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Abstract

We introducea simple taxonomyof meetingstates
and participantroles. Our goal is to automaticallyde-
tect the stateof a meetingandthe role of eachmeeting
participantandto do so concurrentwith a meeting. We
trainedadecisiontreeclassifierthatlearnsto detectthese
statesandrolesfrom simplespeech–basedfeaturesthat
areeasyto computeautomatically. Thisclassifierdetects
meetingstates18%absolutemoreaccuratelythana ran-
domclassifier, anddetectsparticipantroles10%absolute
moreaccuratelythanamajorityclassifier. Theresultsim-
ply thatsimple,easyto computefeaturescanbeusedfor
this purpose.

1. Intr oduction

We are interestedin creatingconversationalagentsthat
canparticipate,in a naturalfashion,in multi–participant
conversations,suchasmeetingsbetweentwo or morehu-
man beings. Suchagentswould function as assistants
ratherthanasfull-fledgedparticipants,andsowould not
needto function at the level of the humansin the meet-
ing. But to beeffectiveandto beableto take initiative in
mattersthat they arecompetentin, suchagentswill need
to form an“understanding”of thediscussionin progress.
A first steptowardscreatingsuchanunderstandingis to
automaticallydetectthestateof themeetingandtheroles
of thedifferentmeetingparticipantsatvarioustimesdur-
ing the meeting.A coarse(but robust) labellingof state
canthenbeusedasa fremework for moredetailedinter-
pretationof meetingactivity.

Previous work (e.g., [1]) suggeststhat utterance
lengthsand timing informationmay play a crucial role
in detectingmeetingstates,[2] shows the usefulnessof
structuralinformation (e.g. who spoke when) in auto-
maticallysummarizingbroadcastnews. In this paper, we
first introducea simpletaxonomyof meetingstatesand
participantroles,andtheninvestigatetherole thatsimple
speechbasedfeaturescanplay in automaticallydetecting
thesestatesandroles.
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Figure1: Taxonomyof meetingstates.

2. A Taxonomyof Meeting Statesand
Participant Roles

Our goal is to createa taxonomyof meetingstatesand
participantrolesthathashigh coverage(every time slice
of a meetingcanbe classifiedwith at leastonemeeting
statelabel) and low ambiguity (every time slice canbe
classifiedwith at most one label). Basedon a manual
analysisof videorecordingsof severalkindsof meetings,
we introducethetaxonomyshown in figure1.

In this taxonomy, wedefinetwo majortypesof meet-
ing states,discussionand informationflow. Typically a
discussionbetweena group of peopleis characterized
by eachpersonraisingissues,askingquestions,making
comments,etc. On theotherhandwe defineinformation
flowasbeingameetingstatewhereessentiallyoneperson
is giving informationto oneormoremeetingparticipants.
Wefurthersub–dividethisstateinto two states:presenta-
tion andbriefing. A presentationconsistsof information
flow fromonepersonto all theothermeetingparticipants,
andtypically includesa slide or a whiteboardpresenta-
tion. Further, in this state,typically only onepersonhas
theright to speak;whenothermeetingparticipantsdesire
tospeak,they engagein formalmechanismsof requesting
aspeakingturn,for exampleby raisingahand.Wedefine
abriefingasa lessformal informationflow from oneper-
sonto oneor moremeetingparticipants(not necessarily
all theremainingparticipants).Typically a briefingdoes



notincludeany formalslide/whiteboardpresentation,and
otherparticipantshave muchmorefreedomin interrupt-
ing the presenterwhenever they wish. Thus, the basic
differencebetweenpresentationsandbriefingsis in the
degreeof formality, while oneof the major differences
betweeninformationflow anddiscussionis in how much
speechis producedby thedifferentparticipants.

