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Abstract
We have developed a recognition system that can understand
the multi-party conversation from combined information of
prosody and gaze. In multi-party conversation, the conversa-
tion becomes complex because many overlaps and interrupts
are generated by side participants. And thus becomes diffi-
cult to keep track the main thread of the conversation. Gaze
works as a strong clue to both clarify and perceive “whose talk-
ing to whom” and “whose listening to whom”, and can be used
to improve the understanding of the conversational situation.
We have analyzed the gaze behavior in conversational situa-
tions based on actual human-to-human conversation recoding,
and created a computational model to recognize the main thread
of the conversation. The performance has improved up to 20
point compared to the condition that only used prosody.

1. Introduction
In multi-party conversation, information such as “whose talking
to whom” or “who is listening to whom” are important to un-
derstand the conversational situation. Gazes of the participants
give a strong clue to understand those situation.

Compared to dyadic conversation, multi-party conversation
becomes complex because of the occasional interruptions and
the overlaps given from side participants. And thus becomes
difficult to keep track the main thread of the conversation only
from the utterances.

Gaze can be used as a strong clue to keep track of the main
thread of the conversation, since the direction of gaze is cor-
responsive to the speaker whom the other participants have fo-
cused on.

In this paper, we will create a recognition system that will
use not only the prosody but also the gaze to interpret the multi-
party conversation. A qualitative discussion about the conver-
sation and the gaze will first be presented, then we will create
a computer recognition system and evaluate it through actual
human to human conversation data.

2. Conversation and Gaze
In this section, we will introduce some theoretical discussion
about the conversation and the gaze.

Goffman has classified the role of conversational partici-
pant into the frames of speaker, hearer, side participant, and
over hearer [1]. The participant who is standing beside the con-
versation is the over hearer, and becomes a side participant by
entering the conversational group. Side participant can turned
to be a hearer by selected by the current speaker, or can turn to
be a speaker by commiting interruption.

By defining these roles, we can discuss deeper into the dy-
namics of conversation, namely on the dynamics of turn taking

system. To take a turn, we have to be selected as a listener
or commit interruption from the side participant’s role. To do
that appropriately, we need to know the behavior of the speaker
when he select next speaker to give the turn. Or we need to
know the appropriate behavior of the side participant to make an
interruption, and also need to know the behavior of the speaker
to accept or reject those interruptions.

Kendon has analyzed the gaze behavior in multi-party con-
versation [2]. According to his data, listener’s gaze tends to
stably look at the speaker. Speaker’s gaze tends to be unstable
than those of listener’s. Although speaker’s gaze is unstable, it
turns to be stably directed to the listener by end of the utterance.
Based on these data, Kendon has examined a function of gaze
as follows: express its intent to give the turn (by looking at the
listener), express its intent to accept the turn (by looking at the
speaker), express its intent to request the turn (by looking at the
speaker), and express its intent to reject the turn (by give away
from the speaker).

It is clear that we cannot interpret these functions only from
the gaze, because the gaze can have very few variations (e.g.
look at, or look away) while multiple interpretations are possi-
ble from it. But if we consider using speech with the gaze, we
can make a guess more precisely. For instance, if the speaker
has looked at other participant when his utterance is close to the
end, we can guess that he is intending to give the turn to the
other. Or, if the listener is looking down even when he is looked
by the current speaker, we can guess that the listener is not will-
ing to accept the turn. The function of the gaze can be thus
estimated by considering both gaze and speech of both speaker
and listener (and sometimes also of side participant).

To summarize this discussion, the conversation participant
has 3 roles and there are speaker, hearer, and side participant.
The gaze is useful because it has different tendency according to
each role, and it is also useful because it has function to control
and arbitrate the turn. The gaze has to be combined with speech
to interpret its meaning.

From the next section, we will see the actual statistics cap-
tured from the video of human-to-human conversation.
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Figure 1: Conversational role of participants.
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Figure 2: Data collection setup.

Figure 3: Video annotation interface. The lower panel is the
annotation board and the right panel is the gaze display plug-in.

3. Data Collection and Annotation
3.1. Data collection environment

We have collected conversations of 3 party with 3 channel voice
and 6 channel videos (Fig.2).

3 channel voices are collected in independent channels in
synchronized form. 6 channel videos are collected as two
stream videos of quad video divider, and synchronized using
a synchronization signal. The conversation task used here is a
free talk given a daily event as an agenda.

3.2. Annotation tool

Before adding the speech transcription, separation process is
applied to the recording of the speech using the signal process-
ing technique described in section 4.1. Multi-track annotation
tool Multitrans1 is used to add the transcription of the speech.
Combination of these tools enables the precise start point and
end point annotation even for the overlapped area of the speech.

Video annotation tool Anvil2 is used for annotation of the
gazes. Annotation is done by putting on the gaze label in each
time track of Anvil. The plug-in that displays the gaze be-
tween the speakers is added for the convenience of reviewing
(see Fig.3).

The gaze label has been added by hand for first 5 minutes,
and boosted to lest of the data by using the image recognition
technique described in section 4.2.

1Part of AGTK: http://agtk.sourceforge.net/
2Thanks to Michael Kipp: http://www.dfki.de/˜kipp/

anvil/

Table 1: Basic statistics.
Overall length 200 sec.

