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Abstract

A varietyof mediainvolvethespokeninteractionof peo-
ple. For this mediato beuseful,indexing andbrowsingfa-
cilitiesmustbeprovidedto theuser. In thispaperwepresent
a unifiedframework for indexing andgistingspoken inter-
actionsof people. We usespeaker identification,prosody
analysisand word spottingas preprocessingstepsto find
thestructureof themeeting. Thestructure is modeledusing
a stochasticapproach basedon theHiddenMarkov Model.
Theresultof theanalysisis anoutlineor tableof content,as
well asa rich setof visualqueuesfor navigatingthemedia.
In addition to the automaticanalysis,we provide the user
with toolsfor browsingthemeeting, aswell astoolsfor di-
rectingtheanalysisandeditingtheresults.Wepresentearly
resultsusingtheproposedframework.

1. Intr oduction

With theadventof efficient compressiontechniquesand
thedrasticreductionof costof digital datastoragespace,it
is possibleto recordtheaudioandvideofrom meetingsand
otherspokeninteractions.Digital computernetworksfacil-
itatethedistribution of thematerialfrom centraldatabases.
In orderfor this informationto beusefulthereis a needfor
indexing techniquesandtools for fastbrowsingof thema-
terial.

Meetingscontaininformationthatis valuableto anorga-
nization.Thecontentsof ameetingmayincludearguments
for a decision,deadlines,progressreports,deferreddiscus-
sionsetc.,all of whichmaybeof interestfor review. A large
partof corporateknowledgeis containedin meetings.The
ability to track a project’s history or review performance
anddecisionmaking,may allow corporationsto optimize
teamwork, aswell asshortentheorientationperiodof new
teammembers.
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Thetraditionalwayof makinga recordof thecontentof
ameetingis to designateasecretarythathastheroleof sum-
marizingthediscussionandproducingthemeetingminutes.
Most meetingsarenot recordedin this way. Whenminutes
areproduced,they areofteninaccurateandincomplete.

We presenta novel framework for automaticallyfinding
the structureof a meeting,directly from the audiorecord-
ing, andpresentearlyresultsof this method.Thestructure
of the meetingis thendisplayedasa hierarchicalstructure
similar to a Tableof Contents,that allows the userof the
systemto easilynavigateandfind salientportionsor por-
tionsof interest.

Thereare threeaims in finding the structureof a dis-
course. The first is to find the structureitself. The sec-
ond is to find units of discoursewherethe sametopic is
beingdiscussed.The third is to find salientandsynoptic
segments. Finding the structuresupportsthe secondand
third goals,sincediscourseboundariescorrelatesdirectly
to topicboundaries,andsalientsegmentscanbefoundwith
referenceto positionwithin thediscoursestructure.

In additionto themeetingstructure,we presenttheuser
with a rich setof visual cuesthat assistthe userin locat-
ing portionsof interestaswell astoolsfor manipulatingthe
resultsof theanalysisandaddingsemanticinformation.

2. Relatedwork

The contentbasedapproachto indexing meetingsre-
quiresa fairly completetranscriptionof themeeting.When
a transcriptionhasbeenproduced,traditionaltext summa-
rization techniquescan be applied. A problemwith this
approachis the poor accuracy of currentspeechrecogni-
tion systems.Text basedmethodsarealsodifficult to apply
becauseof theoften incompleteandun-grammaticalutter-
ancesproducedin fluentspeech.However, somepromising
work hasbeendonebasedon this approach[1].

Other researchhasfocusedon the useof prosodyasa
meansof finding structurein monologsanddialogs.Arons
[2] attemptsto segmentmonologsinto portionsby the use



of a simpleactivity metricof thepitch within thesegment.
Chenet al. [3] find emphaticportionsof thespeechby use
of hiddenMarkov models. They usethe result to extract
audiosummariesof a meeting.

Speaker Identification[4] hasbeenusedto segmentdi-
alogsinto utterances,for the purposeof allowing usersto
listento utterancesratherthanarbitrarysegments.

For video media,methodsof finding a Video Table of
Contentshave beenproposedin [5]. Their approachis to
first find shotboundaries.The shotsarethengroupedac-
cordingto somesimilarity criterion,andpresentedin a tree
or graphstructure.

From the above it is clearthat indexing spoken dialogs
canbeapproachedby analyzingvariousaspectsof speech.
Thechallengeof thecurrentwork is to mergethesemodali-
tiesinto oneframework thatis morepowerful thanthecom-
ponentsystems.

