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ABSTRACT

Face-to-fice meetingsusually encompasseveral modalitiesin-
cluding speech,gesture,handwriting, and personidentification.
Recognitionandintegrationof eachof thesemodalitiesis impor-
tantto createan accuraterecordof a meeting. However, eachof
thesemodalitiespresentsecognitiondifficulties. Speechrecog-
nition mustbe speakr and domainindependenthave low word
error rates,and be closeto real time to be useful. Gestureand
handwritingrecognitionmustbewriter independenandsupporta
wide variety of writing styles. Persornidentificationhasdifficulty
with sggmentationin a crovdedroom. Furthermorejn orderto
producetherecordautomaticallywe have to solve theassignment
problem(who is sayingwhat), which involves peopleidentifica-
tion andspeechiecognition.Thispapemwill examineamultimodal
meetingroomsystemunderdevelopmeniat Carngjie Mellon Uni-
versitythatenablesusto track,captureandintegratetheimportant
aspectof a meetingfrom peopleidentificationto meetingtran-
scription. Oncea multimediameetingrecordis createdjt canbe
archivedfor laterretrieval.

1. INTRODUCTION

The meetingroom which we are developing at Carngie Mellon

University’s Interactve Systemd_aboratoriess comprisedf three
separateomponentsamultimodalpeopleidentifier, aspeechec-
ognizer andameetingbrowser It requiresonly aminimalamount
of manualinput. Thesystemis ableto automaticallyidentify upto

six distinctspealkrsin a meetingandautomaticallycreatestran-
script for read or corversationalspeech. Eventually the system
will identify whena meetingbegins andautomaticallystartcreat-
ing acompletemeetingrecord.Onceameetingrecordis complete,
the meetingbrowser allows us to archive and review previously

recordedmeetings.

In designingthe systemwe arestriving to male:

e Theinterfaceasnaturalaspossible

e Use of multiple modalities(speechhandwriting, and vi-
sion)whenappropriate.

e All tasksautomatecas muchaspossiblein orderto mini-
mizetheburdenontheuser

2. SYSTEM OVERVIEW

In the existing systemarchitectureshawvn in Figure 1, audioand
video streamsarefed into the multimodalpeopleid system.The
identificationis sentto both our Janusspeechrecognizerandto
the meetingbrowser Hypothesedlow from Januso the meeting

Figurel: Systemoverview of the multimodalmeetingroom

browserappearingasa transcriptin this window. Transcriptsare
thensummarizedby the summarysener or archived via the dia-
loguesener.

The speechrecognizerusedin the multimodalmeetingroom
is basedon the JanusSwitchboardecognizetrainedfor the 1997
NIST Hub-5Eevaluation. Therecognizeiis describedn detailin
[14]. We have extendedthe systemto supportmultiple recogniz-
erssimultaneouslyn orderto improve on the speedf the speech
recognition.

Thepeopledentificationmodulecontinuoushytracksandiden-
tifies meetingparticipants. We currently combinethe outputsof
threesubsystemsamelyspealkr identification,soundsourcepo-
sition estimation,and color appearancéentificationin a multi-
modalfusionframevork. Usingthe resultswe areableto answer
the questionof "Who saidwhat?” during a meeting. Our experi-
mentsshaw thatthe performancef thecombinedmultimodalsys-
temis superiorto the performancef theindividual recognizers.

The meetingbrowserinterfacerecordsmeetingsanddisplays
meetingtranscriptions time-alignedto the correspondingaudio
andvideo files. Includedin the meetingtranscriptionsare dis-
coursefeaturesandemotions.The usercanselectall or a portion
of thesdfilesfor playback text highlightingoccursin syncwith the
soundandvideo playback. Thesemeetingsarefully editableand
searchableallowing humansto annotateand correctrecognition
outputaswell asaddingnew informative streamsnanually Once
a meetingis complete,the meetingroom automaticallyarchives



the meetingfor future use. Usersareableto querythis archive to
createaudio,video, andtext dialoguesummarief the meetings
which canthenbe mailedto otherindividualsfor playbackandre-
view. The next threesectionsdescribeeachof thesemodulesin
moredetail.

