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ABSTRACT

In this paperwe reporton new developmentsn the automatic
meetingtranscriptiontask. Unlike othertypesof speech(suchas
thosefound in BroadcastNews and Switchboard) meetingsare
uniquein their richer dynamicsof human-to-humaimteraction.
An intuitive “fingernail” plot is proposedo visualizesuchturn-

takingbehavior. We will alsoshow how recognitionof shortturns
canbe improved by building a languagemodeltailored specifi-
cally for shortturns. Out-Of-\bcahulary (OOV) wordsbecome
a moresalientproblemin the meetingtranscriptiontask,asthey

aremostlytopic wordsandpropernamesjack of which notonly

causesNord Error Rate(WER) increasebut alsolimits further
useof recognitionhypothesesWe describea prototypesystem
which usesthe Web asa sourcefor vocahulary expansion,and
presenpreliminaryOOV retrieval results.

1. INTRODUCTION

As speechrecognitiorresearclprogresseom readspeect{Wall
StreetJournal),to preparedspeech(a major part of Broadcast
News), to morenaturalformsof humaninteraction(Switchboard
andmeetings) gvery time we seeexciting new problemsarising,
aswell asre-surfacingof old problems. The challengeof meet-
ing recognitionis multi-fold. In previousworks[11, 12], we have
identifiedmajorissuessuchas:

¢ degradedrecordingconditions: the possibility of usinga
single omni-directionaltable microphoneis left to future
exploration.We choseclip-onlapelmicrophonesver close-
talkingheadsetto minimizeinterferenceavith normalstyles
of speechHowever, this comeswith the costof significant
channemixing.

e spontaneouspeectstyle: citedthe numberonechallenge
in theSwitchboardask thisimposeghesamejf notgreater
amountof difficulty in meetings.

¢ lack of trainingdata:asmeetingdatacollectionis gaining
steamin a numberof locations,the situationis improv-
ing rapidly. However, we would like to amgue that there
will neverbe enoughtrainingdatain anopendomainsce-
nario. Restrictingmeetingsto, say, businessmeetingsin
thetobaccandustry will only leadto yetanothedomain-
specificsystem.

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

The mostdistinguishableaspectof meetingds probablythe
dynamicsof humaninteraction.In particular turn-takingbehar-
ior canrevealalot aboutameeting.In Section3 we give aprelim-
inary studyof this subjectandshav how recognitioncanbenefit
from knowing the durationof turns.
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OOV is a long existing problemcoming from the fact that
recognizerscanrecognizeonly a fixed vocahulary. In the past,
we cangetaway by fixing thetaskdomainandmatchingtraining
andtestingmaterial. While underthe opendomainassumption,
thisissuepersistgegardlesof how muchthevocatulary sizein-
creaseslt only becomesnorepressingn meetingdbecausenost
of the OOV words are eitherimportanttopic specificwords, or
importantpropernames.Without themlittle sensecanbe made
of recognitionhypothesesin Section4 we presenta methodof
dynamicvocahulary adaptatiorusing the Web and experimental
results.

Therestof the paperis organizedas follows: Section2 de-
scribesmeetingdatausedfor the experimentsandits collection.
Recognitiorsystemsetupandresultsarepresented Section5.

2. MEETING DATA

We recordeda numberof internalgroupmeetinggaboutl hour
long each),of which 6 are usedfor experimentsin this paper
Clip-on lapel microphonesatherthanheadsetire usedto avoid
beingobtrusve. Differentfrom earlierrecordings,we are now
using a multi-channelsoundcard which supportssimultaneous
recordingof 8 speakers.This simplifiesthe recordingsetup. It
alsoeliminategheneedof synchronizingnultiple channelsHow-
ever, the microphonemixup problemstill existsasbefore.Quite
oftenonecanhearmultiple voicesin asinglechannel.

Thetestsetconsistsof two meetingsn their entireties,and
arandomlychosernl0% portioneachfor therestof the meetings
(roughly30,000wordtokens).

3. SHORT-TURN LANGUAGE MODELING

3.1. Turn-Taking Behavior

Interestinglyevenwithoutknowing thewordsspokenpnecanal-
readytell alot aboutthedynamicsof a meetingby justlooking at
the“who speaksvhen”results.For example,onecanidentify the
dominantspeaker(s)aswell asthetype of the meeting(whether
it is adiscussioror presentation).

