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ABSTRACT

In this paperwe report on new developmentsin the automatic
meetingtranscriptiontask.Unlike othertypesof speech(suchas
thosefound in BroadcastNews andSwitchboard),meetingsare
uniquein their richer dynamicsof human-to-humaninteraction.
An intuitive “fingernail” plot is proposedto visualizesuchturn-
takingbehavior. Wewill alsoshow how recognitionof shortturns
canbe improved by building a languagemodel tailoredspecifi-
cally for short turns. Out-Of-Vocabulary (OOV) wordsbecome
a moresalientproblemin themeetingtranscriptiontask,asthey
aremostlytopicwordsandpropernames,lack of whichnotonly
causesWord Error Rate(WER) increase,but also limits further
useof recognitionhypotheses.We describea prototypesystem
which usesthe Web asa sourcefor vocabulary expansion,and
presentpreliminaryOOV retrieval results.

1. INTRODUCTION

As speechrecognitionresearchprogressesfromreadspeech(Wall
StreetJournal),to preparedspeech(a major part of Broadcast
News), to morenaturalformsof humaninteraction(Switchboard
andmeetings),every time we seeexciting new problemsarising,
aswell asre-surfacingof old problems.The challengeof meet-
ing recognitionis multi-fold. In previousworks[11, 12], wehave
identifiedmajorissuessuchas:� degradedrecordingconditions: the possibility of usinga

singleomni-directionaltablemicrophoneis left to future
exploration.Wechoseclip-onlapelmicrophonesoverclose-
talkingheadsetsto minimizeinterferencewith normalstyles
of speech.However, thiscomeswith thecostof significant
channelmixing.� spontaneousspeechstyle: citedthenumberonechallenge
in theSwitchboardtask,thisimposesthesame,if notgreater,
amountof difficulty in meetings.� lack of trainingdata:asmeetingdatacollectionis gaining
steamin a numberof locations,the situationis improv-
ing rapidly. However, we would like to argue that there
will neverbeenoughtrainingdatain anopendomainsce-
nario. Restrictingmeetingsto, say, businessmeetingsin
thetobaccoindustry, will only leadto yetanotherdomain-
specificsystem.

In this paper, we focuson one of the new aspectsin the meet-
ing task— turn-takingbehavior, andoneof theold problems—
dealingwith OOV words.

The mostdistinguishableaspectof meetingsis probablythe
dynamicsof humaninteraction.In particular, turn-takingbehav-
ior canreveala lot aboutameeting.In Section3wegiveaprelim-
inary studyof this subject,andshow how recognitioncanbenefit
from knowing thedurationof turns.

OOV is a long existing problemcoming from the fact that
recognizerscanrecognizeonly a fixed vocabulary. In the past,
wecangetawayby fixing thetaskdomainandmatchingtraining
andtestingmaterial. While underthe opendomainassumption,
this issuepersistsregardlessof how muchthevocabularysizein-
creases.It only becomesmorepressingin meetingsbecausemost
of the OOV wordsareeither importanttopic specificwords,or
importantpropernames.Without themlittle sensecanbe made
of recognitionhypotheses.In Section4 we presenta methodof
dynamicvocabulary adaptationusingtheWeb andexperimental
results.

The restof the paperis organizedasfollows: Section2 de-
scribesmeetingdatausedfor theexperimentsandits collection.
Recognitionsystemsetupandresultsarepresentedin Section5.

2. MEETING DATA

We recordeda numberof internalgroupmeetings(about1 hour
long each),of which 6 are usedfor experimentsin this paper.
Clip-on lapelmicrophonesratherthanheadsetareusedto avoid
beingobtrusive. Different from earlier recordings,we are now
using a multi-channelsoundcard which supportssimultaneous
recordingof 8 speakers.This simplifiesthe recordingsetup. It
alsoeliminatestheneedof synchronizingmultiplechannels.How-
ever, themicrophonemixup problemstill existsasbefore.Quite
oftenonecanhearmultiplevoicesin asinglechannel.

The testsetconsistsof two meetingsin their entireties,and
a randomlychosen10%portioneachfor therestof themeetings
(roughly30,000wordtokens).

3. SHORT-TURN LANGUAGE MODELING

3.1. Turn-Taking Behavior

Interestingly, evenwithoutknowingthewordsspoken,onecanal-
readytell a lot aboutthedynamicsof ameetingby just lookingat
the“who speakswhen”results.For example,onecanidentify the
dominantspeaker(s),aswell asthetypeof themeeting(whether
it is adiscussionor presentation).

