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ABSTRACT

Face-to-facemeetingsusually encompassseveral modalitiesin-
cluding speech,gesture,handwriting,and personidentification.
Recognitionandintegrationof eachof thesemodalitiesis impor-
tant to createan accuraterecordof a meeting. However, eachof
thesemodalitiespresentsrecognitiondifficulties. Speechrecog-
nition mustbe speaker anddomainindependent,have low word
error rates,and be closeto real time to be useful. Gestureand
handwritingrecognitionmustbewriter independentandsupporta
wide varietyof writing styles.Personidentificationhasdifficulty
with segmentationin a crowdedroom. Furthermore,in order to
producetherecordautomatically, wehave to solve theassignment
problem(who is sayingwhat), which involvespeopleidentifica-
tion andspeechrecognition.Thispaperwill examineamultimodal
meetingroomsystemunderdevelopmentatCarnegieMellon Uni-
versitythatenablesusto track,captureandintegratetheimportant
aspectsof a meetingfrom peopleidentificationto meetingtran-
scription. Oncea multimediameetingrecordis created,it canbe
archivedfor laterretrieval.

1. INTR ODUCTION

The meetingroom which we aredevelopingat Carnegie Mellon
University’sInteractiveSystemsLaboratoriesiscomprisedof three
separatecomponents:amultimodalpeopleidentifier, aspeechrec-
ognizer, andameetingbrowser. It requiresonly aminimalamount
of manualinput. Thesystemis ableto automaticallyidentify upto
six distinctspeakersin ameetingandautomaticallycreatesa tran-
script for reador conversationalspeech. Eventually the system
will identify whena meetingbeginsandautomaticallystartcreat-
ingacompletemeetingrecord.Onceameetingrecordis complete,
the meetingbrowser allows us to archive and review previously
recordedmeetings.
In designingthesystem,we arestriving to make:

� Theinterfaceasnaturalaspossible
� Use of multiple modalities(speech,handwriting,and vi-

sion)whenappropriate.
� All tasksautomatedasmuchaspossiblein orderto mini-

mizetheburdenon theuser.

2. SYSTEM OVERVIEW

In the existing systemarchitectureshown in Figure1, audioand
videostreamsarefed into themultimodalpeopleid system.The
identificationis sentto both our Janusspeechrecognizerand to
themeetingbrowser. Hypothesesflow from Janusto themeeting

Figure1: Systemoverview of themultimodalmeetingroom

browserappearingasa transcriptin this window. Transcriptsare
thensummarizedby the summaryserver or archived via the dia-
logueserver.

Thespeechrecognizerusedin themultimodalmeetingroom
is basedon theJanusSwitchboardrecognizertrainedfor the1997
NIST Hub-5Eevaluation. Therecognizeris describedin detail in
[14]. We have extendedthesystemto supportmultiple recogniz-
erssimultaneouslyin orderto improve on thespeedof thespeech
recognition.

Thepeopleidentificationmodulecontinuouslytracksandiden-
tifies meetingparticipants.We currentlycombinethe outputsof
threesubsystems,namelyspeaker identification,soundsourcepo-
sition estimation,andcolor appearanceidentificationin a multi-
modalfusionframework. Using theresultswe areableto answer
the questionof ”Who saidwhat?”duringa meeting.Our experi-
mentsshow thattheperformanceof thecombinedmultimodalsys-
temis superiorto theperformanceof theindividual recognizers.

Themeetingbrowserinterfacerecordsmeetingsanddisplays
meetingtranscriptions,time-alignedto the correspondingaudio
and video files. Includedin the meetingtranscriptionsare dis-
coursefeaturesandemotions.Theusercanselectall or a portion
of thesefilesfor playback;text highlightingoccursin syncwith the
soundandvideoplayback.Thesemeetingsarefully editableand
searchable,allowing humansto annotateandcorrectrecognition
outputaswell asaddingnew informative streamsmanually. Once
a meetingis complete,the meetingroom automaticallyarchives



themeetingfor futureuse.Usersareableto querythis archive to
createaudio,video,andtext dialoguesummariesof themeetings
whichcanthenbemailedto otherindividualsfor playbackandre-
view. The next threesectionsdescribeeachof thesemodulesin
moredetail.

