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Abstract

A variety of mediainvolvethe spoleninteractionof peo-
ple. For this mediato be useful,indexing and browsingfa-
cilities mustbeprovidedto theuser In thispaperwepresent
a unifiedframevork for indexing and gisting spoleninter-
actionsof people We usespealer identification, prosody
analysisand word spottingas preprocessingstepsto find
thestructue of themeeting Thestructure is modeledusing
a stodasticapproac basedon the HiddenMarkov Model.
Theresultoftheanalysisis anoutlineor tableof contentas
well asarich setof visualqueuedor navigatingthe media.
In addition to the automaticanalysis,we provide the user
with toolsfor browsingthe meeting aswell astoolsfor di-
rectingtheanalysisandeditingtheresults.\e presentarly
resultsusingthe proposedramevork.

1. Intr oduction

With the adwentof efficient compressiontechniquesand
thedrasticreductionof costof digital datastoragespaceijt
is possibleto recordthe audioandvideofrom meetingsand
otherspoleninteractions Digital computemetworksfacil-

itatethe distribution of the materialfrom centraldatabases.

In orderfor this informationto be usefulthereis a needfor
indexing techniquesandtools for fastbrowsing of the ma-
terial.

Meetingscontaininformationthatis valuableto anorga-
nization. The contentf ameetingmayincludearguments
for adecision,deadlinesprogresseports,deferreddiscus-
sionsetc.,all of whichmaybeof interestfor review. A large
partof corporateknowledgeis containedn meetings.The
ability to track a projects history or review performance
and decisionmaking, may allow corporationso optimize
teamwvork, aswell asshortenthe orientationperiodof new
teammembers.
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Thetraditionalway of makinga recordof the contentof
ameetings to designatasecretaryhathastherole of sum-
marizingthediscussiorandproducingthemeetingminutes
Most meetingsarenotrecordedn thisway. Whenminutes
areproducedthey areofteninaccurateandincomplete.

We presenta novel framework for automaticallyfinding
the structureof a meeting,directly from the audiorecord-
ing, andpresentarly resultsof this method. The structure
of the meetingis thendisplayedasa hierarchicalstructure
similar to a Table of Contents that allows the userof the
systemto easily navigate andfind salientportionsor por-
tionsof interest.

Thereare threeaimsin finding the structureof a dis-
course. Thefirst is to find the structureitself. The sec-
ond is to find units of discoursewhere the sametopic is
being discussed.The third is to find salientand synoptic
segments. Finding the structuresupportsthe secondand
third goals, sincediscourseboundariescorrelatesdirectly
to topic boundariesandsalientsegmentscanbe foundwith
referencdo positionwithin thediscoursestructure.

In additionto the meetingstructure we presenthe user
with arich setof visual cuesthat assistthe userin locat-
ing portionsof interestaswell astoolsfor manipulatingthe
resultsof theanalysisandaddingsemantidnformation.

2. Relatedwork

The contentbasedapproachto indexing meetingsre-
quiresafairly completetranscriptionof the meeting.When
a transcriptionhasbeenproduced fraditionaltext summa-
rization techniquescan be applied. A problemwith this
approachis the poor accurag of currentspeechrecogni-
tion systemsText basednethodsarealsodifficult to apply
becausef the oftenincompleteandun-grammaticautter
ancegproducedn fluentspeechHowever, somepromising
work hasbeendonebasecbn this approacH1].

Otherresearchhasfocusedon the useof prosodyasa
meanf finding structurein monologsanddialogs. Arons
[2] attemptsto sggmentmonologsinto portionsby the use



of a simpleactiity metric of the pitch within the sggment.
Chenetal. [3] find emphaticportionsof the speechy use
of hiddenMarkov models. They usethe resultto extract
audiosummarie®f ameeting.

Spealer Identification[4] hasbeenusedto segmentdi-
alogsinto utterancesfor the purposeof allowing usersto
listento utterancesatherthanarbitrarysegments.

For video media, methodsof finding a Video Table of
Contentshave beenproposedn [5]. Their approachs to
first find shotboundaries.The shotsare then groupedac-
cordingto somesimilarity criterion,andpresentedn atree
or graphstructure.