In the currentwork we usespeaker identification,word
spotting and prosodyanalysisas subsystemsto find the
overallstructureof a meeting.

Much work hasbeendonein the areasof eachsubsys-
tem,i.e. speaker identification,prosodyanalysis,andword
spotting.We will highlight prior work in theseareasin the
respectivesections.

2.1. Structur eof spoken interaction

Thereis structureat all levels of language.Structureis
anindispensableaid in understandingthecontent.

Within linguistics, Groszet al. [6] describediscourse
in termsof linguistic, intentionalandattentionalstructure.
They usecuewords to identify typesof discourse,e.g. di-
gressionis indicatedby “By theway” or “incidentally” etc.
Whereastheir analysisattemptsto describetherole of each
sentencein the discourse,the objectof this researchis to
find the large scalestructureof the meetingautomatically.
However, we alsousestructural keywords asasan aid for
identifyingdiscoursestates.

Meetingscanhave variousdegreesof structure.At one
endof thespectrumarehighly structuredmeetings,suchas
parliamentarygatherings.In thiscaseanarbitratoror facili-
tatordictateswhospeaksatany instant,andtheitemsonthe
agendaarepredetermined.At theotherendof thespectrum
are relatively unstructuredsessionssuchas “brain storm-
ing” sessionswherethesubjectmatterflows freely andthe
participantstalk in no specificorder.

The meetingdatawe usedwaslooselystructured.The
meetingsfollow anagendaconsistingof meetingitems.The
items of a meetinggenerallyhave a single main presen-
ter, followedby questionsanddiscussion.As notedbefore,
finding this structureservestwo purposes:1. it allows the
creationof an outline of the meeting,that reflectsthe par-
titioning of the meetinginto differing subjectmatter;2. it

allows us to identify salientand synopticportionsof the
meeting.
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Figure 1. Hierarchical structure of a meeting.

2.2. Organizationof the paper:

Speakeridentification,wordspottingandprosodyanaly-
sis all serve as inputs to the structureanalysis. We begin
by presentingan overview of the structureanalysis. We
thendescribethe subsystems,i.e. the Speaker Identifica-
tion, Word SpottingandProsodyAnalysissubcomponents.
Then we discussdetailsof structureanalysisand present
early results. Finally we describean interfacethat is used
both for controlling the analysisandediting the resultsas
well asfor browsingthemeeting.

3. Overview of Structure Analysis

Beforediscussingthecomponentsystems,wepresentan
overview of the completesystemin order to motivate the
relevantissueswhendiscussingeachof thesubsystems.

Thestructureanalysisis comprisedof threesubsystems,
(seeFigure 2). The audio of a recordedmeetingis fed
throughthefeatureextractionstage,which calculatesspec-
tral featuresandprosodicfeatures(pitch andenergy). Us-
ing thesefeatures,we performspeaker identification,word
spottingandprosodyanalysis. The outputof the speaker
identification is usedas a basisfor observation intervals.
The output of the threecomponentanalysisis fusedinto
oneobservationfor eachobservationinterval. Detectionof
structuralelementsof themeetingis basedon this observa-
tion sequence.

The fusedobservationvectorincludesverbal,prosodic,
utteranceandsilenceduration,andspeakersequenceinfor-
mation necessaryfor producinga detailedanalysisof the
discourse.

4. Speaker Identification

The identity of the speaker is a crucial componentin
the currentframework. Interactionof the speakers is rep-
resentedby the lengthof the turnsandthesequenceof the
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Figure 2. Overview of Structure Analysis.

speakers. The durationof silent segments(i.e. pauses)is
alsoimportantfor finding theboundariesbetweenmeeting
components.

Much work has been done on speaker identification
and verification [7]. Traditionally, the work has focused
on identifying a speaker usinga sentenceor paragraphof
speech,for securityapplicationsetc. The currenttaskdif-
fers from the traditionalone in that we want to identify a
relatively small set of speakers at eachtime instant,with
high resolutionandaccuracy. Similar work hasbeendone
[4], wherespeakerswereidentifiedin a meetingscenario.
Our approachdiffersin theuseof a constrainton themini-
mumlengthof anutteranceandin that theuseris included
in theloop to achieveamoreaccuratesegmentation.

