1999;Beefermaretal., 1999).

Our proposedalgorithmnaturallyestimateghe
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 the assumptiorthatthe den-
sity of aword is high in a sggmentin which the
word is discusseddefinedand/orexplained)in
somedepth. It would beinterestingto apply our
methodto this application.

6 Conclusion

We have proposed statisticaimodelfor domain-
independentext sggmentation.Thismethodfinds
themaximum-probabilitysegmentatiorof agiven
text. The methodhasbeenshavn to be more
accuratethan or at leastas accurateas previous
methods. We are planningto build a segmenta-
tion corpusfor Japanesandevaluateour method
againsthis corpus.
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