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Abstract

We introducea simple taxonomyof meetingstates
and participantroles. Our goal is to automaticallyde-
tectthe stateof a meetingandthe role of eachmeeting
participantandto do so concurrentwith a meeting. We
traineda decisiontreeclassifierthatlearnsto detecthese
statesandrolesfrom simple speech—basef@aturesthat
areeasyto computeautomatically This classifierdetects
meetingstatesl8% absolutemoreaccurateljthana ran-
domclassifieranddetectgarticipantroles10%absolute
moreaccuratelfthanamajority classifier Theresultam-
ply thatsimple,easyto computefeaturescanbe usedfor
this purpose.

1. Intr oduction

We are interestedn creatingcorversationalagentsthat
canparticipaten a naturalfashion,in multi—participant
conversationssuchasmeetingsetweernwo or morehu-
man beings. Suchagentswould function as assistants
ratherthanasfull-fledgedparticipantsandsowould not
needto function at the level of the humansin the meet-
ing. But to beeffective andto be ableto take initiative in
mattersthatthey arecompetentn, suchagentswill need
to form an“understanding’df the discussiorin progress.
A first steptowardscreatingsuchan understandings to
automaticallydetectthe stateof themeetingandtheroles
of thedifferentmeetingparticipantsat varioustimesdur-
ing the meeting. A coarse(but robust) labelling of state
canthenbe usedasa fremeavork for moredetailedinter-
pretationof meetingactivity.

Previous work (e.g., [1]) suggeststhat utterance
lengthsand timing information may play a crucial role
in detectingmeetingstates[2] shaws the usefulnessf
structuralinformation (e.g. who spolke when)in auto-
matically summarizingoroadcashews. In this paperwe
first introducea simple taxonomyof meetingstatesand
participantroles,andtheninvestigateherole thatsimple
speectbasedeaturescanplayin automaticallydetecting
thesestatesandroles.
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Figurel: 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 leastone meeting
statelabel) andlow ambiguity (every time slice canbe
classifiedwith at mostone label). Basedon a manual
analysisof videorecordingsof severalkinds of meetings,
we introducethetaxonomyshawn in figure 1.

In this taxonomy we definetwo majortypesof meet-
ing statesdiscussiorandinformationflow. Typically a
discussionbetweena group of peopleis characterized
by eachpersonraisingissuesaskingquestionsmaking
commentsetc. On the otherhandwe defineinformation
flowasbeingameetingstatewhereessentiallyoneperson
is giving informationto oneor moremeetingparticipants.
We furthersub—dvide this stateinto two statespresenta-
tion andbriefing. A presentatiortonsistsof information
flow from onepersorto all theothermeetingparticipants,
andtypically includesa slide or a whiteboardpresenta-
tion. Further in this state,typically only one personhas
theright to speakwhenothermeetingparticipantslesire
to speakthey engagén formal mechanismsef requesting
aspeakingurn,for exampleby raisingahand.We define
abriefingasalessformalinformationflow from oneper
sonto oneor more meetingparticipantgnot necessarily
all theremainingparticipants).Typically a briefing does



notincludeary formalslide/whiteboargresentationand

otherparticipantshave muchmorefreedomin interrupt-

ing the presentewhenever they wish. Thus, the basic
differencebetweenpresentationsnd briefingsis in the

degreeof formality, while one of the major differences
betweerinformationflow anddiscussioris in how much

speechs produceddy thedifferentparticipants.

Within eachof thesemeetingstates,we definethe
participantrolesasfollows. In thediscussiorstate those
persongaking partin the discussiorarelabeleddiscus-
sionparticipators. Within the presentatiorstate the per
son presentings called the presentey while within the
briefing state the persongiving the informationis called
theinformationproviderwhile thosemeetingparticipants
he is giving the information to are called information
consumes. Obserne thatin the briefing state,we draw
a distinction betweeninformation consumersand other
meetingparticipantsvhoaremerelypassvely observing.
From our experienceit is usually easyto make this dis-
tinction basedon the context of the meeting,the content
of whatis beingsaid,whothe spealeris looking at, who
is engagingn back—channellingyhois askingfollow up
guestionsetc.

3. Data Collection and Annotation

To gathera corpusof meetingdata,we arecreatingrich

multi-modalrecordingsf meetingsetweernvariousfac-

ulty, staf andstudentsat Carngyie Mellon University, as
describedn [3]. The two principal streamsof informa-

tion recordedduring the meetingarevideo (recordedus-

ing a single whole—scene&amera)and speechrecorded
from close—talkinghead—mountechicorphonesvorn by

eachmeetingparticipant.