Thespeaker identificationis basedon Gaussianmixture
models.Eachspeaker is modeledby a mixtureof 15 Gaus-
sians.Thefeaturesusedarethetraditionalcepstrumbased
featuresusedin speechrecognitionsystems. In order to
imposeminimumlengthconstrains,7 Gaussiansarestrung
togetherin a HiddenMarkov Model. The resultingmini-
mumsegmentlengthof 70mscorrespondsto the lengthof
a shortsyllable. This approachallows for constrainingthe
minimumlengthof a segmentwhile retainingfiner resolu-
tion in determiningtransitionsbetweenspeakersor between
speechandsilence.

Theprocedurefor producingthespeakeridentificationis
aprocessof iteration.If modelsareavailablefor thespeak-
ers from a previous meeting,they areusedto producean
initial labeling.A revisedlabelingis thenproducedby cor-
rectingportionswith errorsaswell ascopying portionswith
correctlabels.Themodelsareupdatedbasedonthisrevised
labeling.

This processis easydueto the interfacethatallows the
userto easilynavigateandcorrecterrorsin the automatic
segmentation.An additionalaid is a coloredbarthatrepre-
sentstheconfidenceof theautomaticsegmentationfor each
segment(seeFigure6). A low scoreis representedby red.
Thisallows theuserto locatemislabelingsquickly.

Once the models have been trained on a selected
database,they reflectboththecharacteristicsof thespeaker
andthe channel.Thecharacteristicsof the channelareef-

fectedby theacousticcharacteristicsof aroom,theposition
of thespeaker in theroom,aswell at themicrophone.This
makestherecognitionmuchmoreaccuratethanif channel
independentmodelswereused.

An accuracy of 98.2%wasachieved in oneiterationin
our initial experiment.

5. ProsodyAnalysis

Prosodyconveysavarietyof nonverbalinformation,e.g.
moodandattitude. It alsoconveys informationaboutem-
phaticandcontrastive focus[8] aswell assegmentalinfor-
mationat a word andsentencelevel. At thediscourselevel
it conveysstructuralinformation[2].

We useprosodyto locateemphaticportionsof themeet-
ing. This is basedon the pitch andenergy contoursof the
speech.

ThreeHMM modelswereusedfor emphasisdetection,
onefor high emphasis,onefor moderateemphasisandone
for un-emphasizedspeech.Eachmodelhad3 statesof 3
Gaussianmixtures.Thehigh andmoderateemphasismod-
elswereleft to right, while theno-emphasismodelalsohad
a transitionfrom thethird to thefirst state.

The pitch andamplitudewerefirst calculatedfor 30ms
framesat 10mssteps.In orderto introducetemporalcon-
text, derivatives were calculatedby first order regression
analysisof the pitch and energy contours. This provided
themeanandslopeof thecontoursat 100msintervals.

Using this method,the accuracy of the automaticde-
tection for high-emphasiswas 73.8% and 85.6% for no-
emphasis.

In orderto estimatetheemphasisof anutterance,wefind
by the ratio of the lengthof the emphasizedsub-segments
of anutteranceto thetotal lengthof theutterance.This in-
formationcanbedisplayedasa coloredbar, parallelto the
speaker ID informationin theuserinterface.This givesthe
uservisual informationfor quickly finding theemphasized
portionsof the dialog, which often correspondto salient
portions.



6. Word Spotting

The currentwork circumventsthe needfor a complete
transcriptionof themeeting.Weusewordspottingtechnol-
ogythathasbeenshownto bemorerobustthanlargevocab-
ulary speechrecognition.Insteadof producinga complete
transcription,we find a smallsetof wordsthatrelateto the
structureof themeeting.Word spottingcanalsobeusedto
locatesalientconceptssuchasdatesandmonetaryunits.

A greatdeal of work hasbeendoneon word spotting
[9]. The differencebetweenword spottingandLarge Vo-
cabulary AutomaticSpeechRecognitionis that in the for-
mer, only a small setof wordsareidentified. By reducing
thenumberof wordsandby introducingstricterverification
measures,a higherlevel of accuracy canbeachieved. The
word spottingsystemwe usedis basedon a systemdevel-
opedatBell Laboratories.

Oursystemiscomprisedof twocomponents:acandidate
generationstage,followedby a verificationstage.For each
utterance,HTK1 wasusedto findcandidatesfor theposition
of eachwordwithin asegment.Theverificationis basedon
theuseof phoneanti-models[9].