In Figure 1(a), we canseethat out of four participantsiwo
areactively involved duringthe time periodshowvn. While oneis
doing mostof thetalking, anotheris payingcloseattention,giv-
ing brief feedbaclkalongthe way; thenwithout muchoverlapping
with speaked, takesa turnfor aboutl0 secondsWe canassume
it's morelikely ananswerto a questionratherthanjumpingin to
air his/herown opinion,dueto thelack of crosstalk.

Figure 1(b) looks more “random”: mary shortturns, quite
someoverlapping,but not so heavily. It's a group discussion.
We contrastit with the the third, where one can obsere more
“randomness’two or morepeopletalking simultaneouslyor as
long as20 secondsThis is indeedpurechattingatthe beginning
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In our experimentsshortturnsaredefinedasthosewith du-
rationlessthan0.7 secondsTablel liststhemostfrequentlyseen
turnssortedby frequeng.
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(d) “fingernail” plot of long termspeakerctvities

Figurel: Turn TakingPlots
(Time marksatthetop of eachplot arein seconds.
Speakenamesareshown to theleft of eachplot.)

of a meeting,with two independenthreadsgoing on the same
time aroundthetable.

Thelastplotis onamuchlargertime scale shaving speaker
actiities over 800secondg13 minutes).As expected|ittle over
lapping is obsenred at this scale. It's easyto identify both the
major speakersind the “minor” speakers.Questionsegarding
peoples differentinterestsat a meetingcan also be answered.
Differentphasef a meetingare also clearly identifiable,such
aswheretransitiontakeplaceandwhendiscussionfiappen.

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. The simpleplot shovn
herecanbe furtherenhanceavith richerannotationssuchasdi-
alogueactandemotion[2].

3.2. Short-Turn Language M odeling

Shortturnsmakeup a significantportionin the meetings.In our
casea little morethan30% of all turnshave a durationlessthan
0.7 seconds.They provide further cuesfor understandingneet-
ing dynamics.They areusuallybrief feedbackhatalistenergives
to a speakersuchas“right,” “yes; “mhm,” “no,” “I don't think
so’ Shortturns carry the importantinformation of whetheror
not thelisteneragreewith the speakerDueto theshortandiso-
lated natureof suchevents,recognitionaccurag is worsethan
average. However, analysisrevealsshortturnshave a very con-
strainedgrammar

1Readinga meetingtranscriptis found to be very hard and time-
consuminggiving all the crosstalkand disfluencies.How to producea
meaningfultranscriptis definitely anothemmayjor challengefor the meet-
ing task.

l | Frequeng | | Frequeng ||
yeah 0.304 cool 0.004
mhm 0.239 ah 0.004
okay 0.066 what 0.004
right 0.053 o) 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 | idont 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'sright 0.002
exactly 0.005 nono 0.002
+noise++noise+ 0.005 i know 0.002
ohokay 0.004 i 0.002

Tablel: MostFrequentShortTurns

By building a languagemodeltailoredspecificallyfor short
turns,we expectto seea dropin word errorrate. Table 2 shavs
recognitiorresultson short-turrdatawith differentlanguagenod-
els Threedifferent languagemodelsaretried: a regular trigram
modeltrainedontheBroadcasNewscorpugBN), asmallermodel

trainedon shortturnsextractedfrom Switchboard+Callhome+Meeting

data(SCM-S),anda very smalllanguagenodeltrainedon short
turnsin the meetingdataonly (M-S). Details of the recognition
systemcanbefoundin Section5.

[ Condition | LM Training | Perpleity | 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 coursdor realrecognitionpneneedo identify shortturns
beforehandWith the setupwhereeachspeakemwearsa separate
microphonethis maynotbedifficult aswe cansegmenttheaudio
into turnsby simply comparingoudnessacrosshannels.

4. DYNAMIC VOCABULARY ADAPTATION

Statisticsfrom the meeting corpusrevealsthat although OOV
tokenrate is in a reasonableangeof 1.1%-2.0%,00V type
rateis as high as 4.2%-8.0%. As most function words are al-
readypresenin the vocahulary, it's not difficult to imaginethat
most OOV wordsare either novel keywords, suchastechnical
termsandjargons,or propemamessuchasnameof participants.
Thesearethelastwordsonewouldlike to bemissing.It notonly
causes significantWER increasebut alsolimits the potentialof
ary post-processingf recognitionhypothese¢suchaskeyword

20urinformal estimationis above90%



searchor summarization)To amelioratethis problem we usethe
Web asa backendknowledgesourcefor dynamicallyexpanding
therecognitionvocahulary.