3. MEETING ROOM SPEECHRECOGNITION

Meeting recognitionis a challenginglarge vocalulary corversa-
tional speeclrecognitiontaskparallelto Hub5 (Switchboard) 2]
andHub4(BroadcasiNews)[1]. Thedifficulty mostlycomesrom
the highly corversationalstyle of meetings,andlack of training
data. Sincewe aredealingwith uninterruptectontinuousrecord-
ingswith multiple speakrs(possiblyusingmultiple microphones),
our taskrequiresthreesteps.First, we carefully partitionthe data
into homogeneousegmentsandassigna “spealer” labelto each
segment. Secondwe performa first passrecognitionwhich gen-
eratesboth a hypothesisand a confidencescore. Finally, we do
someunsupervise@daptationandre-decodehe utterancesvith
theadaptednodel[5, 6].

Unlikemary typicalspeechiecognitiortasksthereis notenough

dataavailableto train a domain-specifigecognizerfor the meet-
ing recognitiontask. We experimentedwith several systemghat
we developedat the Interactive Systemd aboratoriedor different
tasks.Theword errorrate(WER) on groupmeetingdata(internal
researchmeetingrecordedwith lapelmicrophones)s in the 40%
range.

Eachof the systemswas built upon the JanusRecognition
Toolkit (JRTK), which is summarizedn [7]. Incorporatedinto
our continuousHMM (Hidden Markov Model) systemaretech-
niqueslike linear discriminantanalysis(LDA) for featurespace
dimensionreduction vocaltractlengthnormalization(VTLN) for
speakr normalization,cepstralmeannormalization(CMN) for
channelnormalization,and wide-contat phonemodeling(Poly-
phonemodeling) See[10] for a technicaldescriptionof eachof
these.

Recently we are leveragingthe large amountof datain the
BroadcastNews (BN) domainto build a robust BN recognizer
TheBN dataincludesawiderangeof backgrounaonditiongclean
/ noise/ music),planned spontaneouspeechfield speechtele-
phoneinterview, etc. We succesfullyusedthe BN systemto rec-
ognizediscussion-styl@V news shavs (NewshourandCrossfire)
which are similar to meetings. The resultson this datacan be
foundin Tablel.

[ Shav Type || WER (1stpass)| WER (afteradaptation))

Newshour 26.9 26.3
Crossfire 36.0 34.6

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

4. MULTIMOD AL PEOPLE IDENTIFICA TION

Thepurposeof the peopleidentificationmoduleis to continuously
track andidentify meetingparticipantswithin aroom. In orderto
increaseherobustnesandefficieng of theidentificationprocess
we have taken a multimodal approachand integrateda number
of recognizerghat useaudio and video information. As shavn

in Figure 2, the systemis comprisedof five componentspeople
segmentationcolor appearancéD, speakr ID, facelD andmul-
timodalinformationfusion. The faceidentificationmoduleis not
currently incorporatedn the system. The following paragraphs
describeéhemodulesin moredetail (see[15] for amoretechnical
description).

Figure2: Overviewn overthe multimodalpeopleidentification

4.1. PeopleSegmentation

The ability to identify an objectin a given imageor image se-
guenceequiregheavailability of aninternalrepresentationf said
object. Assumingthatsuchamodelis given,it couldbeutilized to
locateandidentify objectsin one unified step. Unfortunatelythe
searchspacehattherecognizewould have to tacklein eachrunis
too large to meettherealtime requirement®f aninteractve sys-
tem. We thereforeusea motion-basereprocessingtepto seg-
mentpeoplefrom the backgroundeforewe try to identify them.
Our approactusesfour differentstagesnamelybackgroundsub-
traction,noiseremoval, region growing, andbackgroundupdate.

4.2. Color Appearanceldentification

Basedon the sggmentationderived by the people segmentation
module,we createmodelsfor the different meetingparticipants
usingcolor histograms As notedby otherresearcherbefore[11]
color histogramsprovide a stableobjectrepresentationwhich is
largely unafectedby occlusionsor changesn view. A major ob-
staclein the useof color for objectidentificationis the fact that
colorschangewith illumination. In orderto reducethis sensitvity
of the color modelswe usea perceptuallymotivatedcolor encod-
ing schemethe so-calledint-saturatiorcolor spacg12].