Weusedasetof 1117context dependentbiphonemodels
and41context independentanti-models.Wordmodelswere
producedby concatenatingthe appropriatephonemodels
accordingto thephonetictranscriptionof theword. In some
caseswe usedmultiple pronunciationsfoundby examining
theactualphonerecognitionof thesystem.

6.1. Structural keywords and keyphrases

The word spotting systemprovides information about
the presenceof 38 structural-keywords and keyphrases2.
Wordssuchas“start” and“meeting”haveahighcorrelation
to themeetingintroduction,whereas“conclude”,“adjourn”
and “thanks” have a high correlationto the meetingcon-
clusion,especiallywhenutteredby thechairperson.Words
suchas“so” and“OK” in combinationwith relatively long
silencesoften correlatewith the endof a topic. We found
thattheword “basically” oftenmarkssynopticspeech.

The correlationof the words to the discourseelements
anddiscourseboundariesaredeterminedbyfindingthecon-
ditional probability of the discoursestate,given the struc-
turalkeyword,asestimatedby frequency counts.

The set of words can be expandedfor other types of
meetings.Sincetheframework is probabilistic,thecorrela-
tion strengthsarelearnedandnot determinedfrom heuris-
tics.

1HiddenMarkov ModelToolkit from Entropic
2Similar termsusedin other contexts: cuephrases,clue words, dis-

coursemarkers,discourseparticles

7. Hierar chical HMM basedmeetingmodel

Given the dataproducedby the speaker identification,
word spottingandprosodyanalysis,we proposetheuseof
ahiddenMarkov modelto mergetheseinformationsources
to find thestructure.Thestatesof thehiddenMarkov model
capturethestatisticsof a structuralcomponents,e.g.a long
turn will probablybe part of a monolog. The transition
probabilitiesallow us to modelthe sequentialorderof the
elementsof thestructure,e.g.thatthemeetingintroduction
precedesthe first agendaitem, and that eachagendaitem
often hasa monologfollowed by a discussion.It alsoal-
lows themodelingof interactionbetweenparticipantssuch
asquestion-answerunits. In the currentsystemeachdis-
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Figure 3. Meeting model.
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Figure 4. Item model.

coursestateis modeledwith two statesin the HMM, cor-
respondingto utteranceandsilence.A naturalextensionof
this is to use3 pairsof utterance/silencestates.This would
allow for themodelingof phenomenasuchaslongerpauses
towardsthe endof a monologor dialog. This alsoallows
wordsthatmarkdiscourseboundariesto beassociatedwith
beginningor endingstates.

7.1. Structural elements

The elementsof a meetingform a hierarchicalstruc-
ture. The elementsthat we attemptto recognizearemeet-
ing introduction, item introduction, monolog, discussion,
question, answer, itemconclusionandmeetingconclusion.
Thesecanberepresentedin ahierarchicalfashion(seeFig-



ure1). We alsoincludea Chatterstatethat representspor-
tions of a meetingwherepeopletalk or laughat the same
time,or in smallgroups.This happensbeforeandafter the
meetingandsometimesalsobetweenothermeetingstates
whenthemainspeakeror speakersarebeingestablished.

7.2. Observations

Theunitsproducedin thespeakeridentificationstageare
usedasthe“time basis”for theobservationsequence.The
segmentscorrespondeither to utterancesor to silencebe-
tweenutterances.By usingthe segmentationproducedby
the speaker ID, insteadof a regularly pacedsegmentation,
durationscan be encodedin the featurevector. This al-
lows the durationsof the utterancesto be modeledby the
Gaussianmixturesof the state,rather than the transition
probabilities.Transitionprobabilitiesleadto anexponential
distribution,which is inadequatefor modelingdurationsof
speechsegments.

For eachsegment,correspondingto silenceor an utter-
ance,theparametersthatarecalculatedfrom thespeakerID
dataare:1. speech or silence, 2. chairpersonweightingfac-
tor, 3. lengthof utterance, 4. lengthof turn3, 5. numberof
intermittentspeakers sincelast turn and6. time sincelast
turn.

These featuresencodeinformation on the segmental
lengthandthespeaker sequence.We mustdifferentiatebe-
tweenthe chairpersonandthe otherparticipants,sincethe
chairpersondirectsthe meetingand utterancesspoken by
him/her are more relevant to the meetingstructure. The
chairpersonweightingcomponentof thefeaturevectoren-
codesthisinformation.Theidentityof theotherparticipants
doesnot matter for the purposeof determiningstructure;
however, their local sequenceis important. This informa-
tion is representedby the numberof intermittentspeakers
sincelast turn andtimesincelast turn components.