Thearchitecturef the prototypesystemis shavnin Figure2.
Thefirst passhypothesidrom a speeclrecognizeis filteredand
topic wordsareextracted.The extractedwordsarethenpasseds
aqueryto aWebsearctengine.Fromtheretriereddocumentsye
extractalist of wordsthatarenot previouslyin thevocalularyand
generatepronunciationdor them. Currentlythe Festival speech
synthesisystemis usedto give thepronunciatiori3]. Theentire
processs configuredo run automatically

The ideaof usingthe Internetas a potentialsourcefor lan-
guagemodelingis not new. Bemgeret al. hasexploredthe pos-
sibility of usingthe Web for dynamiclanguagemodeladaptation
[1]. Herewe perceve the OOV problemasa major barrier for
thesimplereasorthatlittle canbedoneif awordis notknown to
therecognizer

Ourapproachdiffersfromthatin [7], wherealargeamounbf
text is pre-collectedstoredin site,andretrieved usingalgorithms
of one’s choice. Here we have to rely on the Web and existing
searchengines.This is againpart of the open-domairchallenge:
one couldnt afford to storea corpushaving the samecoverage
asthe Webitself, especiallysincethe Webis beingupdatedcon-
stantly

4.1. Search Strategy

As statedbefore, OOV wordsin the meetingdatafall undertwo
categories: topicalwordsof the meeting,andpropernouns/ jar-
gonsthatarespecificto the attendeesOur searctstratey, there-
fore, hastwo componentsgeneridebsearchin@ndsite-specific
Webcrawling. Thefirstis expectedo retrieve topic words,while
thesecondvill recover person/place/projectamesaswell aslo-
caljargons.

4.1.1. GenericWeb Searhing

Ourtaskis quitedifferentfrom whatmostsearchenginesarede-
signedfor. First, we arenot interestedn pinpointinga specific
Web page,but rathera numberof pagespertainingto a certain
topic. Second,gueriesmustbe generatecautomatically which
usuallymeanghe querywill belong. However, it shouldnot be
toolongto beacceptedy searctengines.
We comparedlifferentsearchenginesandchoselnfoseel{6]

for thefollowing reasons:

e Acceptdongqueries;

e Doesntrequireexactmatch,i.e. theenginealwaysreturns
somedocument®venif noexactmatchis found;

e Sortsresultby reasonableelevancescore.

To extract wordsrelevant to the meetingtopic, we usethe
mutualinformationstatistic:

p(wi, t;)
MI(w;, t;) = p(w;, t;)log —————~
(o) = P 108 L
wherew; is acertainwordandt; is oneof thetopics.p(w;, t;) is
thejoint probability, p(w;) andp(¢;) aretherespectremaginals.
This statisticis the elementof the mutual information between
randomvariablesiV and7"

W, T) = Z Z [p(wi, t;)log IM]

e et (wi)p(t;)

Thismutual-information-basemetricis widely usedn topicclas-
sification[10]. It is alsocalledinformationgain to distinguishit
from pointwisemutualinformatiori9, 4, 10}, whichis notnormal-
izedby p(ws, t;).

Themutualinformationcriterionis very successfuin select-
ing keywords.Examplef thetop 20 wordsextractedfor two of
themeetinggm010,m013)are:

units mobility map show coa multi-nodal
vi sual i zati on queries tal ki ng point

scenari o bl ob screen display table unit
chart attributes visualizations norale

data scenari o cpof nmaya denps greybeards
exerci se pal npilot visualization recognizer
deno grammar handwiting show probably
conops ward nmap probl emdat-recorders

respectiely, whereboldfaceindicateshatword, or oneof its in-
flections,is out of vocahulary. The setof selectedvordsusually
givesa goodclue aboutthe meetingtopic: onecanquickly guess
thatm010is a project meetingaboutmutli-modal visualization
for somemiilitary situation.

To train topic-independentord distributions,an80 MB cor-
pusfrom the Topic Detectionand Tracking(TDT) projectis also
used wheremary documentg&reannotatedvith topiclabels.

