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Abstract

We presenta novel probabilisticmethodfor partially unsupervisedtopic segmen-
tation on unstructuredtext. Previous approachesto this problemutilize the hidden
Markov modelframework (HMM). TheHMM treatsadocumentasmutuallyindepen-
dentsetsof wordsgeneratedby a latenttopic variablein a time series.We extendthis
ideaby embeddingtheaspectmodelfor text into thesegmentingHMM. In doingso,
weprovideanintuitivetopicaldependency betweenwordsandacohesivesegmentation
model. We apply this methodto segmentunbrokenstreamsof New York Timesarti-
clesaswell asnoisytranscriptsof radioprogramson SPEECHBOT 1, anonlineaudio
archive indexedby anautomaticspeechrecognitionengine.We provide experimental
comparisonsbetweenour techniqueandtheHMM approach.Our resultssuggestthat
this techniquecanperformaswell astheHMM methodandin somecasesevenbetter.

1A publicwebsiteavailableathttp://www.speechbot.com
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1 Introduction

In theclassicalinformationretrieval (IR) problem,a usersearchesin a corpusof text
for documentswhich satisfyherinformationneeds.This framework assumesa notion
of documenti.e. thatthecorpusis dividedinto cohesivesetsof wordseachexpressing
asmallnumberof informationneeds.

In somesearch-worthytext corpora,suchasnewswirefeeds,televisionclosedcap-
tions, or automaticspeechrecognition(ASR) transcriptsof streamingaudio,thereis
no explicit representationof a document. Thereare implicit documentbreaks(e.g.
televisionshows,radiosegments)but no cleardemarcationsof wherethey occur. Seg-
mentationis acritical subtaskof theIR problemin thesesituations.

To this end,we implementeda novel probabilisticmethodof topic segmentation
which combinesa segmentinghiddenMarkov model[6] andanaspectmodel[5]. In
thispaper, wedescribeourmethodanddemonstrategoodresultswhenappliedto noisy
ASRtranscriptsandstreamsof clean(error-free)unsegmentedtext.

This paperis divided into six sections. In section2, we summarizeof previous
techniquesanddescribehow our methodrelatesto them.In section3, we describethe
standardHMM segmentationapproach.In section4, wedescribethetheorybehindthe
aspectHMM approach.In section5, wereportonexperimentsonbothcleanandASR
text. In section6, we presentour conclusionsandsuggestionsfor futurework.

2 Previous Work

Thereis aconsiderablebodyof previousresearchonwhichthiswork builds. Hearst[4]
developedtheTextTiling algorithmwhichusesawordsimilarity measurebetweensen-
tencesto find thepointbetweenparagraphsat which thetopic changes.This approach
is effective on cleantext with explicit sentenceandparagraphstructure.However, it
is difficult to implementon text producedby a speechrecognitionengine.In addition
to the unstructurednatureof ASR output,speechrecognitionengineson unrestricted
audiooftenhaveworderrorratesin therangeof 20%to 50%.SinceHearst’salgorithm
computescosinesimilarity betweenrelatively smallgroupsof wordsoneithersideof a
sentenceboundary, it is unclearwhetherit wouldberobustenoughin thefaceof many
erroneouswords.

Beefermanet al. [1] introduceda feature-basedsegmentationmethodwhich does
not requiretext with paragraphandsentencestructure. Thoughtheir methodworks
well, many of thederivedfeaturesarebasedon identifying cue-wordswhich indicate
an impendingtopic shift. In our domain,high error ratesoftencloudsuchcuewords
makingthemdifficult to learnanddetect.

The methodwe presentbuilds directly on the Hiddenmarkov model(HMM) ap-
proachof Mulbregt etal. [6]. Weextendthismodelby embeddingtheaspectmodel[5]
in the HMM. This allows for a unified model within which we find both segment
clustersto train transitionprobabilitiesandlanguagemodelsto determineobservation
emissionprobabilities.
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Figure1: A graphicalmodelrepresentingthesegmentingHMM

3 HMM Segmentation

In thesegmentingHMM framework, anunsegmenteddocumentis treatedasa collec-
tion of mutually independentsetsof words. The modelpositsthat eachset is prob-
abilistically generatedby a hiddentopic variablein a series.Transitionprobabilities
betweentopicsdeterminethenext hiddenvariablein thesequence.

As a generative model, the HMM positsthat a documentis producedby the fol-
lowing process:choosea topic from an initial distribution of topics;generatea setof�

independentwordsfrom adistributionoverwordsassociatedwith thattopic; choose
anothertopic,possiblythesametopic from adistributionof allowedtransitions;repeat
thisprocess.Givenanew, unsegmenteddocument,oneinvertsthisprocessby calculat-
ing themostlikely setof topicswhichgeneratedthe

�
-wordsetsof thegivendocument.

Topic breaksoccurat thepointswherethevalueof thetopic variableschange.
More formally, ����������� � !#"$��� � %&"'��� � ()"+*+*�*+"$��� � ,.- aresetsof

�
wordsandaregen-

eratedby a topic / � . Each / � dependsonly on / � 01! andthe � � areindependentof each
othergiven / � . This is illustratedin the graphicalmodel in figure 1. Circles repre-
sentrandomvariablesandarrows indicatepossiblydependency. The box around � �
indicatesthat this randomvariableis repeated

�
timesfor eachtopic variablein the

series.
TheHMM is parameterizedby a transitionprobabilitydistribution betweentopics

anda setof topic-basedunigramlanguagemodels2�34�65 /87 for eachpossiblevalueof/ . To train themodel,a setof segmentsfrom a corpusis clusteredusingthe 9 -means
algorithm. A unigramlanguagemodel is computedfor eachof theseclustersandan
appropriatesmoothingtechniqueis appliedto accountfor sparsity. Thetransitionprob-
ability distribution betweentopic states2�3�/#�4:;!)5 /#�<7 is a parameterwhich is separately
tunedin [6]. We simply usenormalizedcountsof transitionsbetweenclustersin the
training setto estimateit. Note that this modelrequiresa segmentedcorpusto train,
but worksin anunsupervisedmannerto clusterthosesegments.