Ouraimisto trainaclassifierthatusessimplespeech
featuresto detectthe stateof a meetingand the roles
of the meetingparticipantsat ary given point during a
meeting.We createdrainingdatafor sucha classifierby
annotatingrecordingsof meetingswith the stateof the
meetingandwith therole of eachparticipantatall times
throughthe durationof the meeting,usingthe taxonomy
describedabove. Theannotatomworksprimarily from the
whole-scenersideo of the meetingsinceit not only con-
tainsthe speectbeingspolenbut alsonon—\erbalinfor-
mation suchasthe directionthe variousparticipantsare
looking at, the gestureghatthe participantsare making,
the spatialarrangemenbf the participants,etc. We an-
notatevideousingthe Anvil tool [4]. Thistool allows an
annotatoto createtlemporalannotationdy first selecting
startandstoptimesof “events”,andthenassociatinghe
eventwith userdefined(setsof) labels. In our case the
annotatomanuallymarked off the boundariesat which
themeetingstatechangedandthenlabeledeachinterval
betweernthoseboundariesvith one of the threemeeting
statesdiscussionpresentationbriefing. If the annotator
could not classifyaninterval asbeingary of thesethree

stateshewasallowedto labelit as“undefined”. Within

eachsuchmeetingstate the annotatowasalsorequired
to specifythe role of eachmeetingparticipantfrom the
list of rolesspecifiedabove.

4. DetectingMeeting States

We usemachinelearningtechniquedo train a classifier
ontheannotatedlatacreatedabove to learnto detectthe
stateof ameeting.Specificallywe designa classifierthat
takesasinput a featurerepresentationf a shortwindow
of time during the meeting,and detectsthe stateof the
meetingat the endof thatwindow Thustheoutputof the
classiferis one of the four labels: discussionpresenta-
tion, briefing, andundefined.The featurerepresentation
of thewindow is describedelow.

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 spealer within the window of meeting
time. Note thatthis is differentfrom countingthe num-
ber of timesthereis a changein turn; for example,this
countincludesback—channelsvhich are usually not re-
gardedas causinga changeof turn. The secondfeature
is the numberof meetingparticipantswho have spolen
at somepoint or the otherwithin thewindow. This fea-
ture can help differentiatebetweenthe situation where
thereare mary peoplewho are contrituting to the con-
versation(for example,during a discussiorsessionyer-

sus a questionanswersessionbetweenan information
provider andaninformationconsumer Thethird feature
is the numberof overlapsin speechin thewindow. This
featuresenesto capturehow oftena new spealer starts
speakingoeforethe currentspealer hasstopped.We ex-

pectthis featureto help capturethe differencebetweera
guestion/answesessionon the one hand(since usually
the personmansweringa questionwaitsfor the questionto

end)andadiscussiorsessiowhereparticipantsaaremore
likely to interrupteachother The lastfeatureis the av-

eragelength of the overlapsin seconds.This featureis

expectedto help us distinguishbetweenoverlapsdueto

back—channelgéwhich are usually very short) and other
overlaps. Sucha distinction shouldin turn help to dis-
tinguishbetweerbriefings(which includea lot of back—
channelingandadiscussiorwhereoverlapstendto con-
sistof contentwords(andnotjustback—channels).

4.2. Data Preparation

As training datawe annotated little over 30 minutesof
datafrom onemeeting while for testingwe annotated.5
minutesof datafrom a differentmeeting. Next, we cre-
atedadatapointfor eachsecondf the meetings|eading
to a total of 1,805training and 902 testdatapoints. We



labeledeachsuchdatapointwith the stateof themeeting
at the end of that secondaccordingto the humananno-
tator Further for eachsuchdatapoint we computedhe
above four featuresfor a given window of secondsm-
mediatelypreceedinghe secondo which the datapoint
belonged. When the window was longer than the data
available(in the beginningof the meetingsfor example),
we usedasmuchdataaswe could. To keepthefeatures
asfreeof noiseaspossible we computedhemmanually
by carefully marking the startand stop times of speech
from eachspealer.

Of the 1805training datapoints,845werelabeledas
beingin thepresentatiostate 455in thediscussiorstate,
467in thebriefingstateand38 weremarkedasbeingun-
defined. Of the 902 testingdatapoints, therewere 670
labeledasdiscussion232aspresentationandnonewere
labeledasbeingeitherin the briefing stateor in anunde-
fined state.Oneof thereasondor this vastdifferencein
labeldistribution betweerthetrainingandthetestdatais
thatboth the meetingswere“natural” with no prior con-
strainton the structure. As a resultthe training andthe
test meetingswere of very different structure. For ex-
amplethe meetingstatechangedL7 timesin thetraining
dataandonly 5 timesin the testdata. As we gatherand
annotatdargernumbersof meetingsye expectthe skew
in thetrainingsetto go down, sincewe do notexpectary
onekind of meetingstateto occursignificantlymore of-
tenthanthe othersin alarge corpusof meetings.For the
experimentsn this paper we smoothout the distribution
of labelsin thetrainingdataby keepingonly 455random
datapointsfrom eachof the threemajor meetingstates
(presentationdiscussionandbriefing),aswell asthe 38
undefineddatapoints,leadingto atotal of 1,403training
datapoints. Sincethe structureof themeetings notfixed
aheadf time,arandomclassifiewill predicteachof the
threemeetingstateswith equalprobabilityandgetaclas-
sificationaccuray of 33%. Notethatfor our experiments
herewe leave the testdatasetuntouchedsincewe have
no controlon labelskew in unseerdata.

