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Abstract
We present a new multimodal corpus with dominance annaisitim small group conversations. We used five-minute norlapng
slices from a subset of meetings selected from the populgmmted Multi-party Interaction (AMI) corpus. The totahtgh of the
annotated corpus corresponds to 10 hours of meeting dath.rieeting is observed and assessed by three annotatordiagdo their
level of perceived dominance. We analyzed the annotatiatisrespect to dominance, status, gender and behavior. édhudts of the
analysis reflect the findings in the social psychology lite@on dominance. The described dataset provides an ajgisofestbed for
automatic dominance analysis.

1. Introduction ratio (looking-while speaking to looking-while-listergjna-

i0), i.e. they look at others more while speaking and less

hile listening (Dovidio and Ellyson, 1982).

here are a number of works in the literature that inves-

the dimensions of social interaction for decades, theéster n[?gate Fechmques for the autqmatm estimation of domi-
nance in small group conversations through nonverbal cues.

on the automatic analyss Of. som_al Interaction, partidyla (Rienks and Heylen, 2005) addressed the classification
small group conversations, is quite recent. It is an emerg: . : .
o : o of participants dominance level (high, normal, low) and
ing field of research in several communities such as human

. . . . ._Used a supervised approach based on Support Vector Ma-
computer interaction, machine learning, speech proagssin

and computer vision (Gatica-Perez, 2009; Pentland, 200 : '(T;S ;w;c)h in:;ll;llJallzyogg?(;t?;t:dea::rfbr;?rg;e;ﬁ;lnfqe;itg;ﬁs.
Vinciarelli et al., 2009) and there is a crucial need for de- yagop N g y

: . . : extracted nonverbal audio and visual activity cues were
veloping dedicated techniques and collecting necessary re . . .
SOUICes Used to estimate the most dominant and least dominant par-

) ) __ ticipant. The difference in estimating the two dimensions
The social cues produced and exchanged during an mteF-

Social interaction is a fundamental aspect of human life an
is also a key research area in psychology and cognitive SClr
ence. Although social psychologists have been researchi

e f social verticality, dominance and status, is addressed i
action include verbal and nonverbal elements. In paralle

ayagopi et al., 2008). In (Hung et al., 2008), the authors
to the verbal elements (the spoken words), the nonverb yagop ) ( y )

. S vestigated the use of visual attention cues for estirgatin
information is conveyed as wordless messages through aiy, inance. A recent survey on the topic can be found in
ral cues (voice quality, speaking style, intonation) arsbal

h h visual bod tacial Gatica-Perez, 2009). These initial works investigate the
through visual cues (gestures, body posture, facial expregjitarent features and models for the estimation of domi-

E'On' ar(;d gaze)dgKnEpp andb Hr?II,.ZOOQ). Thels_;e cue; C@fance. However for further advancement, there is a clear
€ use _to pre ict uman behavior, persona ity, an SOheed for a large database, that can be used as a benchmark
cial relations, in a very wide range of situations. It has,..o<s gifferent studies

been ?Iho_w;'] thatt, n mang Isoual S'tléat'ons' hgf“tagshcam this paper we present a new annotated multimodal
correctly Interpret nonverbal cues and can predict DENaVy 5ot that can be used to assess dominance on small group

loral outcome“s W'th .h'grl accuracy, v_vhen eqused to ShorJ:onversations. The novelty of this dataset comes from the
segments or “thin slices” of expressive behavior (Ambady

o dominance annotations as the AMI meeting corpus is well
and Rosenthal, 1992). The length of these thin slices Calnown. In Section 2, we briefly describe the AMI meeting

change from a few seconds to several minutes dependm&)rpus. Section 3 details the dominance annotations and the

on d|fferent s_ﬁuaﬂons. . . experimental protocol. In Section 4, we present the result-
Dominance is one of the fundamental dimensions of so;