Fromthe above it is clearthatindexing spolken dialogs
canbe approachedby analyzingvariousaspectof speech.
Thechallengeof the currentwork is to mergethesemodali-
tiesinto oneframework thatis morepowerful thanthecom-
ponentsystems.

In the currentwork we usespealer identification,word
spotting and prosody analysisas subsystemgo find the
overall structureof ameeting.

Much work hasbeendonein the areasof eachsubsys-
tem,i.e. spealer identification,prosodyanalysis andword
spotting. We will highlight prior work in theseareasn the
respectie sections.

2.1 Structur e of spokeninteraction

Thereis structureat all levels of language.Structureis
anindispensablaid in understandinghe content.

Within linguistics, Groszet al. [6] describediscourse
in termsof linguistic, intentionalandattentionalstructure.
They usecuewordsto identify typesof discourseg.g. di-
gressionis indicatedby “By theway” or “incidentally” etc.
Whereagheir analysisattemptgo describetherole of each
sentencen the discoursethe objectof this researclis to
find the large scalestructureof the meetingautomatically
However, we alsousestructual keywords asasan aid for
identifying discoursestates.

Meetingscanhave variousdegreesof structure.At one
endof thespectrumarehighly structuredneetingssuchas
parliamentangatheringsin this caseanarbitratoror facili-
tatordictatesvho speakatary instantandtheitemsonthe
agendarepredeterminedAt the otherendof the spectrum
are relatively unstructuredsessionssuchas “brain storm-
ing” sessionsvherethe subjectmatterflows freely andthe
participantgalk in no specificorder

The meetingdatawe usedwasloosely structured. The
meetinggollow anagendaonsistingdf meetingtems. The
items of a meetinggenerallyhave a single main presen-
ter, followed by questionsaanddiscussion As notedbefore,
finding this structuresenestwo purposes:l. 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 synoptic portionsof the

meeting.
Meeting Meeting
introduction conclusion

Item Report Quesion- Item
introduction P Answer conclusion

Figure 1. Hierarchical structure of a meeting.

2.2 Organization of the paper:

Spealeridentification,word spottingandprosodyanaly-
sis all sene asinputsto the structureanalysis. We begin
by presentingan overviewn of the structureanalysis. We
then describethe subsystemsi.e. the Spealer Identifica-
tion, Word Spottingand ProsodyAnalysissubcomponents.
Thenwe discussdetails of structureanalysisand present
early results. Finally we describean interfacethatis used
both for controlling the analysisand editing the resultsas
well asfor browsingthe meeting.

3. Overview of Structur e Analysis

Beforediscussinghecomponensystemsye presenain
overview of the completesystemin orderto motivatethe
relevantissuesvhendiscussingeachof the subsystems.

Thesstructureanalysiss comprisedf threesubsystems,
(seeFigure 2). The audio of a recordedmeetingis fed
throughthe featureextractionstage which calculatespec-
tral featuresand prosodicfeaturegpitch andenegy). Us-
ing thesefeatureswe performspealer identification,word
spottingand prosodyanalysis. The output of the spealer
identificationis usedas a basisfor obsenation intervals.
The output of the three componentanalysisis fusedinto
oneobsenationfor eachobsenationinterval. Detectionof
structuralelementof the meetingis basedn this obsena-
tion sequence.

The fusedobsenation vectorincludesverbal, prosodic,
utteranceandsilenceduration,andspealer sequencénfor-
mation necessaryor producinga detailedanalysisof the
discourse.

4. Spealer Identification

The identity of the spealer is a crucial componentin
the currentframework. Interactionof the spealersis rep-
resentedy the lengthof the turnsandthe sequencef the
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Figure 2. Overview of Structure Analysis.

spealers. The durationof silent sgments(i.e. pauses)s
alsoimportantfor finding the boundariedbetweernmeeting
components.

Much work has been done on spealer identification
and verification [7]. Traditionally, the work hasfocused
on identifying a spealer using a sentenceor paragraphof
speechfor securityapplicationsetc. The currenttaskdif-
fers from the traditionalone in that we want to identify a
relatively small setof spealers at eachtime instant, with
high resolutionandaccurag. Similar work hasbeendone
[4], wherespealerswereidentifiedin a meetingscenario.
Our approachdiffersin the useof a constrainton the mini-
mum lengthof anutteranceandin thatthe useris included
in theloop to achieve amoreaccurateseggmentation.