Within eachof thesemeetingstates,we definethe
participantrolesasfollows. In thediscussionstate,those
personstaking part in the discussionarelabeleddiscus-
sionparticipators. Within thepresentationstate,theper-
son presentingis called the presenter, while within the
briefingstate,thepersongiving theinformationis called
theinformationproviderwhile thosemeetingparticipants
he is giving the information to are called information
consumers. Observe that in the briefing state,we draw
a distinction betweeninformation consumersand other
meetingparticipantswhoaremerelypassively observing.
From our experienceit is usuallyeasyto make this dis-
tinction basedon thecontext of themeeting,thecontent
of whatis beingsaid,who thespeaker is looking at,who
is engagingin back–channelling,whois askingfollow up
questions,etc.

3. Data Collection and Annotation

To gathera corpusof meetingdata,we arecreatingrich
multi–modalrecordingsof meetingsbetweenvariousfac-
ulty, staff andstudentsat Carnegie Mellon University, as
describedin [3]. The two principal streamsof informa-
tion recordedduringthemeetingarevideo(recordedus-
ing a single whole–scenecamera)and speechrecorded
from close–talkinghead–mountedmicorphonesworn by
eachmeetingparticipant.

Ouraim is to trainaclassifierthatusessimplespeech
featuresto detectthe stateof a meetingand the roles
of the meetingparticipantsat any given point during a
meeting.We createdtrainingdatafor sucha classifierby
annotatingrecordingsof meetingswith the stateof the
meetingandwith therole of eachparticipantat all times
throughthedurationof themeeting,usingthetaxonomy
describedabove. Theannotatorworksprimarily from the
whole-scenevideoof the meetingsinceit not only con-
tainsthespeechbeingspokenbut alsonon–verbalinfor-
mationsuchasthe directionthe variousparticipantsare
looking at, thegesturesthat theparticipantsaremaking,
the spatialarrangementof the participants,etc. We an-
notatevideousingtheAnvil tool [4]. This tool allowsan
annotatorto createtemporalannotationsby first selecting
startandstoptimesof “events”,andthenassociatingthe
eventwith user–defined(setsof) labels. In our case,the
annotatormanuallymarked off the boundariesat which
themeetingstatechanged,andthenlabeledeachinterval
betweenthoseboundarieswith oneof the threemeeting
states:discussion,presentation,briefing. If theannotator
couldnot classifyan interval asbeingany of thesethree

states,hewasallowedto label it as“undefined”. Within
eachsuchmeetingstate,theannotatorwasalsorequired
to specify the role of eachmeetingparticipantfrom the
list of rolesspecifiedabove.

4. DetectingMeeting States

We usemachinelearningtechniquesto train a classifier
on theannotateddatacreatedaboveto learnto detectthe
stateof ameeting.Specificallywedesignaclassifierthat
takesasinput a featurerepresentationof a shortwindow
of time during the meeting,anddetectsthe stateof the
meetingat theendof thatwindow. Thustheoutputof the
classiferis oneof the four labels: discussion,presenta-
tion, briefing,andundefined.Thefeaturerepresentation
of thewindow is describedbelow.

4.1. Features

We usedthe following four features,all of which are
definedfor the window of meetingtime underconsid-
eration. The first featureis the numberof times there
wasa changein speaker within the window of meeting
time. Note that this is differentfrom countingthe num-
ber of timesthereis a changein turn; for example,this
count includesback–channelswhich areusuallynot re-
gardedascausinga changeof turn. The secondfeature
is the numberof meetingparticipantswho have spoken
at somepoint or the otherwithin the window. This fea-
ture can help differentiatebetweenthe situationwhere
therearemany peoplewho arecontributing to the con-
versation(for example,duringa discussionsession)ver-
sus a questionanswersessionbetweenan information
providerandaninformationconsumer. Thethird feature
is thenumberof overlapsin speechin thewindow. This
featureservesto capturehow oftena new speaker starts
speakingbeforethecurrentspeaker hasstopped.We ex-
pectthis featureto helpcapturethedifferencebetweena
question/answersessionon the onehand(sinceusually
thepersonansweringa questionwaitsfor thequestionto
end)andadiscussionsessionwhereparticipantsaremore
likely to interrupteachother. The last featureis the av-
eragelengthof the overlapsin seconds.This featureis
expectedto help us distinguishbetweenoverlapsdueto
back–channels(which areusuallyvery short)andother
overlaps. Sucha distinctionshouldin turn help to dis-
tinguishbetweenbriefings(which includea lot of back–
channeling)andadiscussionwhereoverlapstendto con-
sistof contentwords(andnot justback–channels).