S ) 2 ¢ ing datasets and the estimation tasks. The detailed asalysi
cial interaction. It is signaled via both verba_l and NoNver-4¢ ihe annotations is given in Section 5.
bal cues. The nonverbal cues include vocalic ones such as
speaking time (Schmid-Mast, 2002), loudness, pitch, vo- .
cal control (Dunbar and Burgoon, 2005b), turns, and inter- 2. Meeting Corpus
ruptions (Smith-Lovin and Brody, 1989); and kinesic onesWe use a subset of the publicly available Augmented Multi-
such as gesturing, posture, facial expressions, and gaparty Interaction (AMI) corpus for this study (Carletta et
(Dovidio and Ellyson, 1982; Dunbar and Burgoon, 2005a).al., 2005). The AMI meeting corpus includes two types
Dominant people are in general more active both vocallyof meetings: scenario meetings and non-scenario meetings.
and kinesically, with an impression of relaxation and confi-In scenario meetings, participants are given the task of de-
dence (Hall et al., 2005; Burgoon and Dunbar, 2006). It hasigning a remote control over a series of sessions with roles
been shown that, they also have a higher visual dominancassigned for each participant. One of the participantsas th



project manager who has the overall responsibility. Thesannotations. With this new set, we double the size of our
meetings are generally based on presentations followed tgnnotated dataset, which corresponds to more than 10 hours
discussions. The participants are not always seated. It isf recordings.

common that one of the participants is presenting in front

of the whiteboard or slide screen. In non-scenario meetingd.-1. Annotation Questionnaire

participants were free to choose their own topic beforehandrhe questionnaire asks the annotators about their petteive
Participants are generally seated in these meetings. Eaefdominance of the meeting participants. There are two sec-
meeting has four participants. tions in the questionnaire: In the first section the annota-
Meetings in the AMI corpus were carried out in @ multi- tors were asked questions on the participants’ relative-dom
sensor meeting room as shown in Figure 1. The room coninance; and in the second section, the questions are focused
tains a table for four participants, a slide screen, and gewhi on evaluating each participant independently:

board. The audio is recorded via several microphones:

Bominance ranking: Each participant is ranked from 1
circular microphone array placed on the table, another on 9: P P

with four microphones placed in the ceiling, headset ancfo 4, with 1 representing the most dominant person, and 4
P P 9 representing the least dominant person in the meeting.

lapel microphones. The video is recorded via seven cam-
eras: Three cameras mounted on the sides and back Bominance weight: 10 points are distributed among the
the room capture mid range and global views, respectivelyParticipants reflecting annotator’s impression of thela-re
four cameras mounted on the table capture individual visudive dominance displayed during the meeting. More units
activity only. Example screen shots from the corpus, fromsignified higher dominance.

each of the cameras are shown in Figure 2. Confidence: To identify segments where the rankings
were difficult to allocate, annotators were asked about thei
M Right Cameral'% Lapel Microphone confidence in their rankings on a seven-point scale.
ST @ Cl ) Participant characteristics: Annotators were requested
e 0 2 Soseview to evaluate five specific characteristics of each partitipan
2l 2 8 ~ camera independently: dominance (dominant/submissive), status
21| 5 'g '4@ (high/low), aggressiveness (aggressive/meek), dynamism
“l|12 27 R0 Q‘% (dynamic/passive), and talkativeness (talkative/sjleiso
=H 5 j§ D) 2 on a seven-point scale. These questions were selected from
_§ s £ 1 || l 3 || S social psychology work (Dunbar and Burgoon, 2005a).
~ 5
% Headset = 3.2. Annotator Agreement
= Left Camera Microphone &

For each meeting segment, three annotators ranked the par-
ticipants according to their level of perceived dominance.
We then assessed the agreement between the three anno-
tators for each meeting. If all annotators ranked the same
participant as the highest (resp. lowest), we assume there i

a full agreement on the most (resp. least) dominant person.
If at least two annotators ranked the same participant as the
highest (resp. lowest), we assume there is a majority agree-
ment on the most (resp. least) dominant person. Following
this procedure we obtained two annotated meeting datasets:

Figure 1: AMI meeting room setup.

Meeting Set 1 (M1) The initial set of annotations is done

on a total of 58 five-minute meeting segments with 21 in-
dependent annotators. The meetings were selected from the
scenario meetings in AMI corpus. This set was previously
Figure 2: AMI screen shots from seven available camerasused in several publications on automatic dominance esti-
The top row shows the views from the right, center, and leftmation (Jayagopi et al., 2008; Hung et al., 2008; Jayagopi
cameras. The bottom row shows the views from the closet al., 2009).

up cameras.