The spealer identificationis basedon Gaussiammixture
models.Eachspealeris modeledby a mixture of 15 Gaus-
sians. The featuresusedarethe traditionalcepstrumbased
featuresusedin speechrecognitionsystems. In orderto
imposeminimumlengthconstrainsy Gaussiansirestrung
togetherin a Hidden Markov Model. The resultingmini-
mum segmentlengthof 70mscorrespondso the lengthof
a shortsyllable. This approachallows for constrainingthe
minimum lengthof a segmentwhile retainingfiner resolu-
tion in determiningransitionshetweerspealersor between
speectandsilence.

Theprocedurdor producingthe spealeridentificationis
aprocesf iteration.If modelsareavailablefor the speak-
ersfrom a previous meeting,they are usedto producean
initial labeling. A revisedlabelingis thenproducedoy cor-
rectingportionswith errorsaswell ascopying portionswith
correctlabels. Themodelsareupdatedasednthisrevised
labeling.

This processs easydueto the interfacethatallows the
userto easily navigate and correcterrorsin the automatic
segmentation An additionalaid is a coloredbarthatrepre-
sentshe confidenceof theautomaticseggmentatiorfor each
segment(seeFigure6). A low scoreis representedby red.
This allows the userto locatemislabelingsquickly.

Once the models have been trained on a selected
databasethey reflectboththe characteristicsef the spealer
andthe channel. The characteristic®f the channelare ef-

fectedby theacousticcharacteristicef aroom,the position
of thespealerin theroom,aswell atthe microphone.This
malkesthe recognitionmuchmoreaccuratehanif channel
independeninodelswereused.

An accurag of 98.2%wasachievedin oneiterationin
ourinitial experiment.

5. ProsodyAnalysis

Prosodycorveysavariety of norverbalinformation,e.g.
moodandattitude. It alsocorveys informationaboutem-
phaticandcontrastve focus[8] aswell assegmentalinfor-
mationata word andsentencéevel. At thediscoursdevel
it corveys structuralinformation[2].

We useprosodyto locateemphaticportionsof themeet-
ing. Thisis basedon the pitch andenegy contoursof the
speech.

ThreeHMM modelswere usedfor emphasigietection,
onefor high emphasispnefor moderateemphasisandone
for un-emphasizedpeech. Eachmodelhad 3 statesof 3
Gaussiamixtures. The high andmoderateemphasisnod-
elswereleft to right, while theno-emphasisnodelalsohad
atransitionfrom 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 enegy contours. This provided
themeanandslopeof the contoursat 100msintervals.

Using this method,the accurag of the automaticde-
tection for high-emphasisvas 73.8% and 85.6% for no-
emphasis

In orderto estimateheemphasi®f anutterancewefind
by theratio of the length of the emphasizedub-sgments
of anutteranceo the total lengthof the utterance Thisin-
formationcanbe displayedasa coloredbar, parallelto the
spealer ID informationin the userinterface.This givesthe
uservisualinformationfor quickly finding the emphasized
portions of the dialog, which often correspondo salient
portions.



6. Word Spotting

The currentwork circumventsthe needfor a complete
transcriptionof the meeting.We useword spottingtechnol-
ogythathasbeenshovnto bemorerobustthanlargevocab-
ulary speechrecognition. Insteadof producinga complete
transcriptionwe find a small setof wordsthatrelateto the
structureof the meeting.Word spottingcanalsobe usedto
locatesalientconceptsuchasdatesandmonetaryunits.

A greatdeal of work hasbeendone on word spotting
[9]. The differencebetweenword spottingand Large Vo-
cahulary Automatic SpeechRecognitionis thatin the for-
mer, only a small setof wordsareidentified. By reducing
thenumberof wordsandby introducingstricterverification
measuresa higherlevel of accurag canbe achieved. The
word spottingsystemwe usedis basedon a systemdevel-
opedatBell Laboratories.

Oursystems comprisedf two componentsacandidate
generatiorstage followedby a verificationstage.For each
utteranceHTK ! wasusedo find candidate$or theposition
of eachword within a sggment.Theverificationis basedn
theuseof phoneanti-modelq9].