In Figure1(a),we canseethat out of four participants,two
areactively involvedduringthetimeperiodshown. While oneis
doingmostof thetalking, anotheris payingcloseattention,giv-
ing brief feedbackalongtheway; thenwithoutmuchoverlapping
with speaker1, takesa turn for about10seconds.Wecanassume
it’s morelikely ananswerto aquestion,ratherthanjumpingin to
air his/herown opinion,dueto thelackof crosstalk.

Figure1(b) looks more “random”: many short turns, quite
someoverlapping,but not so heavily. It’s a group discussion.
We contrastit with the the third, whereone can observe more
“randomness”: two or morepeopletalking simultaneouslyfor as
longas20 seconds.This is indeedpurechattingat thebeginning
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(d) “fingernail” plot of long termspeakeractivities

Figure1: Turn TakingPlots
(Timemarksat thetopof eachplot arein seconds.
Speakernamesareshown to theleft of eachplot.)

of a meeting,with two independentthreadsgoing on the same
timearoundthetable.

Thelastplot is on amuchlargertimescale,showing speaker
activitiesover800seconds(13minutes).As expected,little over-
lapping is observed at this scale. It’s easyto identify both the
major speakersand the “minor” speakers.Questionsregarding
people’s different interestsat a meetingcan also be answered.
Differentphasesof a meetingarealsoclearly identifiable,such
aswheretransitiontakeplaceandwhendiscussionshappen.

The “fingernail” turn-takingplot is very usefulin providing
an intuitive overview of a meeting. The dynamicsof a meeting
alongthe time line is immediatelyavailable,which canbe very
hardto obtainfrom readingtranscripts.1 Thesimpleplot shown
herecanbefurtherenhancedwith richerannotations,suchasdi-
alogueactandemotion[2].

3.2. Short-Turn Language Modeling

Shortturnsmakeup a significantportion in themeetings.In our
casea little morethan30%of all turnshave a durationlessthan
0.7 seconds.They provide furthercuesfor understandingmeet-
ingdynamics.They areusuallybrief feedbackthata listenergives
to a speaker, suchas“right,” “yes,” “mhm,” “no,” “I don’t think
so.” Short turns carry the importantinformationof whetheror
not thelisteneragreeswith thespeaker. Dueto theshortandiso-
latednatureof suchevents,recognitionaccuracy is worsethan
average.However, analysisrevealsshort turnshave a very con-
strainedgrammar.

1Readinga meetingtranscript is found to be very hard and time-
consuming,giving all the crosstalkanddisfluencies.How to producea
meaningfultranscriptis definitelyanothermajor challengefor the meet-
ing task.

In our experiments,shortturnsaredefinedasthosewith du-
rationlessthan0.7seconds.Table1 liststhemostfrequentlyseen
turnssortedby frequency.

Frequency Frequency

yeah 0.304 cool 0.004
mhm 0.239 ah 0.004
okay 0.066 what 0.004
right 0.053 so 0.004
yes 0.026 good 0.004
oh 0.021 but 0.004
no 0.019 yep 0.003
hm 0.008 sorry 0.003
huh 0.006 i don’t know 0.003

yeah+noise+ 0.006 +noise+okay 0.003
+noise+yeah 0.006 youknow 0.002

well 0.005 who 0.002
really 0.005 the 0.002

ohyeah 0.005 that’s right 0.002
exactly 0.005 no no 0.002

+noise++noise+ 0.005 i know 0.002
ohokay 0.004 i 0.002

Table1: MostFrequentShortTurns

By building a languagemodel tailoredspecificallyfor short
turns,we expectto seea dropin word error rate. Table2 shows
recognitionresultsonshort-turndatawith differentlanguagemod-
els Threedifferent languagemodelsaretried: a regular trigram
modeltrainedontheBroadcastNewscorpus(BN), asmallermodel
trainedonshortturnsextractedfromSwitchboard+Callhome+Meeting
data(SCM-S),anda very small languagemodeltrainedon short
turnsin the meetingdataonly (M-S). Detailsof the recognition
systemcanbefoundin Section5.

Condition LM Training Perplexity WER(%)

Firstpass BN 35.1 51.1
Firstpass SCM-S 8.7 43.3
Firstpass M-S 8.2 40.8
MLLR Adapted M-S 8.2 38.9

Table2: WER(%)on ShortTurns(Lexicon: 20k,OOV=1.04%)

Of coursefor realrecognition,oneneedto identify shortturns
beforehand.With thesetupwhereeachspeakerwearsa separate
microphone,thismaynotbedifficult aswecansegmenttheaudio
into turnsby simplycomparingloudnessacrosschannels.