4.2. Data Preparation

As trainingdatawe annotateda little over 30 minutesof
datafrom onemeeting,while for testingweannotated15
minutesof datafrom a differentmeeting.Next, we cre-
atedadatapoint for eachsecondof themeetings,leading
to a total of 1,805training and902 testdatapoints. We



labeledeachsuchdatapointwith thestateof themeeting
at the endof that secondaccordingto the humananno-
tator. Further, for eachsuchdatapoint we computedthe
above four featuresfor a given window of secondsim-
mediatelypreceedingthesecondto which thedatapoint
belonged. When the window was longer than the data
available(in thebeginningof themeetingsfor example),
we usedasmuchdataaswe could. To keepthefeatures
asfreeof noiseaspossible,wecomputedthemmanually
by carefully marking the startandstop timesof speech
from eachspeaker.

Of the1805trainingdatapoints,845werelabeledas
beingin thepresentationstate,455in thediscussionstate,
467in thebriefingstateand38weremarkedasbeingun-
defined. Of the 902 testingdatapoints, therewere670
labeledasdiscussion,232aspresentation,andnonewere
labeledasbeingeitherin thebriefingstateor in anunde-
finedstate.Oneof thereasonsfor this vastdifferencein
labeldistributionbetweenthetrainingandthetestdatais
thatboth themeetingswere“natural” with no prior con-
strainton the structure.As a result the training andthe
test meetingswere of very different structure. For ex-
amplethemeetingstatechanged17 timesin thetraining
dataandonly 5 timesin the testdata.As we gatherand
annotatelargernumbersof meetings,weexpecttheskew
in thetrainingsetto godown, sincewedonotexpectany
onekind of meetingstateto occursignificantlymoreof-
tenthantheothersin a largecorpusof meetings.For the
experimentsin this paper, we smoothout thedistribution
of labelsin thetrainingdataby keepingonly 455random
datapoints from eachof the threemajor meetingstates
(presentation,discussion,andbriefing),aswell asthe38
undefineddatapoints,leadingto a total of 1,403training
datapoints.Sincethestructureof themeetingis notfixed
aheadof time,arandomclassifierwill predicteachof the
threemeetingstateswith equalprobabilityandgetaclas-
sificationaccuracy of 33%.Notethatfor ourexperiments
herewe leave the testdatasetuntouchedsincewe have
no controlon labelskew in unseendata.

4.3. Evaluation and Results

We usedtheC4.5decisiontreelearningalgorithm[5] to
inducea classiferfrom thetrainingdatapreparedabove.
Table 1 and figure 2 show the classificationaccuracies
obtainedwhen testingthe learnedclassifieron the test
data. Theclassifierbeatsthe randomclassifierwith just
2 secondsof history. A perusalof the tree inducedin
the two–second–historysituationrevealedthat this tree
labeleda datapoint as“presentation”if andonly if the
numberof speaker changesin the pastonesecondwas
0. If this numberwasgreaterthanzero,but therewere
no overlapsin speech,it labeledthedatapointasbeinga
discussion.

Theaccuracy of theclassifierimproveswith increas-
ing window sizes,reaching51% aroundthe 20 second

Table1: Accuracyof detectingmeetingstatesandpartic-
ipant roles.

Window Meetingstate Participantrole
size(in detection detection

seconds) accuracy (in %) accuracy (in %)

1 32.9 46.1
2 39.9 47.1
3 42.7 47.8
4 48.2 49.0
5 46.3 49.3
10 39.9 51.3
15 38.7 53.1
20 51.1 52.8
25 50.3 52.6
30 38.6 53.4
45 37.6 52.5
60 32.8 48.3

window mark. This representsa 18%absolute(54%rel-
ative) improvementover the randomclassifier. The tree
learntat the20 secondmarkalsorevealedthenumberof
speaker changesto be the top–mostnode,implying that
that is oneof the most importantfeaturesfor detecting
thestateof themeeting.

