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ABSTRACT

Oralcommunicationis transientbut many importantdecisions,so-
cial contractsandfactfindingsarefirst carriedout in anoralsetup,
documentedin written form andlaterretrieved. At Carnegie Mel-
lons University’s Interactive SystemsLaboratorieswe have been
experimentingwith the documentationof meetings. This paper
summarizespart of the progressthat we have madein this test
bed, specifically on the questionof automatictranscriptionus-
ing LVCSR, informationaccessusingnon-keyword basedmeth-
ods, summarizationand user interfaces. The systemis capable
to automaticallyconstructasearchableandbrowsableaudiovisual
databaseof meetingsandprovide accessto theserecords.
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1. INTR ODUCTION

Humansspendalot of timetransformingoralcommunicationsinto
written documents.This processhowever is not only expensive
andputsburdenon theparticipants,it mayalsosuffer from other
fundamentalflaws in themeetingscenario:A written recordtakes
time to produce;it maylooseaccuracysincetheminutepreparer
may not rememberor interpretecorrectly or is biased;it looses
the meetingsoriginality and thereforemany qualificationssuch
as emotions,hedges,attentionand the precisewordings; finally
it mayloosecompletenessfor efficiency reasonsandno selective
probingfor furtherdetailsis possible.Evenif meetingminutesare
producedthe meetingrecordcanbe usedto groundthe informa-
tion presentedin the meetingor the minutescanbe producedby
enhancingtherecord.

Thefocusof ourwork, startingwith [1], is aimingatarealistic
meetingscenario,thecorrespondingspeechrecognitionproblems,
theanalysisof retrieval performanceandadditionof non-keyword
basedfeatures,thegenerationof readablesummariesandapratical
user interface. Not covered in this paperis active work in our
grouponaudioandvisionbasedpeopleidentification[2] which is
importanttounderstandwhoattendedameeting,thedetermination
of focusof attention[3] andthedetectionof emotion[21].

Otherimportantprojectsontheproblemof informationaccess
to spoken languageareconcentratedon the TREC-SDRtask[4]
which is focussedon the retrieval of broadcastnews documents.
Theparticipantsmanagedto show thatkeywordbasedretrieval can
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oftenbedonesuccessfullyevenif thereis a significantword error
rateby aspeechrecognizer. [5, 6] arespokenlanguageaccesssys-
temsincludinga graphicalbrowsinginterfacethathave beeneval-
uatedin this domainandfocuson namedentity tagging,prosodic
processingand salientkeywords. [7] goesone stepfurther and
presentswork on video summarizationusingkey-shotsanduses
geographicandtemporalinformationto addfurtherindicesfor re-
trieval. [8] shows that additionalfeaturescanbe retrieved from
whiteboards,online collaborative note-takingandslide presenta-
tionsthathelpto browseandindex lectures.[9] presentssegments
a dialogueandhasa fastplaybackcapabilityto skim segments.

Fig. 1 shows thecomponentsof our systemthatwill beintro-
ducedin the next sections.Sec.2 detailsthe challengesin auto-
maticmeetingtranscriptionandpresentsadaptationresults.Sec.3
presentsaresultthatshows thatspeaker identityandstylearevery
useful indicesto find a meetingbesidesthe traditional keyword
basedapproach. Sec.4 presentsthe processingpipeline neces-
sary to dealwith spoken languageandspeechrecognitionerrors
in a statisticalsummarizationframework. The visualizationtool
(meetingbrowser)with its capabilitiesis presentedin Sec.5. The
lessonswe have learnedwill be discussedin Sec.6 along with
futurework.
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Fig. 1. Componentsof the meeting room system: A record-
ing programwith a speaker identificationmodulesendstheaudio
files to the speechrecognizer(Janus)andmeetingbrowser. The
summarization,emotionanddiscoursemodulearecalledwith the
datathey needfrom themeetingbrowserfront endandsendtheir
resultsbackfor display. A meetingarchive canbeaccessed.