To segment a new document,the streamof text is divided into a sequenceof
observations � � of

�
words each. The Viterbi algorithm [7], a dynamicprogram-

ming technique,is usedto find the most likely hiddensequenceof topic states=>��#/#?@"A/ ! "+*�*+*+"A/�BC- givenanobservedsequenceof wordsetsDE�E�#��?&"$� ! "+*+*�*F"$��BG- . Topic
breaksoccurwhen / ��H�I/ �4:;! .
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This model is an effective segmentationframework on both cleanandASR text.
However, it suffersfrom thenaiveBayesassumptionthatthewordswithin eachobser-
vationaremutuallyindependentgivena topic.

2�3�� � 5 /J7
� ,K
LNM ! 2�34� L 5 /87

As
�

getslarge,this assumptionworkswell for computing2�3�� � 5 /J7 . However, the
larger

�
becomes,the lessprecisethe resultingsegmentationwill besincethemodel

canonly hypothesizetopic breaksbetweensetsof words. The window (i.e.
�

) must
belargeenoughto give anaccurateestimateof 2�3��O5 /87 while smallenoughto detecta
segmentationpointwith goodgranularity.

4 Aspect HMM Segmentation

A segmentingaspectHMM (AHMM) is ahiddenMarkov modelin whicheachhidden
stateis an instanceof the latentvariablein an embeddedaspectmodel. This aspect
model determinesboth the observation emissionprobabilitiesand training segment
clustersto find thetransitionprobabilities.As in thesegmentingHMM, eachobserva-
tion is asetof

�
wordsandweusetheViterbi algorithmto find topic breaks.

4.1 The aspect model for documents and words

In this sectionwe summarizethe aspectmodel as it appliesto text. For a detailed
discussion,see[5].

The aspectmodel is a family of probability distributions over a pair of discrete
randomvariables. In text data,this pair consistsof a documentlabel anda word. It
is importantto understandthat in theaspectmodel,a documentis not representedas
the set of its words but simply a label which identifies it. It is associatedwith its
correspondingsetof wordsthrougheachdocument-wordpair.

Thismodelpositsthattheoccurrenceof adocumentandawordareindependentof
eachothergivenatopicor factor. Let P denoteasegmentfrom apresegmentedcorpus,� denotea word,and / denotea topic. Underthis independenceassumption,thejoint
probabilityof generatingaparticulartopic,word,andsegmentlabelis

2�3�PQ"'�R"A/J7
�S2�3�PT5 /87<2�3��U5 /J7'2�3�/87V*
The 2�3��U5 /87 parameteris a languagemodel conditionedon the hiddenfactor. The2�3�P
5 /J7 parameteris a probability distribution over the training segmentlabels. The2�3�/J7 distribution is a theprior distributionon thehiddenfactor.

Givena corpusof W segmentsandthewordswithin thosesegments,the training
datafor anaspectmodelis thesetof pairs �J3�P&XT"$�ZYX 7[- for eachsegmentlabelandeach
wordin thosesegments.WecanusetheExpectationMaximization(EM) algorithm[2]
to learnsucha model from an uncategorizedcorpus. In the E-step,we computethe
posteriorprobabilityof thehiddenvariablegivenourcurrentmodel.In theM-step,we
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maximizethe log likelihoodof the trainingdatawith respectto theparameters2�3�/J7 ,2�3�PT5 /87 , and 2�34�U5 /87 . TheE-stepis

2�3�/T5 PQ"'�Z7
� 2�3�/J7'2�3�PT5 /87<2�3��U5 /J7\
][^ 2�3�/J_N7'2�3�PT5 /J_`7'2�34�U5 /J_a7

TheM-stepis

2�3�PT5 /87b� ced.fJg 2�3�/T5 PQ"'�h7ji
3�PQ"'�h7
c d.fJg c Y ^ f)k 2�3�/
5 P _ "$�Z7ji
3�P _ "$�Z7

2�3��U5 /87b� c Y f)k 2�3�/T5 PQ"'�h7ji
3�PQ"'�h7
c d ^ fJg c Y f)k 2�3�/
5 PQ"'� _ 7ji
3�Pl"$� _ 7

2�3�/87b� c Y f)k c d.fJg 2�3�/T5 PQ"'�h7ji
3�PQ"'�h7
c ] ^ ced.fJgEc Y f)k 2�3�/ _ 5 Pl"$� _ 7ji
3�PQ"'�h7

wherei
3�Pl"$�Z7 is thenumberof timesword � appearsin documentP .
To avoid overfitting the training data,we usetemperedEM as describedin [5].

Essentially, we hold out a portion of our training datafor crossvalidationpurposes
after the E-step. Whenthe performancedecreaseson the hold-outdata,we reducea
parametermonqp which tempersthe effect of the next M-stepon the parametersof
the model. In the caseof a segmentingAHMM, we crossvalidateby checkingthe
segmentationaccuracy on a heldout setof transcriptsasmeasuredby theCoAP(see
section5.3).Westoptrainingwhenreducingm nolongerimprovesperformanceonthe
segmentationof thehold-outtrainingdata.

4.2 The aspect HMM

ThesegmentingAHMM is anHMM for which thehiddentopic stateis the / random
variable in a trainedaspectmodel. This is depictedin figure 2. Generatively, the
AHMM worksin exactlythesamewayastheHMM exceptthewordsfrom theselected
hiddenfactoraregeneratedvia theaspectmodelratherthanindependentlygenerated.