4.3. Spealer Identification and Sound Source Position

The speakr ID modulehasto solve the problemof finding out
which meetingparticipantis speakingat ary given time, inde-
pendentof what they are saying. This can be seenas a text-

independentlose-sespeakridentificationtask.Weconsidetboth
convolution andadditive noiseasconsistentexceptfor occasional
events- phoneringing, doorclappingetc. Thelimited trainingand



testsetsarecollectedin the samenoiseernvironment[4]. Our ex-

perimentsshav thatif training andtestingaredoneon the same
noiseconditions,the performancds comparablewith the perfor

manceachiezed on cleanspeechThe majorchallengean this task
is how to achieve high performancen real-timewith a relatively

smallamountof trainingdata. Theresultsof our systemareshavn

in Table2.

Testlength
Recording|| 3sec | 6sec
Clear 97.8% | 100.0%
Noisy 96.6% | 100.0%

Table2: Identificationperformancen 30 speakrs

In orderto combineaudioandvisualinformationwe needan
estimatiorof thesoundsourceposition.In ourinitial systemsetup
this estimationis basedon a modelof the speechenepy pair ob-
tainedfrom two microphones.As for the spealer identification
modulewe useGaussiarMixture Modelsfor this task.

4.4. Faceldentification

While peopleidentificationbasedon color appearance/orksrea-
sonablywell in mostsituationsit fails whenmeetingparticipants
aredressedimilarly. To overcomethis problemwe aredeveloping
faceidentificationaspartof thesystem Amongthenumerougace
recognitionalgorithmsintroducedin recentyears,the eigenfice
approachproposedy Turk and Pentland13] is one of the most
influential ones.It usesPrincipal Component#nalysis(PCA) to
linearly projectthe high dimensionalimagespaceto a lower di-
mensionafeaturespace.Recognitionis performedoby computing
the Euclideandistancesetweerthe testimageandthe reference
imagesin featurespace.While the eigenficeapproactperforms
well in mug-shotsettings,it hasdifficulties handlingocclusions.
We developeda new algorithm, called Dynamic SpaceWarping
(DSW), which specificallyaddressethe problemof occlusionas
it typically occursduringmeetingq8]. Thealgorithmconvertsthe
inputimageinto asequencef subimagesisingamoving window.
Thesubimagesirethenprojectedontoa sequencef pointsin the
lower dimensionafeaturespace.During the recognitionprocess,
thetemplatesetof pointsis comparedo theunknavn setof points
in a proceduresimilar to dynamictime warping (DTW) usedin
speectrecognition[10].

Testedon manuallylabeleddatarecordedn themeetingroom,
DSW outperformghe eigenfceapproactasshovn in Table3.

[ #Trainimages][ 3 | 5 [ 7 [ 10 |
PCAw/ooccl || 76.2% | 79.9% | 80.0% | 82.7%
DSWw/ooccl || 82.0% | 86.8% | 86.5% | 89.4%
PCAw occl 25.3% | 31.6% | 29.0% | 30.8%
DSWw occl 455% | 49.9% | 47.5% | 48.6%

Table 3: Comparisorof the recognitionratesfor PCA andDSW
on databasewith andwithout occlusion

4.5. Multimodal Input Fusion

During input fusion we try to find the most probableconfigura-
tion of peoplelocations,identitiesin the room andassignmenof

a speakr. Assumingconditionalindependencef the input sig-

nals from the color appearancéentification, spealer identifica-
tion and soundsourceposition estimation,we candirectly com-
binethe probabilitiesestimatedy thesemodulegsee[15] for de-
tails). To demonstrat¢he feasibility of the framework, we setup
asimplemeeting.In our experimentwe collected2990audioand
videoinputs. For bothinputs,we found the optimal configuration
with information fusion. We also computedthe optimal config-
urationwithout fusion, i.e. usingthe modelsindividually. In this
experimenttheconfiguratiorerrorratedropsby 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:

e Createmeetingrecordsandtranscriptionof meetingswith
participantglisjointly located.