Meeting Set 2 (M2) We collected a new set of annota-
tions with a completely new set of annotators. 21 annota-
. ) tors annotated a total of 67 five-minute meetings. The meet-
3. Dominance Annotations ings were selected both from the scenario and non-scenario
We collected a set of annotations on a subset of the mee&AMI meetings. Special care was taken to select segments
ings selected from the AMI corpus. We follow the “thin where all participants were seated during the whole meet-
slice” approach and use five-minute meeting segments. Préag.
vious publications on dominance estimation on AMI cor- Figure 3 shows the agreement statistics in M1 and M2 sets.
pus use a dataset that corresponds to 4.5 hours of recordihe bars show the percentage of each type of agreement;
ings (Jayagopi et al., 2008; Jayagopi et al., 2009). We havihree annotators agree (red/bottom), two annotators agree
enlarged the previously annotated data with a new set dfgreen/middle), and no agreement (blue/top). The actual



Most Dominant Person Least Dominant Person M1 (58) M2 (67) M1+M2 (125)

100%

Yo ] ] o ] u Full | Maj || Full | Maj || Full | Maj

s (gl s s o Agreement MD || 34 | 56 || 33 | 65 || 67 | 121

il B | [~ LD || 31 | 54 || 40 | 63 || 71 | 117

50% 50% I Two annotators

o o - Table 1: Number of meetings for tasks MD and LD with

30% M Three annotators g

oo o agree full and majority agreement in M1, M2, and jointly. The

o% L 0% total number of meetings in each dataset is in brackets.
M1 M2 M1 M2

Figure 3: Distribution of agreement types in M1 and M2: than the majority agreement datasets. The average relative
Three annotators agree (red/bottom), two annotators agreeeights assigned by the annotators also show the consis-
(green/middle), and no agreement (blue/top) tency of the dominance rankings.

5. Analysis of Annotations

number of meetings for each type of agreement is show®-1. Dominance and Status

in the middle of the bars. On different meetings and withDominance and status are two aspects of the vertical dimen-
different sets of annotators, we observe similar agreemersion of human social interactions. Although related, these
statistics: Full agreement is observed on around 50% of thewvo concepts are different: dominance is a personality; trai
meetings; whereas on almost all meetings, except a few, wehich can be defined as the ability to control others; on

observe majority agreement. the other hand, status is an achieved quality and does not
directly relate to the ability to control (Hall et al., 2005)
4. Experimental Protocol In order to investigate this fact, we analyzed the relation-
4.1. Dominance Estimation Task ship between the project manager, which is the highest sta-

tus in the AMI meetings, and the dominance annotations.
Figure 4 shows the project manager distribution among
most/least dominant participants in full and majority agre

1. Estimating the Most Dominant (MD) person: Among Ment datasets (FMD, MMD, FLD, and MLD). It can be
the participants of the meeting, we aim to estimate the*€€n that only ~50% of the most dominant participants are
most dominant person. also a project manager; whereas the number of least dom-

inant participants who are also the project manager is ex-
2. Estimating the Least Dominant (LD) Person: Amongtremely low. This shows the relation and also the difference
the participants of the meeting, we aim to estimate thebetween the concepts of dominance and status, as stated by
least dominant person. social psychology: (1) high status is not a direct indicator
of high dominance, (2) high status people are not totally
4.2. Datasets submissive either.
The number of full and majority agreement meetings for
MD and LD tasks for M1 and M2 sets, and also jointly, Dominance vs Status
are summarized in Table 1. On the joint data, we define | Other
four datasets based on the dominance estimation tasks a
annotator agreements. For each dataset, we also report t
average annotator confidence (Conf - 1 being the highest,
being the lowest) and the average dominance weight of th
agreed person (Weight - 10 being the highest, 1 being th
lowest; all adding up to 10), as reported by the annotators:

Following the recent work in (Jayagopi et al., 2009), we
define two dominance estimation tasks:

M Project Manager

114
70

FMD: Full agreement setnost dominant person esti- e Maj

mation task (Conf: 1.85 - Weight: 4.57),

FLD: Fullagreementseteast dominantperson estima- Ei 4: Distributi  oro "

tion task (Conf: 2.28 - Weight: 1.03) igure 4: Distribution of project manager among most/least
_ o . dominant participants in full and majority agreement

MMD: Majority agreement semost dominantperson  qatasets. Blue/bottom part shows the number of most/least

LD

estimation task (Conf: 2.03 - Weight: 4.18), dominant participants who are also the project manager.
MLD: Majority agreement seteast dominantperson Yellow/top part shows the number of most/least dominant
estimation task (Conf: 2.59 - Weight: 1.17) participants who have other roles than project manager.