To train an AHMM, we train an aspectmodel on a set of training segmentsas
describedin section4.1.We clusterthetrainingsegmentsby the 2�3�P
5 /87 parameter.

cluster3�PJ7r�Is)t$uwv�s�xL 2�3�PT5 / L 7
Finally, we computetransitionprobabilitiesbetweenclustersandinitial probabilities
of eachcluster.

Notethat theaspectmodeldoesnot representclustersin theway thatwe compute
them.EachP is representedby 2�3�P
5 /87 , aprobabilityfor eachlatentfactor. Thereis no
theoreticalreasonthat the factorwith maximumprobability shouldindicatea cluster



4.2 TheaspectHMM 5

L L

y
z {�|�}
~

�)� ��� �@���
� �����
�

Figure2: A graphicalmodelrepresentingasegmentingAHMM

assignment.However, in practice,2�3�PT5 /87 for a fixed P is peakedtowardsonevalueof/ . In this case,we feel justifiedin assigningeachsegmentto thefactorwith maximal
probability.

TheAHMM segmentsanew documentby dividing its wordsinto observationwin-
dows of size

�
andrunningthe Viterbi algorithmto find the mostlikely sequenceof

hiddentopicswhich generatedthegivendocument.Segmentationbreaksoccurwhen
thevalueof thetopicvariablechangesfrom onewindow to thenext. TheViterbi algo-
rithm requirestheobservationprobability 2�3����+5 /87 for eachtimestep.While theHMM
usesthenaiveBayesassumptionto computethisdistribution,wetreateach��� asanew
segmentlabelandcompute2�3����+5 /87 via theaspectmodel.

Oneproblemwith theaspectmodelis thatit is notatruly generativemodelwith re-
spectto documentlabels.The 2�3�PT5 /J7 parameteris adiscretedistributionoverthesetof
training documents.Therefore,themodelcanonly computeconditionalprobabilities
aboutthosesegmentswhich it wasexposedto in training. In theViterbi algorithm,we
needto find 2�3�� � 5 /87 for someobservationwindow � � . This observationis not a docu-
mentlabelthatthemodelhasseenbefore.To properlyfind 2�3�� � 5 /J7 , oneshouldretrain
the modelusingEM on the training corpusaswell as � � and the words it contains.
However, this is very inefficient. In practice,onecanuseanonlineapproximationto
EM to find 2�3�� � 5 /87 . We useavariantasdescribedin [3].

Let ��� � L ���#�#"$��� � !�"'��� � %)"�*+*�*F"'��� � L - where ��� � ? �S� denotesno word and ��� � ,������
denotesthefull observation.We approximate2�3�/T5 ���j7 recursively asfollows.

2�3�/T5 ��� � ? 7�� 2�3�/J7
2�3�/T5 ��� � L :;!+7�� p��� p 2�3�� L :;!J5 /l"A��� � L 7<2�3�/
5 ��� � L 7

c ] ^@2�34� L :;! 5 / _ 7'2�3�/ _ 5 � � � L 7
�

���� p 2�3�/T5 ��� � L 7
Thenwe useBayesrule to find 2�3����F5 /J7 .

2�3����F5 /J7
� 2�3�/T5 ���<7'2�3����<72�3�/87
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Note that 2�3����'7 is not a meaningfulprobability. However, theViterbi algorithmonly
needsto compute2�3����+5 /87 for a singleobservationat a time. Thus, 2�3����<7 behaveslike
a scalingconstantandwe cancompute2�3�� � 5 /87 up to this factor. Finally, sincethe
Viterbi algorithmonly comparesprobabilities,wecanusethisproportionalprobability
withoutany loss.

Theseformulaereflectanonlineapproximationof oneE-stepin theEM algorithm.
We presentherean intuitive derivation to illustratewhy they make senseassuchan
approximation.We would like to recursively estimate2�3�/
5 � � 7 from partialestimates
of 2�3�/T5 ��� � L 7 . First, noticethat ��� � ? is theemptyword. This immediatelygivesus the
basecase. 2�3�/
5 ��� � ? 7
�S2�3�/87
We canexpress2�3�/T5 ��� � L 7 in termsof our previousinformationasfollows.

2�3�/
5 ��� � L 7G� \
d.f&�'��� �

2�34�Z7'2�3�/T5 ��"$��� � L 0�!#7
We assumethat, in a partial observationsequence� L , the marginal probability of se-
lectingany word is simply p��O3 �O� p�7 . Observethatwhen � H�e� L , theword is assumed
to have beenaccountedfor in 2�3�/
5 � L 0�!F7 andis absorbedin the conditioning. When����� L , wecancompute2�3�/T5 � L "$� L 0�!+7 by a simpleapplicationof Bayesrule.

2�3�/T5 ��� � L 7b� p�T� p 2�3�/T5 � L "$��� � L 0�!�7 � ��T� p 2�3�/T5 ��� � L 0�!+7

� p�T� p 2�34� L 5 /Q"$��� � L 0�!+7<2�3�/
5 ��� � L 01!F72�3�� L 7 �
��T� p 2�3�/T5 � � � L 01! 7

� p�T� p 2�34� L 5 /87<2�3�/
5 ��� � L 01!F7
c ] ^�2�3�� L 5 / _ 7<2�3�/ _ 5 ��� � L 01!+7 �

��T� p 2�3�/T5 ��� � L 01!F7
Thefinal equationexpresses2�3�/T5 � � � L 7 in termsof 2�3�/
5 � � � L 0�! 7 . As theapproxima-

tor seesmorewordsin a singleobservation, it refinesits posteriordistribution of the
topic. It usesthis refinedposteriorto weightthedistributionof thenext word.