4. DYNAMIC VOCABULARY ADAPTATION

Statisticsfrom the meetingcorpusreveals that althoughOOV
token rate is in a reasonablerangeof 1.1%–2.0%,OOV type
rate is as high as 4.2%–8.0%. As most function wordsareal-
readypresentin thevocabulary, it’s not difficult to imaginethat
most2 OOV wordsareeithernovel keywords,suchastechnical
termsandjargons,or propernames,suchasnamesof participants.
Thesearethelastwordsonewould like to bemissing.It notonly
causesasignificantWERincrease,but alsolimits thepotentialof
any post-processingof recognitionhypotheses(suchaskeyword

2Our informalestimationis above90%



searchor summarization).To amelioratethisproblem,weusethe
Web asa backendknowledgesourcefor dynamicallyexpanding
therecognitionvocabulary.

Thearchitectureof theprototypesystemis shownin Figure2.
Thefirst passhypothesisfrom a speechrecognizeris filteredand
topicwordsareextracted.Theextractedwordsarethenpassedas
aquerytoaWebsearchengine.Fromtheretrieveddocuments,we
extractalist of wordsthatarenotpreviouslyin thevocabularyand
generatepronunciationsfor them. CurrentlytheFestival speech
synthesissystemis usedto give thepronunciation[3]. Theentire
processis configuredto runautomatically.

The ideaof usingthe Internetasa potentialsourcefor lan-
guagemodelingis not new. Berger et al. hasexploredthe pos-
sibility of usingtheWebfor dynamiclanguagemodeladaptation
[1]. Herewe perceive the OOV problemasa major barrier, for
thesimplereasonthatlittle canbedoneif awordis notknown to
therecognizer.

Ourapproachdiffersfromthatin [7], wherealargeamountof
text is pre-collected,storedin site,andretrievedusingalgorithms
of one’s choice. Herewe have to rely on the Web andexisting
searchengines.This is againpartof theopen-domainchallenge:
onecouldn’t afford to storea corpushaving the samecoverage
astheWebitself, especiallysincetheWebis beingupdatedcon-
stantly.

4.1. Search Strategy

As statedbefore,OOV wordsin themeetingdatafall undertwo
categories:topicalwordsof themeeting,andpropernouns/ jar-
gonsthatarespecificto theattendees.Our searchstrategy, there-
fore,hastwocomponents:genericWebsearchingandsite-specific
Webcrawling. Thefirst is expectedto retrieve topicwords,while
thesecondwill recoverperson/place/projectnames,aswell aslo-
cal jargons.

4.1.1. GenericWebSearching

Our taskis quitedifferentfrom whatmostsearchenginesarede-
signedfor. First, we arenot interestedin pinpointinga specific
Web page,but rathera numberof pagespertainingto a certain
topic. Second,queriesmustbe generatedautomatically, which
usuallymeansthequerywill be long. However, it shouldnot be
too long to beacceptedby searchengines.

WecompareddifferentsearchenginesandchoseInfoseek[6]
for thefollowing reasons:� Acceptslongqueries;� Doesn’t requireexactmatch,i.e. theenginealwaysreturns

somedocumentsevenif noexactmatchis found;� Sortsresultby reasonablerelevancescore.

To extract words relevant to the meetingtopic, we usethe
mutualinformationstatistic:
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Thismutual-information-basedmetriciswidelyusedin topicclas-
sification[10]. It is alsocalledinformationgain to distinguishit
frompointwisemutualinformation[9, 4,10], whichisnotnormal-
izedby
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Themutualinformationcriterionis very successfulin select-
ing keywords.Examplesof thetop 20wordsextractedfor two of
themeetings(m010,m013)are:

units mobility map show coa multi-modal
visualization queries talking point
scenario blob screen display table unit
chart attributes visualizations morale

data scenario cpof maya demos greybeards
exercise palmpilot visualization recognizer
demo grammar handwriting show probably
conops ward map problem dat-recorders

respectively, whereboldfaceindicatesthatword, or oneof its in-
flections,is out of vocabulary. Thesetof selectedwordsusually
givesagoodclueaboutthemeetingtopic: onecanquickly guess
that m010 is a projectmeetingaboutmutli-modalvisualization
for somemilitary situation.

To train topic-independentworddistributions,an80MB cor-
pusfrom theTopicDetectionandTracking(TDT) projectis also
used,wheremany documentsareannotatedwith topic labels.