We usedasetof 1117context dependenbiphonemodels
and41 contet independerdinti-modelsWord modelswere
producedby concatenatinghe appropriatephonemodels
accordingo thephonetidranscriptiorof theword. In some
casesve usedmultiple pronunciationgound by examining
theactualphonerecognitionof the system.

6.1 Structural keywords and keyphrases

The word spotting systemprovides information about
the presenceof 38 structural-keywords and keyphrases.
Wordssuchas“start” and“meeting” have ahigh correlation
to themeetingintroduction,whereasconclude”,“adjourn”
and “thanks” have a high correlationto the meetingcon-
clusion,especiallywhenutteredby the chairpersonWords
suchas“so” and“OK” in combinationwith relatively long
silencesoften correlatewith the endof a topic. We found

thattheword “basically” oftenmarkssynopticspeech.

The correlationof the wordsto the discourseelements
anddiscourséoundariesredeterminedy findingthecon-
ditional probability of the discoursestate,given the struc-
tural keyword, asestimatedy frequeng counts.

The set of words can be expandedfor other types of
meetings Sincetheframeawork is probabilistic,the correla-
tion strengthsare learnedand not determinedrom heuris-
tics.

1HiddenMarkov Model Toolkit from Entropic
2Similar termsusedin other contexts: cue phrasesclue words, dis-
coursemarlers,discourseparticles

7. Hierar chical HMM basedmeetingmodel

Given the dataproducedby the spealer identification,
word spottingandprosodyanalysiswe proposethe useof
ahiddenMarkov modelto memgetheseinformationsources
to find thestructure Thestatesof thehiddenMarkov model
capturethe statisticsof a structuralcomponentse.g.along
turn will probably be part of a monolog. The transition
probabilitiesallow usto modelthe sequentiabrderof the
elementf thestructure g.g.thatthe meetingintroduction
precedeshe first agendaitem, and that eachagendatem
often hasa monologfollowed by a discussion.It alsoal-
lows the modelingof interactionbetweerparticipantssuch
as question-answeunits. In the currentsystemeachdis-

Meeting Meeting
intro. conclu.

Figure 4. ltem model.

coursestateis modeledwith two statesin the HMM, cor-
respondingo utteranceandsilence.A naturalextensionof
thisis to use3 pairsof utterance/silencstates.This would
allow for themodelingof phenomenauchaslongerpauses
towardsthe end of a monologor dialog. This alsoallows
wordsthatmarkdiscourséboundarieso beassociateavith
beginningor endingstates.

7.1 Structural elements

The elementsof a meetingform a hierarchicalstruc-
ture. The elementghat we attemptto recognizeare meet-
ing introduction item introduction monola, discussion
guestion answer item conclusionandmeetingconclusion
Thesecanberepresenteih a hierarchicafashion(seeFig-



urel). We alsoincludea Chatterstatethat representpor-
tions of a meetingwherepeopletalk or laughat the same
time, or in smallgroups.This happendeforeandafterthe
meetingand sometimesalso betweenother meetingstates
whenthe mainspealer or spealersarebeingestablished.

7.2 Observations

Theunitsproducedn thespealeridentificationstageare
usedasthe “time basis"for the obsenationsequenceThe
segmentscorresponckitherto utterancer to silencebe-
tweenutterances By usingthe sggmentationproducedby
the spealer ID, insteadof a regularly pacedsegmentation,
durationscan be encodedin the featurevector This al-
lows the durationsof the utterancego be modeledby the
Gaussiarmmixtures of the state, ratherthan the transition
probabilities.Transitionprobabilitiedeadto anexponential
distribution, which is inadequatdéor modelingdurationsof
speectsggments.

For eachsegment,correspondindo silenceor an utter
ance theparameterghatarecalculatedrom thespealer 1D
dataare:1. speeb or silence 2. chairpersonweightingfac-
tor, 3. lengthof utterance 4. lengthof turn®, 5. numberof
intermittentspealers sincelast turn and6. time sincelast
turn.