2. SPEECHRECOGNITION

As alreadyidentifiedin previousworks[10, 11] meetingrecogni-
tion is a very challengingLVCSR taskparallelto Hub5 (Switch-
board)andHub4 (BroadcastNews). The difficulty resultsbasi-
cally from threereasons:First, the conversationalstyle - meet-
ings consistsof uninterruptedcontinuousrecordingswith multi-
ple speakerstalking in a conversationalstyle. Second,thelack of
trainingdata- meetingdatais highly specializeddependingonthe
topic andparticipants,thereforelarge databasescan not be pro-
videdon demand.As a consequenceour researchhasfocusedon
the questionon how to build LVCSR systemsfor new tasks[12]
andlanguages[13] usinglimit amountsof trainingdata.Third, the
degradedrecordingconditions:to minimizeinterferencea clip-on
lapel microphonewaschoseninsteadof a close-talkingheadset.
However, this comesat thecostof significantchannelcross-talk.
Quiteoftenonecanhearmultiple speakerson asinglechannel.

For the purposeof building a speechrecognitionengineon
themeetingtask,we combineda limited setof meetingdatawith
Englishspeechandtext datafrom varioussources,namelyWall
StreetJournal(WSJ),EnglishSpontaneousSchedulingTask(ESST),
BroadcastNews (BN), CrossfireandNewshourTV news shows.
Themeetingdataconsistsof a numberof internalgroupmeeting
recordings(aboutonehour long each),of which 14 areusedfor
experimentsin this paper. A subsetof threemeetingsarechosen
asthetestset.

To achieve robustperformanceover a rangeof differenttasks,
we trainedour baselinesystemon BroadcastNews (BN) using
JRTk [14]. Thesystemdeploys apentphonemodelwith 6000dis-
tributionssharing2000codebooks.Thereareabout105k Gaus-
siansin thesystem.VocalTractLengthNormalizationandcluster-
basedCepstralMean Normalizationare usedto compensatefor
speaker andchannelvariations. Linear DiscriminantAnalysis is
appliedto reducefeaturedimensionalityto 42,followedby adiag-
onalizationtransform(Maximum LikelihoodLinear Transform).
A 40kvocabularyandtrigramlanguagemodelareused.Thebase-
line languagemodelis trainedontheBroadcastNews(BN) corpus.
Theerror rateson themeetingdataarequitehigh ascanbe seen
Tab. 1 but usingacousticandlanguagemodeladaptationtheerror
ratecanbereducedby about ����� �
	 relative over theBN baseline
system.

BaselineSystemWER onDifferentTasks[%]
BN (h4e981) F0-condition 9.6
BN (h4e981) all F-conditions 18.5
Newshour 20.8
Crossfire 25.6

Adaptationto MeetingData
ESSTsystem 54.1
BaselineBN system 43.1
+ acousticMAP Adaptation(10hmeetingdata) 40.4
+ languagemodelinterpolation(16meetings) 38.7

Table1. RecognitionResults:Theupperpartevaluatesthebase-
line BN systemacrossdifferent tasks. MAP (Maximum A Pos-
terior) adaptationwasusedfor domainadaptation.The language
model was adaptedby interpolatingthe BN model with a small
meetingmodel. TheESSTsystem[15] hasbeentrainedon clean
speechin travel domainandis significantlysmallerthanthe BN
system.

3. DIALOGUE ANALYSIS

Theideaof thedialogueanalysismodulein themeetingroomcon-
text is to usefeaturesotherthankeywordsfor informationaccessto
spokencommunication.Traditionalinformationretrieval methods
focusonly on a very narrow notionof topic asa bagof keywords
whereasspoken languageis alsohappeningin a certainsituation
and in a certainstyle [16]. In this paperwe can only give one
simplified examplewherethe speaker identitiesand their domi-
nanceareimportant,namelyin theselectionof ameetingfrom the
database.Otherproblemsnotcoveredhereincludetheselectionof
a databaseout of a collectionof databases[17], thesegmentation
of ameetingandtheselectionof asegmentin a meeting.Also not
coveredis work on thedetectionof dialogueacts,games[18] and
activities [19, 20] aswell asthedetectionof emotions[21].

Five meetingsin the meetingdatabasehave beenannotated
with topicsegmentations.Selectingameetingby aquerythatcon-
tainstheprecisetime, all of thekeywordsor thepreciseinforma-
tion whowasthereandhow muchthey talkedwouldbetrivial. On
the otherhandthe locationof the meetingis uninformative since
they wereall recordedaroundtheconferencetablein our lab.