5. DetectingParticipant Roles

Oursecondgoalis to automaticallydetecttheroleof each
participant.Specificallywewishto createaclassifierthat
takesasinput the samekindsof featuresasthe meeting
stateclassifier, andoutputsoneof theparticipantrole la-
bels,namelydiscussionparticipator, presenter, informa-
tion provider, informationconsumer, andundefined.

5.1. Features

For the participantrole classifierwe useall the features
describedin section4.1. In additionweusethefollowing
threefeatures,eachof whichis definedfor theparticipant
in questionduring the given window of time. The first
featureis the total amountof speechspokenby this par-
ticipantin seconds.Weexpectthis featureto beveryuse-
ful for beingableto tell apartthepresenterfrom theoth-
ersin thepresentationstate,andtheinformationprovider
from theinformationconsumersin thebriefingstate.Be-
sidesthis featurewe also include the total amountof
speechof this participantin secondsthat is overlapped
with speechfrom other participants. We split this in-
formationinto two features:countingin onefeatureall
thoseoverlapsthatwereinitiatedby this participant(for
example,throughback–channelsandinterruptionsdone
by this participant),andcountingin anotherfeatureall
the overlapsinitiated by someotherparticipant(for ex-
amplewherethisparticipantwasinterrupted).Thesetwo
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Figure2: Meetingstateandparticipantroledetectionac-
curacy.

featuresareaimedat capturingsuchpiecesof informa-
tion astheamountof back–channellingthisparticipantis
engagingin, etc.

5.2. Data Preparation

Datawaspreparedfor this taskin thesamewayasit was
for the meetingstatedetectiontask. Eachsecondof the
meetingsled to asmany datapointsasthereweremeet-
ing participants.Our training datahada total of 12,635
datapoints. Of these,9,561wereundefined(which in-
cluded data from personswho were temporarily away
from themeeting,aswell asthosewho wereat themeet-
ing but are not participatingin the conversations,etc.),
1,252werelabeledasdiscussionparticipator, 845aspre-
senter, 507 as information consumerand 470 as infor-
mation provider. The test dataconsistedof 6,314data
points,of which 3,311wereof typediscussionparticipa-
tor, 232presenterand2,771wereundefined.Unlike the
meetingstatetask,we do not expectparticipantrolesto
beuniformin distribution. For example,althoughpresen-
tationsareaslikely to takeplaceasdiscussions,far fewer
people–secondsare spentpresentingthandiscussingor
remainingsilent at a meeting. Thus,we leave the train-
ing dataunbalanced,anduse“undefined”asthemajority
classifier’s label, which leadsto an accuracy of 43% on
thetestdata.

5.3. Evaluation and Results

We againusedtheC4.5decisiontreelearningtechnique
to inducea classifierfrom the training data,which was
thentestedonthetestdata.Table1 andfigure2 show the
accuraciesobtained. The classifiergetsa classification
accuracy of morethan46%with only onesecondof data,

whichbeatsthemajorityclassifier. Thetop–mostnodein
thetreewasthe total lengthof speechof theparticipant,
implying thattheamountof speechaparticipantproduces
is themostimportantindicatorof his role in themeeting.
Similar to themeetingstatedetector, theaccuracy of the
participantrole detectorincreaseswith increasingwin-
dow size,reachingabout53%,which is a 10% absolute
(23%relative) improvementover themajority classifier.

6. Conclusion

In this paperwe have presenteda new taxonomyof the
statesin a meeting,andtherolesof the variousmeeting
participants. We have traineda decisiontree classifier
that performs18% (absolute)betterthanrandomat de-
tectingthestateof themeeting,and10%(absolute)better
thanthemajority classifierat detectingparticipantroles,
using about20 secondsof meetinghistory. We expect
theseresultsto improve with modelstrainedon larger
corporaof meetingdata. In the future we also plan to
investigatehow resultsareaffectedwhenusingautomat-
ically generatedfeatures.
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