Thesefeaturesencodeinformation on the segmental
lengthandthe spealer sequenceWe mustdifferentiatebe-
tweenthe chairpersorandthe otherparticipants sincethe
chairpersondirectsthe meetingand utterancesspolen by
him/her are more relevant to the meetingstructure. The
chairpersonweightingcomponenbf the featurevectoren-
codeghisinformation. Theidentity of theotherparticipants
doesnot matterfor the purposeof determiningstructure;
however, their local sequencés important. This informa-
tion is representedby the numberof intermittentspealers
sincelastturn andtime sincelastturn components.

The length of an utteranceandlengthof a turn areim-
portantin discriminatingbetweerdiscoursestategseeFig-
ure5), especiallynonologanddialog. This informationis
representeddy the length of turn and length of utterance
components.

7.3. Results

We presentarlyresultsusingonly the utterance/silence
durationandsequencenformationderivedfrom thespealer
identificationsubsystemWe recorded4 meetingsof 5to 7
people,andlengthsof 15 to 45 minutes. Thesemeetings
containedl to 3 agendatems. The recordingsweredone
usingtwo microphonesnountedin the centerof the board
roomtable. The spealer ssgmentswerefoundasdescribed

3Turns are defined as sggmentsof uninterruptedutterancesoy one
spealker.
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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 Spealer ID section. Obsenationswere generated
as describedin the above sectionand analyzedusing the
frameawvork. The discoursamodelsweretrainedusing3 of
the meetingsandtestedon one meeting. Sincethe results
reportedheredo not include the word spottinginput, we
reportonly on the capability of the systemto identify dis-
courseof type monola, dialog andchatter. The confusion
matrixis shovn in Tablel

Theseresultsshav the capabilityof the systemto recog-
nize typesof discoursérom seggmentallengthand spealer
sequencalone.Monolag anddialog arewell identified,but
chatteris confusedwith dialog.

8. The userinterface

Theaim of thisresearchs to provide the userwith tools
for quickly graspingthe contentof spoleninteractions An
importantaspecbf this is giving the usereasy-to-us¢ools
for fastandefficientaccesgo theoriginal recordingaswell
tools for extracting structureand highlighting salientpor-
tions. In addition, the tools shouldallow the userto edit



the outputof theanalysisandaddtextual descriptorsof the
material.

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

TheMeetingAnalysisandEditing Tool is shawvn in Fig-
ure 6. The timeline of the dialogis shavn with vertical
color-codedbarsfrom top to bottom,aswell astext labels.
Theright half of theframeshaows the resultsof the spealer
identification.

Theleft half of theframeshowvsthestructureof themeet-
ing. Themeetingcomponentsreindentedto representhe
hierarchicalstructureof the meeting. Wheneditingthere-
sults of the structureanalysis,segmentscan easily be in-
sertedor deleted andalignedto the spealeridentity/silence
segmentation.

When browsing, points of interestcan be played by
clicking onthebars.Theuseris aidedby the ability to play
segmentsthat correspondo utterancesturnsand meeting
componentsTheresultsof the emphasigvaluationcanbe
displayedasa color codedbar, to the right of the spealer
identity bar, in asimilar mannerto the confidencéar.

Theinterfaceallowstheuserto controlthe spealeriden-
tification, word spotting,andprosodyanalysisaswell asthe
structureanalysisandedit theresults.

In additionto thetimeline representationf ameetinga
textual representatiorin theform of a hierarchicatableof
contentjs of greatvalueto theuser(not shown).
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Figure 6. Meeting Analysis and Editing tool.

9. Conclusionand futur e work

In this paperwe have presentedh framework for merg-
ing variousspeechanalysigechnologiego produceanout-
line of a meeting. We have describeda systemthat pro-
videspowerful analysisaidsto theuserandaninterfacefor
browsingspoleninteractions.

We believe that the hidden Markov model provides a
powerful framework for modelingthe large scalestructure
of ameeting.This frameawork is readily applicableto other
typesof spoleninteractionssuchaslectures seminarsand
interviews. By usingadifferentsetof preprocessingubsys-
tems,we believeit is alsoapplicableto othertypesof media
thatcontaingemporalstructuresuchastelevision news and
sportingcoverage.

The next stepis to incorporatethe resultsof the word
spotting subsystem. Future work includesexpandingthe
typesof prosodicpatternsfound in prosodyanalysisand
improving the spealer identification.
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