Feature bit
speakingstyle 1.34
speaker identitydetectedby speakingstyle 1.13
mostfrequent50keywords 1.21
mostfrequent1000keywords 1.64
speaker identity, dominanceweightedpersegment 2.06
oracle 2.29

Table 2. Empirical entropy reduction for meeting identity:
Speakingstyle in this table definesthe distribution of the most
frequent50 words andpartsof speechandexplains a lot of the
meetingidentity. Speakingstyle however also serves as a very
goodspeaker identitydetector:Thedetectedspeakerscanbeused
to detectthe meetingidentity and the result is almost the same
asfor the speakingstyle featureitself. ��� �

������ ��������� 
�� bits
of informationareaddedby lessfrequentkeywordsandthe real
speaker identity is still thestrongestfeature.

For dialogueselectionit is assumedthat the queriescorre-
spondto featuresof a dialoguesegmentandthateachsegmentin
thedatabaseis equallylikely to bechosenasaquery. A neuralnet-
work thatdetectsa dialogueidentity for a segmenthasbeenbuild
(Tab. 2). The network hasbeendesignedto createa probability
distributionof meetingidentitiesasits outputwhichis testedusing
roundrobinover thewholedatabase.To assessinformationaccess
performancethe reductionof empirical entropy for the meeting
identity wasmeasuredin bit. This retrieval modelis quitenatural
sincewe could assumethat a userremembersjust somepart of
the meetingandthat most featuresaresimilar (yet not identical)
in othersegmentsof themeeting.The resultsshow thatkeyword
basedmethodsarepowerful but that alternativessuchasspeaker
identity and activity exist that seemto be (a) more natural, (b)
likely partof queries,(c) easyto visualizein a browsing taskand
(d) explain mostof theword level informationimplicitly.



4. SUMMARIZA TION

The summarizationsystemprovides the meetingbrowserwith a
relevanceranked list of sentences.TheGUI canthusdisplaythe
mostrelevantpassagesof a meeting,thesizeof thesummarybe-
ing dependenton theuser’s choice. In the following we describe
thefive majorcomponentsof thesummarizationsystem,thefirst
four of which addressingimportantissuesintrinsic to spoken as
opposedto written languagesummarization.Thesystemarchitec-
ture is similar to the onedescribedin detail in [22]. Sincethen
we wereable to usethe PennTreebankSWITCHBOARD corpus,
annotatedfor disfluencies[23] for automatictrainingof thecom-
ponentswhichbeforeweremainlybasedonhand-craftedheuristic
rules,yieldingsignificantlybetterresults(Tab. 3).

Disfluency detection and removal Spoken languagecontains
a significantamountof falsestarts,repetitions,filled pauses,dis-
coursemarkersandspeechrepairs. Our goal is to detectandre-
move thoseto make thesummarymorereadablefor theuser. We
trainedaversionof Brill’ spartof speech(POS)tagger[24] which
marksfilled pauses,editing terms,discoursemarkers, and non-
informationalconjunctions.Further, weuseadecisiontree[25] to
determinefalsestarts,anda scriptbasedrepetitionfilter to elimi-
natethemajority of speechrepairs.

Sentenceboundary detection Unlike written language,LVCSR
outputdoesnot containpunctuationmarkers. Turnsoftencontain
multiplesentences,andsometimessentencesspansuccessiveturns
of onespeaker. To determineboth inter-turn and intra-turnsen-
tenceboundaries,we usea decisiontreewith POS,triggerword,
andtime features.

Detection of question-answerpairs In dialogues,information
unitsaresometimessharedacrossseveralspeakers. A typical ex-
ampleis a question-answerpair, wherequestionor answeralone
aremuchlessmeaningfulthanbothof themtogether. Thegoalof
thiscomponentis to renderthesummarymorecoherent.To decide
whetherasentenceis aquestionor not,weuseadecisiontreewith
POS,question-specifictrigger wordsandlengthinformationfea-
tures.Thecorrespondinganswersaredetectedbasedon heuristic
ruleswhoseparametersweretrainedonannotateddata.