The self-reported confidences show that the annotators gave

higher confidence when annotating the most dominant per-

son with respect to the least dominant one, indicating thé-2. Dominance and Gender

latter can be a more difficult task. Furthermore, the fullWe also investigated our corpus to see the relationships
agreement datasets have higher self-reported confidenbetween gender and dominance and gender and status.



Among the total meeting participants, the percentage of fe sominant
males is around 30% (156 females, 344 males). Among th
project managers, it is around 50% (56 females, 69 males
We further investigated the distribution of gender for most @katve
dominant and least dominant participants. Figure 5 show dynamic
the number of males and females for most/least dominar
participants in full and majority agreement datasets (FMD,
MMD, FLD, and MLD), and also for the project man- ™"
ager (PM). It can be seen that for each case, the percer iowstats
ages of females and males are balanced (Percentages
females in FMD:52%, MMD:55%, FLD:56%, MLD:50%,
and PM:45%).

high status

aggressive

silent

passive

meek

. . . .
dom. highst. talk. dyn. agg. subm. lowst. sil. pas. meek

Gender vs Dominance and Status
| Female Figure 7: Person matching accuracy of the estimations
Male based on participant evaluations across behaviors. The ma-
66 59 56 trix is symmetric and in grayscale (black:0 and white:1).
2 ‘ i : i

i : i . dominance. The second analysis is based on the correla-
Full Maj Full Maj tions of the evaluation scores between the project manager
D 0 o and the most/least dominant person, which shows the rela-

tionship between these two concepts in more detail.

Figure 5: Gender distribution for most/least dominant par-For the first analysis, we computed the average of the eval-
ticipants infull and majority agreement datasets, and fouation scores for each participant by the three annotators
project manager. Blue/bottom part shows the number ofor each of the five questions. For each question, based on
males and yellow/top part shows the number of females irihe evaluation score, we can define two behavior types, one
each case. being the extreme opposite of the other. Then we select the

most representative participant for each behavior, by shoo

ing the participant with the highest or lowest average eval-

uation score of the related question. Taking the highest or

Most Dominant the lowest value solely depends on which part of the seven-

- T point scale that behavior is placed within the questiormair
For example, in the question that asks for the dynamism of
the participants, if the evaluation score is close to one, it
indicates that the person is very dynamic, on the other hand
if it is close to seven, it indicates passiveness.

For each behavior and for each dominance task, we count
how often the person selected by each behavior was also
labeled as the most or least dominant person. Figure 6
shows the person matching accuracies of the estimations
based on participant evaluations with respect to the most
and least dominant participants. We see that people highly
scored as dominant, high status, talkative, dynamic and ag-
Figure 6: Person matching accuracy of the estimationgressive are more likely to be selected as most dominant,
based on participant evaluations with respect to most/leasvhereas people scored as submissive, low status, silent,
dominant participants for full an majority agreement passive and meek are more likely to be selected as the least
datasets. dominant. Furthermore, Figure 7 shows a pairwise anal-
ysis across annotated behaviors. For each pair, we count
how often the person selected by one behavior matches
the person selected by the other behavior and calculated
5.3. Participant Evaluations the person matching accuracy. In general, parallel behav-

We analyzed the participant evaluations in two aspects. Thi@rs highly match each other and low profile behaviors (e.g.
first analysis is based on comparing the participant salectesilent/passive) have higher accuracies than high proféson
with respect to the highest or lowest evaluation score iff€.g. dominant/dynamic). In addition, contrasting behav-
the questionnaire (e.g. talkative/silent, aggressivekpe iors do not match at all, with accuracies very close to zero.
against the participant selected through the dominancEor the second analysis, we computed the Pearson correla-
rankings. This analysis aims to identify which of the par-tion of the scores given in the five questions for the project
ticipant characteristics are more related to perceptidns ananager and the most/least dominant person (Figure 8). In

Matching
Accuracy

Matching
Accuracy
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