5 Experimental results

Weappliedthissegmentationmodelto two largecorpora.First,weexaminedSPEECH-
BOT transcriptsfrom All Things Considered (ATC), a daily newsprogramon National
PublicRadio.Ourcorpusspans317showsfrom August1998throughDecember1999.
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Figure3: TemperedEM convergencein theATC andNYT corpora

Within theseshowsthereare4,917segmentswith avocabularyof 35,777uniqueterms.
Theshows constituteabout4 million words. We estimatedtheword error ratein this
corporato be in the30%to 40%range.Note that theseareonly estimatescomputed
from samplingthecorporaasperfecttranscriptsareunavailableto us.

Additionally, we analyzeda corpusof 3,830 articles from the New York Times
(NYT) to comparetheASR performancewith error-freetext. This corpusconstitutes
about4 million wordswith avocabularyof 70,792uniqueterms.In all reportedexper-
iments,we learnanaspectmodelwith 20 hiddenfactors.

5.1 Aspect model EM training

Figure3 illustratestheperformanceon heldout dataduringthetemperedEM training
of theaspectmodel(seesection4.1).ThoughtheNYT corpustakeslongerto converge
(dueto thehighervocabulary size),it learnsmorequickly thantheATC corpussince
the text containsno errors. The ATC convergesfaster(dueto the smallervocabulary
size)but staysatalow CoAP(seesection5.3)for severaliterationsbeforeperformance
improves.

5.2 Sample results and topic labels

In our experiments,we usethreevariantsof our two corpora.First, we createrandom
sequencesof segmentsfrom the ATC corpus. Second,we createrandomsequences
from theNYT corpusto comparecleanversusnoisysegmentation.Finally, weusethe
actualairedsequencesof ATC segmentssincethis is domainof theprimaryproblem
whichwe aretrying to tackle.

In the randomsequencesof segments,we attainalmostperfectsegmentationon
bothcorpora.However, theresultsaremixedwith theoriginal broadcastsof theATC.
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Figure 4: A segmentationof All Things Considered from April 29, 1999. The top
diagramis thehypothesissegmentation.Thebottomdiagramis thetruesegmentation.

Figure4 shows a segmentationfrom a real transcriptof ATC on April 29, 1999. The
segmentationis notperfectbut hypothesizesthedetectedtopicbreaksatapproximately
thecorrectpointsin theprogram.At first, thereseemto bemany missedbreaks.We
arguehowever that thesemissedstory breaksdo not always constitutetopic breaks
and thereforearenot indicative of the performanceof our model. To illustrate this,
we explorea methodof topic labelingbasedon thelanguagemodelparametersof the
aspectmodel.

Oneway of identifying the topicswhich the segmenterfinds is by the top fifteen
wordsof the 2�34�65 /87 parameterfor thevalueof / whichtheViterbi algorithmassigned
to a particularsegment. Figure5 lists theseword sets(denotedby a letter) as they
correspondto the topics in the segmentation(denotedby a number). For example,
story14 is aboutthe Israeli/Palestinianconflict. Its correspondingsegmentin thehy-
pothesissegmentationcanbedescribedby thewordsin topicF which includepeace,
israeli, andpalestinian.

Analysisof this correspondenceoften explainsmissedtopic breaks. Articles 11
and12arebothabouttheKosovar refugees.Understandably, they arebothassignedto
topic A andthebreakbetweenstoriesgoesundetected.

Note that the segmentercanwork even if the top wordsof 2�3��U5 /J7 fail to give a
goodtopic description. The story aboutdeformedfrogs is assignedtopic I, a rather
genericlanguagemodelwith norealdescriptivewords.However, thesubsequentstory
aboutthe economyfits topic J so well that the AHMM is ableto properlydetectthe
break.