3. MEETING ROOM SPEECH RECOGNITION

Meeting recognitionis a challenginglarge vocabulary conversa-
tional speechrecognitiontaskparallelto Hub5(Switchboard)[2]
andHub4(BroadcastNews)[1]. Thedifficulty mostlycomesfrom
the highly conversationalstyle of meetings,and lack of training
data.Sincewe aredealingwith uninterruptedcontinuousrecord-
ingswith multiplespeakers(possiblyusingmultiplemicrophones),
our taskrequiresthreesteps.First, we carefullypartitionthedata
into homogeneoussegmentsandassigna “speaker” label to each
segment.Second,we performa first passrecognitionwhich gen-
eratesboth a hypothesisanda confidencescore. Finally, we do
someunsupervisedadaptation,andre-decodetheutteranceswith
theadaptedmodel[5, 6].

Unlikemany typicalspeechrecognitiontasks,thereisnotenough
dataavailableto train a domain-specificrecognizerfor the meet-
ing recognitiontask. We experimentedwith several systemsthat
we developedat theInteractive SystemsLaboratoriesfor different
tasks.Theword errorrate(WER) on groupmeetingdata(internal
researchmeetingrecordedwith lapelmicrophones)is in the40%
range.

Each of the systemswas built upon the JanusRecognition
Toolkit (JRTk), which is summarizedin [7]. Incorporatedinto
our continuousHMM (HiddenMarkov Model) systemare tech-
niqueslike linear discriminantanalysis(LDA) for featurespace
dimensionreduction,vocaltractlengthnormalization(VTLN) for
speaker normalization,cepstralmeannormalization(CMN) for
channelnormalization,andwide-context phonemodeling(Poly-
phonemodeling)See[10] for a technicaldescriptionof eachof
these.

Recently, we are leveragingthe large amountof datain the
BroadcastNews (BN) domain to build a robust BN recognizer.
TheBN dataincludesawiderangeof backgroundconditions(clean
/ noise/ music),planned/ spontaneousspeech,field speech/tele-
phoneinterview, etc. We succesfullyusedtheBN systemto rec-
ognizediscussion-styleTV newsshows (NewshourandCrossfire)
which are similar to meetings. The resultson this datacan be
foundin Table1.

Show Type WER(1stpass) WER (afteradaptation)

Newshour 26.9 26.3
Crossfire 36.0 34.6

Table 1: Word error rates(WER) in percenton Newshourand
Crossfireshows

4. MULTIMOD AL PEOPLE IDENTIFICA TION

Thepurposeof thepeopleidentificationmoduleis to continuously
trackandidentify meetingparticipantswithin a room. In orderto
increasetherobustnessandefficiency of theidentificationprocess
we have taken a multimodal approachand integrateda number
of recognizersthat useaudioandvideo information. As shown

in Figure2, the systemis comprisedof five components:people
segmentation,color appearanceID, speaker ID, faceID andmul-
timodal informationfusion. Thefaceidentificationmoduleis not
currently incorporatedin the system. The following paragraphs
describethemodulesin moredetail (see[15] for a moretechnical
description).

Figure2: Overview over themultimodalpeopleidentification

4.1. PeopleSegmentation

The ability to identify an object in a given imageor imagese-
quencerequirestheavailability of aninternalrepresentationof said
object.Assumingthatsuchamodelis given,it couldbeutilizedto
locateandidentify objectsin oneunified step. Unfortunatelythe
searchspacethattherecognizerwouldhaveto tacklein eachrunis
too largeto meetthereal time requirementsof an interactive sys-
tem. We thereforeusea motion-basedpreprocessingstepto seg-
mentpeoplefrom thebackgroundbeforewe try to identify them.
Our approachusesfour differentstages,namelybackgroundsub-
traction,noiseremoval, regiongrowing, andbackgroundupdate.