Duringtestingevery meetings assumedbo have atopicof its
own. We extractthe top N wordsaccordingto the mutualinfor-
mationcriterion(N=20in our cases)andusethemasthequery

4.1.2. Site-Specifit\eb Crawling

A Web-cravler is implementedo collectWeb pagesn acertain
domain.For ourexperimentwestartedrom ourgrouphomepage
(http://wwwis.cs.cmu.edudndcollectedall pagesundera depth
of 8. Links thatleadto a pagein otherdomainsarenot followed.
Wordsoccuringmorethan3 timesarecollected.

Thecrawler hasthefollowing addedeatures:

e Extractingtext from PostscrippndPDFfiles. Thuspapers
andtechnicalreportscanbe effectively used,;

¢ Languagelassificationeverywordin aforeignpageis an
OOV wordto anEnglishdictionary andwe did encounter
a lot of foreign pagesunfortunately A naive Bayeslan-

guageclassifielis createdor this purposewhichusesharacter

based4-grammodelwith KneserNey smoothing[8. The
classifieworksfairly well in excludingforeignpages.

4.2. Evaluation on OOV Retrieval

Preliminaryexperimentarepromising.Retriezal resultfor meet-
ingm0l10aresummarizedh Table3. Thefirsttwo rows arecheat-
ing experiments.First, we tried to usethe transcriptasinput for
topic words extraction (thereforethe query might actually con-
tain someof the OOV words.) The retrieved documentgtop 20
pages)contains13% of the OOV types,about26% of all OOV
tokens. But whenexcluding OOV wordsfrom the transcriptin
thebeginning,the gainvirtually vanishesAmazingly, hypothesis
did extremelywell: evenwith a WER above 40%,the OOV rate
reductionis asgoodasthatusingthetranscript.Site-specificVeb
crawling provides anothermajor gain on top of Web searching.
Combiningthetwo, we have recorered60% of the OOV words.
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Figure2: A PrototypeSystemfor DynamicDictionary Adaptation

Table 3: OOV Retrieval Resultson m010(176 OOV words, 38
unique)

However, the Web retrieval performances not alwayssofa-
vorable thesameasourdaily experiencewith searctenginesOn
theotherhand,site-specificetrieval performancés quite stable.

5. RECOGNITION EXPERIMENTS

Ourrecognizeis trainedon BroadcasNews usingJRTk [5]. The
baselinesystemdeploysa quinphonemodelwith 6000 distribu-
tionssharing2000codebooksThereareaboutl 05k Gaussiani
the system. Vocal Tract Length Normalization(VTLN),cluster
basedCepstralMean Normalization(CMN),and a 7-framecon-
text window areused. LDA (Linear Discriminant Analysis) is
appliedto reducefeaturedimensionalityto 42, followed by an
optionaldiagonalizatiortransform(alsocalledMLL T, Maximum
LikelihoodLinearTransform).A 40kvocahularyandtrigramlan-
guagemodelareused.Thebaselindanguagamodelis trainedon
theBroadcasiNews corpus.

While the recognitionsystemachieves a first passWER of
19.0%on all F-conditionsof BroadcastNews task,the WER on
meetingdatastill remainsquite high. We tried varioustraining/
adaptatiori system-wting techniquesaswell aslanguagemodel
interpolationwith Switchboard/CallHomend a limited amount
of meetingdata. The bestWER is sofar 40.4%.

| Stage | WER(%) |
Firstpasgqbest) 43.1
MLLR Adapted 41.8
Rover of 5 hypotheseg 40.4

Table4: MeetingRecognitionResults

6. CONCLUSION

We have presentedur new developmentdn automaticmeeting
transcription Obviously therearemoreto bedesered: automatic
segmentationof meetingsinto turns, improving OOV retrieval
performanceaswell asaddingJust-In-Tme languagemodeling

Input OOV recall(%) | new OOV rate(%) and ultimately conductingrecognitionexperimentswith all the
types | tokens (startat 1.06) addedeatures.
transcript
transcript
(excludingOQv) | 2.63| 1.14 1.04 We would like to thankKlaus Riesandothermembersf the In-
hypothesis 15.79| 25.57 0.79 teractive Systemd absfor helpful discussionsindactive support.
sitecravling 4474 | 42.61 0.61
hypo+site 52.63| 61.93 0.40 8. REFERENCES
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