5.3 QuantitativeResults 9

�����a�¡ �¢4£)¤ ¥ ¤ �¦�a§¡¨a¢ª©ª 4«  a¬ª �¢ª«¡�a¤ ­ ¢��a¤ §N¢4®ª¯¦�N¢4�¡ �­��`¨a¢4°  ª§¦±¦¯`«¦¢4�¡§¡ 4 ª²�«³¢4² ¯N ª²�¥ ¯a¢�§¡¯¦° ´�®ª¯N¯N«³¢«¡�`¨�«³¢�¨�´�®ª 4« ¥ �`¬�¢4§¡¯a¢��¡ �¢�µF�a§
¶ ²�§¡¯`« ¤ ­�¯³�4�N¢[·� ª´�« ¯ª¢V§ ¯N²�´�¸�¥ ¤ ±N�a�j¢$§¡¯N²�¥ ´�¸�¥ ¤ ±N�a��«³¢A±³¥ ¤ �4�¡ ª�j¢V« ¯³���`�¡¯ª¢[¤ £)²�¯`�ª±¡·�£)¯N�4�N¢­�¯N£) �±¦§¦�`�¦«³¢�«¡�a¤ ­ ¢��¡·�¤ ��© ¢�®ª¯³�N¢�µF·�¤ �¡¯ª¢��  �­��`¨a¢�² ¯³ ª²�¥ ¯a¢�±³ ª��®ª§¡¯N«¡«
¹�«¡±¡·� � ª¥ ¢$« �¡´�­�¯³�4�¦«³¢[« ±¦·� 4 ª¥ «¦¢'®ª¯³�N¢$©��� aµ#¢'�¡·�¤ ��© ¢A«¡�`¨�«³¢$²�¯N ª²�¥ ¯ª¢'®ª � �­ ¢$¥ ¤ ©4¯a¢<� µ[ �¢º ´�« �N¢ ±¡·�¤ ¥ ­�§¡¯N�j¢4¨ª¯`�a§N¢�¯N­�´�±N�`�¡¤  4�» ®4¯¦�N¢j©4�� aµ#¢j¥ ¤ ©4¯a¢ ®ª � �­ ¢ ��¯Nµ#¢<§ ¯ª¢ º ´�« �N¢j� µV �¢j²�¯N ª²�¥ ¯ª¢��¡¤ £)¯a¢j«¡�`¨�«³¢��¡·�¤ ��© ¢<£�´�« ¤ ±a¢« ¯N¯
¼ «¡�`¨�«³¢�®4¯¦�N¢ ·�¯`�a¥ �¡·j¢ ² ¯³ ª²�¥ ¯a¢j±N�a§¡¯a¢ ��¯Nµ#¢�� µ[ �¢ µV ª£)¯N�j¢�¨4¯N�a§¦«³¢�§¡¯a¢j¨ª¯`�a§N¢�²��`�¡¤ ¯N�4�¡«³¢®4 4 �­ ¢�£)¯N­�¤ ±³�a¥ ¢4« �¡´�­�¨
½ ���a�¡ �¢4²�§¡¯N« ¤ ­�¯N�4�N¢ª² ¯N�ª±³¯ª¢�¤ « §¡�ª¯³¥ ¤ ¢a¤ « §¦�a¯³¥ ¢ª£&¤ ��¤ « �¡¯³§N¢ª²��a¥ ¯N« �¡¤ ��¤ �ª�j¢`�¡ �­��`¨ª¢�«¡�a¤ ­ ¢�®ª¯¦�N¢�ª®ª§ ¯N¯N£)¯³�4�N¢4²�§¡¤ £&¯a¢�©ª 4«  `¬ª �¢4µF�a§N¢�£)¤ ¥  4« ¯N¬4¤ ±
¾� 4¥ ¨4£&²�¤ ±`¢N� µV �¢ª«¡�a¤ ­ ¢ª��¯³µ#¢ª¤ ��°  ª§ £J�`�¡¤  ª�j¢³�¡ �­��`¨a¢ª®ª 4 �­ ¢4±³ ª£)£)¤ � �¡¯N¯ª¢N² ¯³ 4²�¥ ¯a¢ª��¤ ��¯³¿�¡¯N¯³�<¢��¡¤ £&¯a¢�¨ª¯`�a§N¢�¤ �4�¡¯³§¡��¯³�
À ² ¯³ 4²�¥ ¯a¢�®ª¯¦�N¢ «¡�N¨�«³¢�« �ª¤ ­ ¢��¡·�¤ ��© ¢�� µV �¢�®ª � �­ ¢���¯Nµ#¢�²�§¡¯`« ¤ ­�¯³�4�N¢��¡ �­��`¨a¢��¡¤ £)¯a¢�¨ª¯N�a§N¢��¤ ��¯¦�¡¯N¯³�j¢�¨ª¯`�a§¦«
Á ®4¯¦�N¢[�¡·�¤ ��©�¢F²�¯N ª²�¥ ¯ª¢[©��� aµ#¢ º ´�« �N¢F§ ¯ª¢F« �`¨�«¦¢[�¡¤ £)¯ª¢[®ª 4 �­T¥ ¤ ©ª¯ª¢$� µV �¢V­� 4�j¢V��¯³µ#¢�¡·�¤ ��®4«¦¢�« �`¨ª¢�« ¯N¯a¢�®ª 4¤ ��®
Â �¡ �­��`¨a¢�«¡�a¤ ­ ¢�� µ[ �¢�®4¯¦�N¢�²�§ ¯`« ¤ ­�¯N�ª�N¢�«¡�N¨�«³¢�£&�a§¡©ª¯³�N¢�¯N±³ ª�� ª£@¨ª¢�®ª � �­ ¢�®ª a¬ª¯³§¡��£)¯N�4�N¢��¯Nµ#¢�¯`±¦ ª�� ª£&¤ ±`¢�¨ª¯`�a§N¢�²�¯N§¡±³¯N�ª�N¢��¡¤ £)¯ª¢�·�´���­�§ ¯`­
ÃaÄ+Å+Æ[Ç�È ÉVÊªË�Ì Í Î�ÏÑÐNÒVÓaÔ Õ Ö�×)Ô Î³Ø ÙaÔ Õ¦ÉAÚ Ô ÙªÛrÅ�Ü$ÝFÞ.Ö�ÎNÓªß�àªË�ÓaÔ Õ¡Î³Ô¦ÉAÍ áJâ[Ô¡Ë�É É Î³Ì ÉÙªá8Õ¡Ö�Î�É Õ¦ÓNÕ¡Ë�ÉFÙaÚ$Õ¡Ö�Î�ÓaÍ ÔFãFÓ`Ô�Ù`äªÎ³ÔFåAË�æªÙªÉ Ì Ó`ä4Í Ó�Í á�Ð¦Ì Ë�ß4Í á�æ)Ó)Û)Í É É Í Ì Î+Õ¡Ö�ÓNÕã[ÎNáªÕ�ÓªÉ Õ¡Ô¡Ó`×)Óaá�ß&Ì Óaá�ß�ÎNß&á�Î`ÓaÔFç�ÙªØ�Ö�Í Ó#Õ¡Ö�Î�Ð³ÓaØ�Í Õ¦ÓaÌ�ÙaÚAâ[Ë�Ì æ4ÓaÔ Í Ó�Äè4Ä+Ü