Duringtesting,everymeetingis assumedto haveatopicof its
own. We extract the top N wordsaccordingto themutualinfor-
mationcriterion(N=20in ourcases),andusethemasthequery.

4.1.2. Site-SpecificWebCrawling

A Web-crawler is implementedto collectWebpagesin a certain
domain.Forourexperiment,westartedfromourgrouphomepage
(http://www.is.cs.cmu.edu)andcollectedall pagesundera depth
of 8. Links thatleadto apagein otherdomainsarenot followed.
Wordsoccuringmorethan3 timesarecollected.

Thecrawler hasthefollowing addedfeatures:� Extractingtext from PostscriptandPDFfiles. Thuspapers
andtechnicalreportscanbeeffectively used;� Languageclassification:everywordin aforeignpageis an
OOV word to anEnglishdictionary, andwedid encounter
a lot of foreign pages,unfortunately. A naive Bayeslan-
guageclassifieriscreatedfor thispurpose,whichusescharacter-
based4-grammodelwith Kneser-Ney smoothing[8]. The
classifierworksfairly well in excludingforeignpages.

4.2. Evaluation on OOV Retrieval

Preliminaryexperimentsarepromising.Retrieval resultsfor meet-
ingm010aresummarizedin Table3. Thefirst tworowsarecheat-
ing experiments.First, we tried to usethe transcriptasinput for
topic wordsextraction(thereforethe querymight actually con-
tain someof theOOV words.) The retrieved documents(top 20
pages)contains13% of the OOV types,about26% of all OOV
tokens. But whenexcluding OOV wordsfrom the transcriptin
thebeginning,thegainvirtually vanishes.Amazingly, hypothesis
did extremelywell: evenwith a WER above 40%,theOOV rate
reductionis asgoodasthatusingthetranscript.Site-specificWeb
crawling providesanothermajor gain on top of Web searching.
Combiningthetwo, wehave recovered60%of theOOV words.



hypothesis<8= Extract
Topic
Words

query<>= Search
on

WWW

retrieved
docments<>= Extract

OOV

word
list<8= Add

Pronunciation

new
dictionary<>=

Figure2: A PrototypeSystemfor DynamicDictionaryAdaptation

Input OOV recall(%) new OOV rate(%)
types tokens (startat 1.06)

transcript
(with OOV) 13.16 26.14 0.78
transcript

(excludingOOV) 2.63 1.14 1.04

hypothesis 15.79 25.57 0.79
sitecrawling 44.74 42.61 0.61

hypo+site 52.63 61.93 0.40

Table3: OOV Retrieval Resultson m010(176 OOV words,38
unique)

However, theWebretrieval performanceis not alwayssofa-
vorable,thesameasourdaily experiencewith searchengines.On
theotherhand,site-specificretrieval performanceis quitestable.

5. RECOGNITION EXPERIMENTS

Ourrecognizeris trainedonBroadcastNewsusingJRTk [5]. The
baselinesystemdeploysa quinphonemodelwith 6000distribu-
tionssharing2000codebooks.Thereareabout105kGaussiansin
the system. Vocal Tract LengthNormalization(VTLN),cluster-
basedCepstralMeanNormalization(CMN),anda 7-framecon-
text window are used. LDA (Linear DiscriminantAnalysis) is
appliedto reducefeaturedimensionalityto 42, followed by an
optionaldiagonalizationtransform(alsocalledMLLT, Maximum
LikelihoodLinearTransform).A 40kvocabularyandtrigramlan-
guagemodelareused.Thebaselinelanguagemodelis trainedon
theBroadcastNewscorpus.

While the recognitionsystemachievesa first passWER of
19.0%on all F-conditionsof BroadcastNews task,theWER on
meetingdatastill remainsquitehigh. We tried varioustraining/
adaptation/ system-voting techniques,aswell aslanguagemodel
interpolationwith Switchboard/CallHomeanda limited amount
of meetingdata.ThebestWER is sofar 40.4%.

Stage WER(%)

Firstpass(best) 43.1
MLLR Adapted 41.8
Roverof 5 hypotheses 40.4

Table4: MeetingRecognitionResults

6. CONCLUSION

We have presentedour new developmentsin automaticmeeting
transcription.Obviouslytherearemoreto bedeserved:automatic
segmentationof meetingsinto turns, improving OOV retrieval
performance,aswell asaddingJust-In-Time languagemodeling

and ultimately conductingrecognitionexperimentswith all the
addedfeatures.
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