4.2. Color AppearanceIdentification

Basedon the segmentationderived by the peoplesegmentation
module,we createmodelsfor the different meetingparticipants
usingcolor histograms.As notedby otherresearchersbefore[11]
color histogramsprovide a stableobjectrepresentation,which is
largely unaffectedby occlusionsor changesin view. A majorob-
staclein the useof color for object identificationis the fact that
colorschangewith illumination. In orderto reducethissensitivity
of thecolor modelswe usea perceptuallymotivatedcolor encod-
ing scheme,theso-calledtint-saturationcolor space[12].

4.3. Speaker Identification and SoundSourcePosition

The speaker ID modulehasto solve the problemof finding out
which meetingparticipantis speakingat any given time, inde-
pendentof what they are saying. This can be seenas a text-
independentclose-setspeaker identificationtask.Weconsiderboth
convolutionandadditivenoiseasconsistent,exceptfor occasional
events- phoneringing,doorclappingetc.Thelimited trainingand



testsetsarecollectedin thesamenoiseenvironment[4]. Our ex-
perimentsshow that if training andtestingaredoneon the same
noiseconditions,the performanceis comparablewith the perfor-
manceachievedon cleanspeech.Themajorchallengein this task
is how to achieve high performancein real-timewith a relatively
smallamountof trainingdata.Theresultsof oursystemareshown
in Table2.

Testlength
Recording 3 sec 6 sec

Clear 97.8% 100.0%
Noisy 96.6% 100.0%

Table2: Identificationperformanceon 30speakers

In orderto combineaudioandvisual informationwe needan
estimationof thesoundsourceposition.In our initial systemsetup
this estimationis basedon a modelof thespeechenergy pair ob-
tainedfrom two microphones.As for the speaker identification
modulewe useGaussianMixture Modelsfor this task.

4.4. FaceIdentification

While peopleidentificationbasedon color appearanceworksrea-
sonablywell in mostsituations,it fails whenmeetingparticipants
aredressedsimilarly. To overcomethisproblemwearedeveloping
faceidentificationaspartof thesystem.Amongthenumerousface
recognitionalgorithmsintroducedin recentyears,the eigenface
approachproposedby Turk andPentland[13] is oneof the most
influentialones.It usesPrincipalComponentsAnalysis(PCA) to
linearly project the high dimensionalimagespaceto a lower di-
mensionalfeaturespace.Recognitionis performedby computing
theEuclideandistancesbetweenthe testimageandthe reference
imagesin featurespace.While the eigenfaceapproachperforms
well in mug-shotsettings,it hasdifficulties handlingocclusions.
We developeda new algorithm, calledDynamicSpaceWarping
(DSW), which specificallyaddressestheproblemof occlusionas
it typically occursduringmeetings[8]. Thealgorithmconvertsthe
input imageinto asequenceof subimagesusingamoving window.
Thesubimagesarethenprojectedontoa sequenceof pointsin the
lower dimensionalfeaturespace.During therecognitionprocess,
thetemplatesetof pointsis comparedto theunknown setof points
in a proceduresimilar to dynamictime warping (DTW) usedin
speechrecognition[10].

Testedonmanuallylabeleddatarecordedin themeetingroom,
DSW outperformstheeigenfaceapproachasshown in Table3.

#Train images 3 5 7 10

PCAw/o occl 76.2% 79.9% 80.0% 82.7%
DSWw/o occl 82.0% 86.8% 86.5% 89.4%
PCAw occl 25.3% 31.6% 29.0% 30.8%
DSWw occl 45.5% 49.9% 47.5% 48.6%

Table3: Comparisonof the recognitionratesfor PCA andDSW
ondatabaseswith andwithoutocclusion

4.5. Multimodal Input Fusion

During input fusion we try to find the mostprobableconfigura-
tion of peoplelocations,identitiesin theroomandassignmentof
a speaker. Assumingconditionalindependenceof the input sig-
nals from the color appearanceidentification,speaker identifica-
tion andsoundsourcepositionestimation,we candirectly com-
binetheprobabilitiesestimatedby thesemodules(see[15] for de-
tails). To demonstratethe feasibility of the framework, we setup
a simplemeeting.In ourexperiment,wecollected2990audioand
videoinputs.For bothinputs,we foundtheoptimalconfiguration
with information fusion. We also computedthe optimal config-
urationwithout fusion, i.e. usingthemodelsindividually. In this
experiment,theconfigurationerrorratedropsby 2%absoluteafter
informationfusion(from 12.51%to 10.67%).