4.3. Evaluation and Results

We usedthe C4.5decisiontreelearningalgorithm[5] to
inducea classiferfrom the training datapreparedabove.
Table 1 and figure 2 shaw the classificationaccuracies
obtainedwhen testingthe learnedclassifieron the test
data. The classifierbeatsthe randomclassifierwith just
2 secondf history. A perusalof the treeinducedin
the two—second-historgituationrevealedthat this tree
labeleda datapoint as“presentation”if andonly if the
numberof spealer changesn the pastone secondwas
0. If this numberwasgreaterthan zero, but therewere
no overlapsin speechit labeledthe datapointasbeinga
discussion.

Theaccuray of the classifierimproveswith increas-
ing window sizes,reaching51% aroundthe 20 second

Tablel: Accumacyof detectingmeetingstatesandpartic-
ipantroles.

Window Meetingstate | Participantrole
size(in detection detection
seconds)| accurag (in %) | accurag (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 37.6 525

60 32.8 48.3

window mark. This represents 18% absoluteg(54%rel-
ative) improvementover the randomclassifier Thetree
learntat the 20 secondmarkalsorevealedthe numberof
spealer changego be the top—mostnode,implying that
that is one of the mostimportantfeaturesfor detecting
the stateof the meeting.

5. DetectingParticipant Roles

Oursecondyoalis to automaticallydetectherole of each
participant.Specificallywe wishto createa classifierthat
takesasinput the samekinds of featuresasthe meeting
stateclassifier andoutputsoneof the participantrole la-
bels,namelydiscussiorparticipator presenterinforma-
tion provider, informationconsumerandundefined.

5.1. Features

For the participantrole classifierwe useall the features
describedn sectiond.1. In additionwe usethefollowing
threefeatureseachof whichis definedfor the participant
in questionduring the given window of time. The first
featureis the total amountof speechspolenby this par
ticipantin secondsWe expectthisfeatureto beveryuse-
ful for beingableto tell apartthe presentefrom the oth-
ersin the presentatiorstate andtheinformationprovider
from theinformationconsumer#n the briefing state.Be-
sidesthis featurewe also include the total amountof
speechof this participantin secondghat is overlapped
with speechfrom other participants. We split this in-
formationinto two features:countingin onefeatureall
thoseoverlapsthatwereinitiated by this participant(for
example,throughback—channelandinterruptionsdone
by this participant),and countingin anotherfeatureall
the overlapsinitiated by someother participant(for ex-
amplewherethis participantwasinterrupted).Thesetwo
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Figure2: Meetingstateandparticipantrole detectiorac-
curacy.

featuresare aimedat capturingsuchpiecesof informa-
tion astheamountof back—channellinghis participantis
engagingn, etc.

5.2. Data Preparation

Datawaspreparedor this taskin the sameway asit was
for the meetingstatedetectiontask. Eachsecondof the
meetingded to asmary datapointsasthereweremeet-
ing participants.Our training datahada total of 12,635
datapoints. Of these,9,561were undefined(which in-

cluded datafrom personswho were temporarily avay

from the meeting,aswell asthosewho wereatthe meet-
ing but are not participatingin the corversationsgtc.),
1,252werelabeledasdiscussiorparticipator 845aspre-

senter 507 as information consumerand 470 as infor-

mation provider. The testdataconsistedof 6,314 data
points,of which 3,311wereof type discussiorparticipa-
tor, 232 presenteand2,771wereundefined.Unlike the

meetingstatetask, we do not expectparticipantrolesto

beuniformin distribution. For example althoughpresen-
tationsareaslik ely to take placeasdiscussionsfar fewer

people—secondare spentpresentingthan discussingor

remainingsilentat a meeting. Thus, we leave the train-

ing dataunbalancedanduse“undefined”asthe majority

classifiers label, which leadsto an accurag of 43% on

thetestdata.

5.3. Evaluation and Results

We againusedthe C4.5decisiontreelearningtechnique
to inducea classifierfrom the training data, which was
thentestedonthetestdata.Tablel andfigure2 shav the
accuraciepbtained. The classifiergetsa classification
accuray of morethan46%with only onesecondf data,

which beatghe majority classifier Thetop—mosiodein
thetreewasthetotal lengthof speectof the participant,
implying thattheamountof speeclaparticipantproduces
is themostimportantindicatorof hisrole in the meeting.
Similar to the meetingstatedetectoy the accurayg of the
participantrole detectorincreaseswith increasingwin-
dow size,reachingabout53%, which is a 10% absolute
(23%relative) improvementoverthe majority classifier

6. Conclusion

In this paperwe have presentedy new taxonomyof the
statesin a meeting,andthe rolesof the variousmeeting
participants. We have trained a decisiontree classifier
that performs18% (absolute)betterthanrandomat de-
tectingthestateof themeetingand10%(absolutebetter
thanthe majority classifierat detectingparticipantroles,
using about20 secondsf meetinghistory. We expect
theseresultsto improve with modelstrained on larger
corporaof meetingdata. In the future we alsoplan to

investigatehow resultsareaffectedwhenusingautomat-
ically generatedeatures.
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