á�ÎNãwÅ+Æ[Çwé�Ó`Í É Î³Ô#é#Î³á�á�Î`ß4×lç�Ð¡Ö�Ù4ÙªÌAÆ'ÙªÌ Ì'Ô¡Î³Ì Î`ÓªÉ ÎNßJÕ¡Ù�ß�Ó`×ÑÉ Ö�Ù`ã+É�É Ë�ê4ëÉ Õ¡Óaá4Õ Í ÓaÌjÉ Ë�Ø�Ø�ÙªÔ ÕFÚ ÙªÔ+Ð¦Ë�Ô¡Ô Î³á4Õ+ì+ç8ÓªÐ¡Õ¡Í Ùªá�É[Í á&åAË�æªÙ4É Ì Ó`ä4Í Ó�Äí4Ä�Ò[Ùªá�æªÔ¡ÎNÉ¡É[Í ÉVß�Í ä�Í ß4Î`ß@Í áJÍ Õ¡ÉFÉ Î³áªÕ¡Í Û)Î³á4Õ¡ÉVÓaê�ÙªË4ÕFÕ¡Ö�Î#ãVÓaÔVÍ á8é#Ù4É ÙaäaÙ�Äî Ä+ïjÍ á�ß�ÓJË�Ø ß�Ó`Õ Î`É�Õ¡Ö�Î&á�ÎNãFÉ#Ú Ô ÙªÛ�ïjÍ Õ Õ¡Ì Î¦Õ¡ÙªáQÒ[ÙªÌ ÙªÔ¡Óªß�ÙJãFÖ�Î³Ô Î&Óaá�ÙaÕ¡Ö�ÎNÔ#Ú Ë4ëá�Î³Ô¦ÓaÌªãVÓªÉ<Ö�Î³Ì ß�Õ¡Ù�ß�Ó`×#Óaá�ß�Õ¡Ö�ÎVÍ á4äªÎNÉ Õ Í æ4Ó`Õ¡Í Ùªá�Ð³Ùaá4Õ¡Í á4Ë�ÎNÉjÍ á4Õ ÙFÕ¡Ö�ÎVØ�Ì Óaá�á�Í á�æÙaÚ'Õ Ö�Î�Ó`Õ Õ¦ÓªÐ¡ð)ÙªáÑÒ[ÙªÌ Ë�Û�ê�Í á�Î+ñFÍ æªÖ8ç�Ð¡Ö�Ù4ÙªÌ Äò4Ä+ïjÍ á�ß�Ó@Óaá�ßJÅ+ÙªÓaÖJÔ¡ÎNÓªß&Ì Î³Õ Õ¡Î³Ô¦ÉAÚ Ô ÙªÛ�ÜFÌ Ì<ÝVÖ�Í á�æ4ÉFÒ[Ùªá�É Í ß�Î³Ô¡ÎNß&Ì Í É Õ¡Î³á�Î³Ô¦É¦Äó4Ä+ÅFÎNãôåAÙªÔ ð;Ò[Í Õ ×�Õ¡Î³ÎNá�ÉJÔ¡ÎNÓªÐ¡ÕJÕ¡ÙTÕ Ö�Î
ïjÍ Õ Õ¡Ì Î¦Õ¡Ùªá.Ò[ÙªÌ ÙªÔ¡Óªß�ÙQÖ�Í æªÖ;É¡Ð¡Ö�Ù�ÙªÌÕ¡Ô¡ÓaæªÎNß�×ªÄõ Ä+Ý<Ù�ß�ÓN×JÛ&ÓaÔ¡ð�É[Õ Ö�Î@Ð¦ÎNáªÕ¡Î³á�á�Í ÓaÌjÙaÚ'Õ¡Ö�Î�ê�Í Ô Õ¡Ö8ÙaÚ[öAß�ãVÓaÔ¦ßJé#Î³á�á�ÎNß�×8ö$Ì Ì Í á�æaëÕ¡Ùªá Ä÷4Ä+ø�ÙaäªÎ³Ô¡á�Û)Î³á4Õ$ù�æªË�Ô¡ÎNÉ[Í á�ß�Í ÐNÓNÕ¡ÎVÕ¡Î³Î³á�ÓaæªÎ+Ø�Ô ÎNæªá�Óaá�Ð¦×@Ö�ÓªÉ$Ú ÓaÌ Ì Î³á)É Ö�ÓaÔ¡Ø�Ì ×�Ô¡Î¦ëß�Ë�Ð¦Í á�æ�Õ¡Ö�Î�Ð¦ÙªË�áªÕ¡Ô ×�É[Ù`äªÎ³Ô¦ÓaÌ Ì�ê�Í Ô Õ¡Ö&Ô¦Ó`Õ¡ÎaÄú4Ä+ÝVÖ�ÎOû<Ì ÙªÔ¡Í ß�ÓÑÌ Î³æªÍ É Ì ÓNÕ¡Ë�Ô Î)Í É@Î³ü�Ø�ÎNÐ¦Õ¡ÎNß�ÝVÖ4Ë�Ô¡É¡ß�Ó`×lÕ¡ÙQÓªß4ÙªØ�Õ@Õ¡Ö�Î8á�Ó`Õ¡Í Ùªá�Éù�Ô¡É Õ+É Õ¦Ó`Õ ÎNãFÍ ß4Î#É¡Ð¡Ö�Ù�ÙªÌ äªÙªË�Ð¡Ö�Î³ÔVØ�Ô ÙªæªÔ¡ÓaÛ8ÄÃ`ý�ÄFÅ+Æ[ÇFÉFÝ<ÙªÛrøAþ Î³Ì Õ¡ÎNá&Ô ÎNØ�ÙªÔ Õ¦ÉAÕ¡Ö�Ó`ÕVÚ ÙªÔ¡Û)Î³ÔVÇFË�É¡É Í Ó`áJÆAÔ Í Û)Î+ÏÑÍ á�Í É Õ¡Î³Ô[ÿ�Í ðªëÕ¡ÙªÔAÒ[Ö�Î³Ô á�ÙªÛ@×4Ô¡ß�Í á�Ö�ÓªÉ<Ë�á�ß4ÎNÔ Õ¦ÓaðªÎ³á�ÓVÕ ã[Ù�ß�Ó`×#ß�Í Ø�Ì ÙªÛ&Ó`Õ Í Ð'Û)Í É É Í Ùªá#ÓaÍ Û)ÎNßÓ`Õ+Ô ÎNÉ Õ¡ÙªÔ Í á�æ�Ø�ÎNÓªÐ³Î�Í á&åAË�æªÙ4É Ì Ó`ä4Í Ó�ÄÃªÃªÄFç�ÓaÔ¡ÓaÖ�Ò[Ö�ÓN×ªÎ`É Ô ÎNØ�ÙªÔ Õ¦É Ú Ô ÙªÛ.ÝVÍ Ô¡Óaá�ÓFÜFÌ ê�Óaá�Í Ó[Ùªá#Ú ÓaÛ)Í Ì Í Î`É�Õ¡Ö�Ó`Õ'Ö�ÓNäªÎ$Õ¡ÓaðªÎ³áÍ á8é�Ù4É Ù`äaÓaÔ[Ô¡Î¦Ú Ë�æªÎ³ÎNÉ³ÄÃ`è�ÄFâVÓaÔ ê�ÓaÔ¦ÓQÏÑÓaáªÕ¡Î³Ì+Ô¡Î³Ø�ÙªÔ Õ¡É&ÙªáTÕ¡Ö�ÎÑê Î³æªÍ á�á�Í á�æQÙaÚ�Î�� ÙªÔ Õ¦É@Õ¡ÙQê�Ô¡Í á�æ
É ÙªÛ)Îé�Ù4É Ù`äaÓaÔ[Ô¡Î¦Ú Ë�æaÎNÎNÉ[Õ¡Ù�Õ¡Ö�Î�ì#Ä çJÕ ÎNÛ)Ø�ÙªÔ¡ÓaÔ¡Í Ì ×aÄÃ`í�ÄFÅ+Æ[ÇFÉ$Ï8Í ðaÎVç�Ö4Ë�É Õ¡ÎNÔ$Ô ÎNØ�ÙªÔ Õ¦ÉjÕ¡Ö�Ó`ÕAÓ�É¡Ð¦Í Î³á4Õ¡Í É Õ'ãFÖ�Ù+ãFÓªÉjù�Ô Î`ß#Ú Ô ÙªÛ.Ö�Í É�þ ÙaêÓ`ÕFÕ Ö�Î�ïjÙ4ÉFÜFÌ ÓaÛ)Ù4É[Å+Ó`Õ¡Í Ùªá�ÓaÌjï<Óaê�ÙªÔ¡Ó`Õ¡ÙªÔ ×@ÙªáÑÉ Ë�É Ø�Í Ð¦Í Ùªá)Õ Ö�Ó`Õ+Ö�ÎNß&Õ Ô¦Óaá�É ëÚ Î³Ô¡Ô Î`ßÑì#Ä ç8ãVÎNÓaØ�Ùªá�É+É Î`Ð¦Ô¡Î¦Õ¦ÉVÕ¡Ù8Ò[Ö�Í á�Ó)Û&ÓN×JÖ�ÓNäªÎ�ÐNÓaË�É ÎNß8Û)ÙªÔ¡Î�ß�ÓaÛ)ÓaæªÎÕ¡Ö�Ó`á8Ø�Ô ÎNä4Í ÙªË�É Ì ×�Õ¡Ö�ÙªË�æªÖªÕNÄÃ î ÄFÅ+Æ[Ç É Î³á�Í ÙªÔ[á�Î³ã+ÉFÓaá�Ó`Ì ×�É Õ���Óaá�Í Î³Ìjç�Ð Ö�ÙªÔ¡ÔFÉ Ó`×�É$Õ¡Ö�Ó`ÕFÍ á)Õ¡Ö�Î#Û)Í ß�É ÕVÙaÚ<Õ¡Ö�ÎÐ¦Ô¡Í É Í É$Í áJé�Ù4É ÙaäªÙ#Õ¡Ö�Î�ÓaæªÎ³ÙªÌ ß�� É Ô¡ÓaÎNÌ Í �aÆ$ÓaÌ ÎNÉ Õ¡Í á�Í Ó`á@Ð¦Ùªá���Í Ð¡Õ Ú ÙªÔ[á�Ù`ã+É Õ¡Í Ì Ì�Ö�ÓªÉÓ)Ð¡Ö�Ó`á�Ð³ÎFÚ ÙªÔ+Ó@Ø�ÎNÓªÐ¦Î³Ú Ë�Ì<É Î³Õ Õ Ì ÎNÛ)Î³áªÕNÄÃ`ò�ÄFÅ+Æ[ÇFÉ
	