Relevance ranking with word error rate minimization For
determiningtherelevancerankingof sentences,weuseanadapted
versionof themaximalmarginalrelevance(MMR) algorithm[26],
wherethe queryvector is a vector of word stemswithin a topi-
cal segment.User-definedkeywordscanbeemphasizedto turn a
genericsummaryinto a query-specificsummary. Sinceautomatic
meetingtranscriptionis lessthanperfect,thesummarywill reflect
many errorsfrom thespeechrecognizer. As we have reportedin
[27], we are able to (a) significantly reducethe summaryword
error rate, and (b) substantiallyimprove the summaryaccuracy
by combiningthe LVCSR confidencescoreswith the relevance
weightingschemeof theMMR algorithm.

Topic segmentation Given the natureof meetings(and other
spoken dialogues)beingmulti-topical, we automaticalysegment
the transcriptinto topically coherentpassages,usinga variantof
Hearst’s TextTiling algorithm[28].

5. MEETING BROWSER

An important part of meetingrecognitionis the ability to effi-
ciently capture,manipulateand review all aspectsof a meeting.
To thatendwe have developeda meetingbrowserthatletsusers:

Task heuristics trained
Disfluency detectionand removal
(exluding falsestarts)

0.74 0.80

Sentenceboundarydetection 0.60 0.78
Questionclassification 0.34 0.44
Question-answerpairclassification 0.24 0.27

Table 3. Effects of training on SwitchBoard: Theperformance
numbershereare for English CallHome,comparingthe system
describedin [22] with thenew andcurrentversion,after training
on Switchboarddata.Resultsarereportedas ������������! !� -scores,
combiningprecision( " ) andrecall( # ).

$ Createmeetingrecordsandtranscriptionsof meetingswith
participantsremotelylocated.

$ Createandcustomizedialogue,audio,andvideosummaries
to theuser’s particularneeds.

$ Createa databaseof corporateknowledge.
$ Quickly andaccuratelycreateanddisseminatea list of con-

clusionsandactionitems
$ Provide rapidaccessto meetingrecordsto allow browsing

andreviewing existingmeetings.
$ Identify for eachutterancethespeaker properties(type,so-

cial relationships,and emotion)as well as the discourse
structureandtype.

Whena meetingis beingcreated,eachparticipantmay join
eitherremotelyor locally. Oncethemeetinghasbegun,speechis
transmittedto Janus,ourspeechrecognitionengine.As thespeech
is recognized,thehypothesisis sentto thedialoguesystemwhere
it is assembledinto a meetingformat. The meetingbrowserdis-
playsthetranscriptfor thecurrentmeeting.Themeetingtranscript
canbesentto thesummarizationsystemwhich will createa sum-
mary of the currentdialogue. Finally, a usermay elect to save
a meetingincluding any summariesin the meetingarchive from
within themeetingbrowser.

At theendof meetings,it is customaryto reiteratea setof ac-
tion items. Usingspeechrecognition,we recognizetheitemsand
mail themout to eachof the meetingparticipants.Likewise, we
canmail completemeetings,meetingsegments,or summariesin-
cludingtheaudioportiondirectlyfrom within themeetingbrowser
to meetingparticipantsor any other interestedparties. Eachof
thesemay includeannotations,commentsor corrections.Correc-
tionscanbedoneby usinga keyboardor handwritingrecognition
usinga handwritingrecognizerdevelopedin our lab [29]. In the
futurewe planto addspeechrecognitionasanadditionalerrorre-
pair modality.

6. CONCLUSIONS AND FUTURE WORK

The meetingroom scenariois surprisinglychallengingwhen it
comestospeechrecognitionbutsignificantprogresshasbeenmade
usingadaptationwhich is also the focus of ongoingwork along
with noisereduction.Thisandongoingwork ondialogueanalysis
andsummarizationareencouragingsincetheoutputof thespeech
recognizermaynot becrucial for all applicationsandsuboptimal
speechrecognitionresultscan be usedeffectively. The meeting
browseruserinterfacehasdevelopedconsiderablyover time and



is presentlysubjectedto usability studies.Theoverall systemar-
chitectureis a significantdeparturefrom previoussystemsandac-
countsfor thedialoguestyleof meetingsandthedesirefor inter-
active accessanddrilldown capabilities.

Furtherwork will includethecollectionof alargerandbroader
databaseof meetingsandtestingthe useof the systemin day to
day operation. Finally, multi-meetingretrieval and the tracking
of argumentsacrosstime will becomecritical whena substantial
corpussizehasbeenreached.
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