e Createandcustomizealialogue audio,andvideosummaries
to theusers particularneeds.

e Createadatabasef corporateknowledge.

e Quickly andaccuratelycreateanddisseminatelist of con-
clusionsandactionitems

e Provide rapid accesdo meetingrecordsto allow browsing
andreviewing existing meetings.

o |dentify for eachutterancehe speakr propertiegtype, so-
cial relationships,and emotion) as well asthe discourse
structureandtype.

Our meetingbrowser shavn in Figure 3, is written in Java.
It is a powerful tool that allows us to create,review or summa-
rize ameetingor searcha setof existing meetingsor a particular
spealker, topic, or idea.

5.1. Meeting Creation

Whena meetingis beingcreatedeachparticipantmayjoin either
remotelyor locally. Participantsjoining locally startthe people
id systemdescribedn Section4. Oncethe meetinghasbegun,
speechalongwith the spealer id derived from peopleid flows to
Januspur speechrecognitionengine.As thespeechs recognized,
the hypothesiss sentto thedialoguesener whereit is assembled
into ameetingformat. The meetingorowserdisplaysthetranscript
for the currentmeeting. The meetingtranscriptcanbe sentto the
summarizatiorsener which will createa summaryof the current
dialogue. Finally, a usermay electto saze a meetingincluding
ary summariesn the meetingarchive from within the meeting
browser

At theendof meetingsit is customanyto reiteratea setof ac-
tion items. Using speechrecognition,we recognizetheitemsand
mail themout to eachof the meetingparticipants. Lik ewise, we
canmail completemeetingsmeetingsegments,or summariesn-
cludingtheaudioportiondirectly from within themeetingorowser
to meetingparticipantsor ary otherinterestedparties. Each of



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

thesemay includeannotationscommentsor corrections.Correc-
tions canbe doneby usinga keyboardor handwritingrecognition
usinga handwritingrecognizedevelopedin ourlab[9]. In thefu-
turewe planto addspeechecognitionasanadditionalerrorrepair
modality

5.2. Summary Sewver

Themeetingbrowserhasthe capabilityto createaudio,video,and
text summariesin eachcase asummarnyis createcon the basisof
therecognizedext dialogue,thenthe appropriateportionsof the
audioor video areclippedin orderto createa summary A user
specifieshe summarysizeaswell asthe centraltopic (if ary) of
thesummary Thisinformationalongwith the meetingdialogueis
sentto asummarysenerwhichrunsremotely Theseneranalyzes
thedialogueandreturnsa summaryto themeetingbrowser In this
waywe cancreatesummarieshatallow theuserto drill dowvn from
ageneralummarnyto a very specifictopic or areaof interest.The
algorithmfor the summarizatiortechniquess basedonthe MMR
(Maximal Marginal Relevance)[3]. Thisis auniquenessneasure
thatrankstheturnsin thedialogueby topicandincludesonly turns
for which topicshave not previously beenincluded.Thesummary
sener identifiesthe setof topicsandreturnsa marked dialogueto
the meetingbrowser The summarysener eliminatesredundant
turns from the dialoguewithout loss of meaning. See[14] for a
technicaldescriptionof thealgorithm.

5.3. Meeting Ar chive

An importantpartof meetingtrackingis the creationof corporate
knowledgethatis archived and availablefor later reference.The
meetingarchive presentsneetingsn atreeformat. It allows indi-

vidualsto searctfor meetingshasednary combinatiorof partic-
ipants, topics discussedkeywords, meetinglength, and meeting

date. In addition, if thereis a summaryfor a meeting,the user
canreview it without loading the entire meetingin the meeting
browser The summarycanbetopic basedfurn basecbr both.

6. FUTURE WORK

We needto continueto improve our meetingrecognitionresults
andto experimentwith a variety of microphonesn multiple set-
tings. Furthermorave planto employ morevideocamerasn order
to improve the persontrackingandidentification.
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