Óªß�Î8ø�Ù4Ù�ß�ãF×4á
Ô ÎNØ�ÙªÔ Õ¦É�Ú Ë�á�Î³Ô¦ÓaÌFÉ ÎNÔ ä4Í Ð³ÎNÉ#ã[ÎNÔ ÎJÖ�ÎNÌ ßOÕ¡Ù�ß�Ó`×OÚ ÙªÔ×ªÎNÓaÔ¡ÙªÌ ß�� É ÓaÍ ÓaÖ)ç4Ö�Ù4ÎNÌ É¦Ä$ç�Ö�Ù�Î³Ì É'ãFÓªÉ$Ó�Ú Ù4ÙaÕ¡ê�ÓaÌ Ì�Ø�Ì Ó`×ªÎ³Ô$Óaá�ß�Õ¡Ö�Î+Ùªá�Ì ×�ê�Ì ÓªÐ¡ðÉ Õ Ë�ß�Î³áªÕ+ð�Í Ì Ì ÎNß)Í á&Õ¡Ö�Î@ÒAÙªÌ Ë�Û@ê�Í á�Î�ñFÍ æªÖJÛ&ÓaÉ¡É ÓªÐ³Ô ÎªÄÃ`ó�ÄFÅ+Æ[ÇFÉ<ÇFÍ Ð¡Ö�ÓaÔ¦ß�ñ+ÓaÔ Ô¡Í É�Ô¡Î³Ø�ÙªÔ Õ¦É�Õ¡Ö�Ó`Õ$É Ð³Í Î³áªÕ¡Í É Õ¦É�Ö�Ó`äªÎAß4Í É Ð¦ÙaäªÎ³Ô¡ÎNßFãFÖ4×�É ÙªÛ)ÎÅFÙªÔ Õ Ö)ÜFÛ)Î³Ô¡Í Ð³Óaá#Ú Ô Ùªæ4É'Ö�Ó`äªÎ[ê�Î³ÎNá)É Ë�� ÎNÔ Í á�æFÚ Ô¡ÙaÛwß�Í É Õ Ë�Ô¡ê�Í á�æ�ß�Î³Ú ÙªÔ¡Û)Í Õ Í ÎNÉÉ Ë�Ð¡ÖÑÓªÉVÎ¦ü4Õ¡Ô¡Ó�Ì Î³æ4É[ÙªÔFÛ)Í É É Í á�æ�Ì Î³æ4É³ÄÃ õ ÄFÅ+Æ[ÇFÉVÊªÍ Û
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Figure 5: Summarywords (up) and groundtruth summaries(down) from the ATC
segmentin figure4
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Source P(missed) P(false) P(disagree)