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:

� Createmeetingrecordsandtranscriptionsof meetingswith
participantsdisjointly located.

� 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.

Our meetingbrowser, shown in Figure3, is written in Java.
It is a powerful tool that allows us to create,review or summa-
rize a meetingor searcha setof existing meetingsfor a particular
speaker, topic,or idea.

5.1. Meeting Creation

Whena meetingis beingcreated,eachparticipantmayjoin either
remotelyor locally. Participantsjoining locally start the people
id systemdescribedin Section4. Oncethe meetinghasbegun,
speechalongwith thespeaker id derived from peopleid flows to
Janus,ourspeechrecognitionengine.As thespeechis recognized,
thehypothesisis sentto thedialogueserver whereit is assembled
into ameetingformat.Themeetingbrowserdisplaysthetranscript
for thecurrentmeeting.Themeetingtranscriptcanbesentto the
summarizationserver which will createa summaryof thecurrent
dialogue. Finally, a usermay elect to save a meetingincluding
any summariesin the meetingarchive from within the meeting
browser.

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



Figure3: Themeetingbrowsermainwindow consistsof threesec-
tions, an uppergraphicaldisplay which shows the meetingover
time, a lower left window that shows a meetingtranscript,anda
lower right window which displayseithera video of the current
meetingor a dialoguesummary.

thesemay includeannotations,commentsor corrections.Correc-
tionscanbedoneby usinga keyboardor handwritingrecognition
usingahandwritingrecognizerdevelopedin our lab [9]. In thefu-
tureweplanto addspeechrecognitionasanadditionalerrorrepair
modality.

5.2. Summary Server

Themeetingbrowserhasthecapabilityto createaudio,video,and
text summaries.In eachcase,asummaryis createdonthebasisof
the recognizedtext dialogue,thentheappropriateportionsof the
audioor video areclippedin orderto createa summary. A user
specifiesthesummarysizeaswell asthecentraltopic (if any) of
thesummary. This informationalongwith themeetingdialogueis
sentto asummaryserverwhichrunsremotely. Theserveranalyzes
thedialogueandreturnsasummaryto themeetingbrowser. In this
waywecancreatesummariesthatallow theuserto drill down from
a generalsummaryto a very specifictopic or areaof interest.The
algorithmfor thesummarizationtechniquesis basedon theMMR
(Maximal Marginal Relevance)[3]. This is a uniquenessmeasure
thatrankstheturnsin thedialogueby topicandincludesonly turns
for which topicshavenotpreviously beenincluded.Thesummary
server identifiesthesetof topicsandreturnsa markeddialogueto
the meetingbrowser. The summaryserver eliminatesredundant
turns from the dialoguewithout lossof meaning. See[14] for a
technicaldescriptionof thealgorithm.

5.3. Meeting Ar chive

An importantpartof meetingtrackingis thecreationof corporate
knowledgethat is archived andavailablefor later reference.The
meetingarchive presentsmeetingsin a treeformat. It allows indi-
vidualsto searchfor meetingsbasedonany combinationof partic-
ipants,topicsdiscussed,keywords,meetinglength,andmeeting

date. In addition, if thereis a summaryfor a meeting,the user
can review it without loading the entire meetingin the meeting
browser. Thesummarycanbetopicbased,turnbasedor both.

6. FUTURE WORK

We needto continueto improve our meetingrecognitionresults
andto experimentwith a variety of microphonesin multiple set-
tings.Furthermoreweplanto employ morevideocamerasin order
to improve thepersontrackingandidentification.
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