The lengthof an utteranceandlengthof a turn areim-
portantin discriminatingbetweendiscoursestates(seeFig-
ure5), especiallymonologanddialog. This informationis
representedby the length of turn and length of utterance
components.

7.3. Results

Wepresentearlyresults,usingonly theutterance/silence
durationandsequenceinformationderivedfrom thespeaker
identificationsubsystem.We recorded4 meetingsof 5 to 7
people,and lengthsof 15 to 45 minutes. Thesemeetings
contained1 to 3 agendaitems. The recordingsweredone
usingtwo microphonesmountedin thecenterof theboard
roomtable.Thespeaker segmentswerefoundasdescribed

3Turns are definedas segmentsof uninterruptedutterancesby one
speaker.
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Figure 5. Histograms of utterance length in
monolog (upper) and dialog (lower) discourse
states.

Table 1. Confusion matrix for discourse type
detection.

Monolog Dialog Chatter
Monolog 60.9% 39.1% 0.0%
Dialog 3.4% 95.0% 1.6%
Chatter 7.1% 68.2% 24.7%

in the Speaker ID section. Observationswere generated
as describedin the above sectionand analyzedusing the
framework. The discoursemodelsweretrainedusing3 of
the meetingsandtestedon onemeeting. Sincethe results
reportedheredo not include the word spotting input, we
reportonly on the capabilityof the systemto identify dis-
courseof typemonolog, dialog andchatter. Theconfusion
matrix is shown in Table1

Theseresultsshow thecapabilityof thesystemto recog-
nize typesof discoursefrom segmentallengthandspeaker
sequencealone.Monolog anddialog arewell identified,but
chatter is confusedwith dialog.

8. The user interface

Theaim of this researchis to providetheuserwith tools
for quickly graspingthecontentof spokeninteractions.An
importantaspectof this is giving theusereasy-to-usetools
for fastandefficientaccessto theoriginal recordingaswell
tools for extractingstructureandhighlighting salientpor-
tions. In addition, the tools shouldallow the userto edit



theoutputof theanalysisandaddtextual descriptorsof the
material.

We stressthe importanceof keepingthe user “in the
loop”, andallowing him/herto easilyverify andcorrecter-
rorsin theautomaticanalysis.

TheMeetingAnalysisandEditingTool is shown in Fig-
ure 6. The timeline of the dialog is shown with vertical
color-codedbarsfrom top to bottom,aswell astext labels.
Theright half of theframeshows theresultsof thespeaker
identification.

Theleft half of theframeshowsthestructureof themeet-
ing. Themeetingcomponentsareindentedto representthe
hierarchicalstructureof themeeting.Wheneditingthe re-
sults of the structureanalysis,segmentscan easily be in-
sertedor deleted,andalignedto thespeaker identity/silence
segmentation.

When browsing, points of interest can be played by
clicking on thebars.Theuseris aidedby theability to play
segmentsthat correspondto utterances,turnsandmeeting
components.Theresultsof theemphasisevaluationcanbe
displayedasa color codedbar, to the right of the speaker
identitybar, in asimilar mannerto theconfidencebar.

Theinterfaceallowstheuserto controlthespeaker iden-
tification,wordspotting,andprosodyanalysisaswell asthe
structureanalysis,andedit theresults.

In additionto thetimeline representationof ameeting,a
textual representation,in theform of a hierarchicaltableof
content,is of greatvalueto theuser(not shown).

Figure 6. Meeting Analysis and Editing tool.

9. Conclusionand futur e work

In this paperwe have presenteda framework for merg-
ing variousspeechanalysistechnologiesto produceanout-
line of a meeting. We have describeda systemthat pro-
videspowerful analysisaidsto theuserandaninterfacefor
browsingspokeninteractions.

We believe that the hidden Markov model provides a
powerful framework for modelingthe largescalestructure
of a meeting.This framework is readilyapplicableto other
typesof spokeninteractions,suchaslectures,seminarsand
interviews.By usingadifferentsetof preprocessingsubsys-
tems,webelieveit is alsoapplicableto othertypesof media
thatcontainstemporalstructuresuchastelevisionnewsand
sportingcoverage.

The next stepis to incorporatethe resultsof the word
spottingsubsystem.Futurework includesexpandingthe
typesof prosodicpatternsfound in prosodyanalysisand
improving thespeaker identification.
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