RandomNYT 0.123 0.080 0.096
RandomATC 0.263 0.052 0.143
Actual ATC 0.434 0.063 0.233

Figure6: CoAP resultson the ATC andNYT corpora. In the caseof randomlygen-
eratedtranscripts,thereportedresultsarethemeanover tensetsof randomtranscripts
takenfrom thesamesetof testingsegments.

5.3 Quantitative Results

We usetheco-occurrence agreement probability (CoAP)introducedin [1] to quantita-
tively evaluateoursegmenter. TheCoAPis definedas

2�3 agreement7
� \
� L � ���

� 3 � "��87����ô3 � "��J7������63 � "��J7
Thefunction

� 3 � "��87 is a probabilitydistribution over thedistancesbetweenwordsin
a document;the � functionsare p if the two words fall in the samesegmentand �
otherwise;and � functionindicatesagreementbetweentheoperands.

In our case,
� 3 � "��J7�� p if thewordsare 9 wordsapartand � otherwise.With this

choiceof
�

, theCoAPis ameasureof how oftenasegmentationis correctwith respect
to two wordsthatare 9 wordsapartin thedocument.Following [1], wechoose9 to be
half theaveragelengthof asegmentin thetrainingcorpus,170in theATC corpus,and
200in theNYT corpus.

A usefulinterpretationof theCoAPis throughits compliment[1]

2�3 disagreement7G�e2�3 missed7<2�3 seg7 � 3'p! 2�3 seg7'7'2�3 false7
where 2�3 seg7 is thea priori probabilityof a segment, 2�3 missed7 is theprobabilityof
missinga segment,and 2�3 false7 is theprobabilityof hypothesizinga segmentwhere
thereis no segment.

Figure6 shows the error and its decompositionfor threeexperiments:the NYT
corpuswith randomlygeneratedsequencesof articles;theATC corpuswith randomly
generatedsequencesof segments;andthe ATC corpuswith the true orderingof seg-
mentsasthey wereaired. It is interestingto notethat our systemtendsto underseg-
mentasindicatedby the high 2�3 missed7 . Furthermore,in the actualATC orderings2�3 missed7 is even higherdueto the phenomenonof multiple segmentswith similar
topics(seesection5.2).

Figure 7 is a comparisonbetweenthe AHMM and HMM over window widths
from 2 to 200. AHMM segmentationoutperformsHMM segmentationfor smallwin-
dow widths. However, as we increasethe window size, the performanceof the as-
pectmodeldecreases.This is dueto two facts. First, the precisionof the segmenter
decreases,causinga slight decreasein score.More importantlyhowever, this behav-
ior occursbecausewe areusingan approximation of 2�3�� � 5 /J7 . In the approximation
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Figure7: Window width vs. CoAPfor theHMM andAHMM in theNYT corpus

schemedescribedin section4.2, wordsin the beginningof the window areweighted
moreheavily thanwordstowardsthe endof the window. Therefore,as the window
sizeincreases,morewordsmake lessimpacton the observation distribution andthe
segmenterdoesnot performaswell.

TheHMM doeswell on largewindowssinceall wordsarecountedequally. How-
ever, this increasein performanceis at the expenseof low segmentationgranularity.
While theHMM performsbetterthanthe AHMM for largewindows, it never attains
theperformanceof theAHMM in smallwindows. Typically, theAHMM reachespeak
performanceat a window sizeof 10-15words. The HMM begins to performbetter
thantheAHMM ataround100words.

6 Conclusions and future work

In this paper, we have introduceda new approachto text segmentationusinga unique
probabilisticmodel that combinesan aspectmodelwith an HMM. This is a unified
framework within which we learnbothdocumentclustersfor trainingandobservation
probabilitiesfor new segmentations.The AHMM doeswell with small windows of
wordsallowing for a moreprecisesegmentationthanwith theHMM.

Wehaveexperimentedwith thissystemonnoisytext sourcesproducedby aspeech
recognitionsystem.Sinceour modelis purelystatistical,we cansegmentthis output
andaccuratelyhypothesizetopic transitionpoints.Our resultson transcriptsproduced
by theSPEECHBOT systemarequiteencouraging.

Futurework in this areahasseveraldirections.First,we would like to incorporate
segmentationinto theSPEECHBOT IR framework in a principledway andmeasureits
success.Second,we would like to usethe topic labelsto categorize the corpusof
segmentsandfurther improveaudiobrowsingandretrieval. Finally, we would like to
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explorea temporalanalysisof our dataandmodellong termtopic shifts in thehidden
factorsandlanguagemodels.
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