(part of 20min video)
% of utterance 88.1%
% of utterance by subject A, B, C 49.1%, 41.8%, 40.6%
% of overlaps by 2 or more subjects 36.4% (7.0% by 3)
# of utterance 183 times
# of utterance by subject A, B, C 68, 52, 61 times
# of initiative, response 53 times, 43 times
# of backchannel 61 times

Table 2: Statistics of gaze in each participant.
Subject Duration of gaze (sec.) # of initiative

A B C Other

A - 25.2 14.4 160.4 21
B 77.2 - 42.1 80.6 15
C 53.2 37.0 - 109.8 17

3.3. Annotation scheme

Gaze annotation: Gazes are annotated into category of “left”
“right” and “other”. “Left” stands for the participant is looking
at the left participant, and “right” stands for the right participant.
“Other” includes all the other direction including up and down.
We did not distinguish “other” into more detailed directions at
this point of research.

Speech annotation: Start point and end point is added
by looking at the waveform of each separated speech tracks.
Speech contents are also added for the convenience of follow-
ing utterance type annotation process.

Utterance type annotation: As discussed in section 1, the
main thread of conversation is not easily to track, because of its
complexity in multi-party conversation. In this paper, annota-
tion of the main thread is done according to following proce-
dures.

1. Detect the “backchannel” utterance and reject from fol-
lowing process.

2. Classify the utterance into “initiate” and “response” by
looking into its content and context.

3. Make pairs of initiate and response if possible.

4. If the initiate utterance other than the pair made in 3 is
followed with backchannels, regard it as part of main
thread of the conversation in addition the pair made in
3. Classify the other solitude utterance as self talk.

Initiative unit is defined as a pair of initiate and response.
Role of each participant is annotated based on this initiative unit
(initiator: the one who initiate, listener: the one who response
or backchannel, side participant: other). Main thread of the
conversation can now be tracked precisely by connecting these
initiative units.

3.4. Statistics

Table 1 shows the basic statistics of the video recording used for
this analysis. Because the video we used here is selected from a
boisterous part of the conversation, % of the utterance reaches to
88.1% (that means only 11.9% is the silence). And also there is
a remarkable amount of overlaps (36.4%) that causes to increase
the difficulty to understand the main thread of the conversation.

Table 2 shows the number of gaze direction for each con-
versational participant. The occurrence of each direction is bal-
anced in some level and there is some tendency between the rate



Table 3: Statistics of gaze in each conversational role.
Position Duration of gaze (sec.)

Init. List. Side. Other

Initiator - 59.5 6.4 90.5
Listener 80.7 - 1.9 73.8

Sideparticipant 62.1 16.0 - 78.4

to be looked and the number of initiative, and also between the
rate to look other and the number of initiative. Table 3 shows
the number of gaze direction for each role of the conversation.
The occurrence shows the clear tendency of the gaze looking at
the speaker from the listener’s role. Side participant also looks
at the speaker, but it is less than those of listener’s. Speaker is
less looks at the others compared to listener and side participant.

The results are roughly follows to the theoretical discussion
described in section 2. Especially, the gaze of listener is directed
to initiator with high stability and the gaze of initiator is turned
to listener when he selects listener to speak next. These gazes
can be a reliable clue to interpret the conversation.

4. Feature extraction

4.1. Speech feature extraction

In the recording, we have 3 speeches recorded in independent
channels, but the cross talk between each channels still exist
because the spatial distance between the microphones is close
(speech A is recorded not only to microphone A but also to
B and C). Some of the utterance is masked by the cross talk
from the other channels and it causes a serious problem to detect
precise position of start point and end point of the speech.

We have developed a signal processing technique to erase
these cross talk signals. The technique uses the similarity
of frequency feature that appears on each channels and erase
the frequency component that appears on the other channels
based on the difference of the power (The tool and the exam-
ple sound can be downloaded from http://ymatsusaka.
com/convclean/).

After the splitting process, log power of the speech wave-
form is calculated as a prosodic feature.

4.2. Video feature extraction

We use 3 out of 6 video inputs to extract the video feature. From
the left side face camera input, we extract full face area and left
eye area to get a feature of gaze. We have applied the eigen
object technique[3] to find the face and eye area from the image
and extract a feature of gaze as 16x16(resolution)x2(face and
gaze)=512 vector texture data.

We have trained the subspace model to classify the gaze
between “left”, “right”, and “other” for use in boosting process
described in section 3.2. The accuracy of this classifier is 88.4%
in comparison with human label.

For use in the actual recognition system described in section
5, we compress the texture data into 4 dimension vector using
eigen space technique. The compressed feature will change its
value in proportion to the attitude of face and eye, and can be
used as a parameter to express its motion[4] (see the trajectory
of the parameter in Fig.4). By using this parameterization tech-
nique, the feature can be used to capture the time dynamics of
face and eye motion.
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Figure 5: DBN model structure.

Table 4: Experiment condition.
Training data 200 sec. (1126 frames)
Evaluation data 100 sec. (different from training data)
Prosody feature Log power of speech 1x3=3 dim.
Gaze feature Parameterized texture feature

(see section 4.2) 4x3=12 dim.
Prosody+Gaze (1+4)x3=15 dim.

5. Computational Model
5.1. Model structure

First structure used in this experiment is the static bayes net
(BN) model to evaluate the ability to distinguish the turn with-
out any contextual information. The model has the nodes to
each of the feature sources but it does not have inter time slice
node to model the context. We will apply gaussian mixture
model (GMM) as well as single gaussian model. Second struc-
ture is the simple dynamic bayes net (DBN) structure to evalu-
ate the effect of context. Inter time slice connection of initiative
state is added to the simple BN structure (Fig.5-a). Third struc-
ture is turnstate DBN structure to evaluate more detailed model.
Here, we divide the single initiative unit into more smaller units
(we will call this “turnstate”) and model the transition of ini-
tiative in turnstate bases (Fig.5-b). Last structure is agent DBN
structure which assumes the independency of each conversa-
tional participant. Turnstate is assigned to each of the behavior
of the participant, and can take its value independent of other
agents (Fig.5-c).

5.2. Experiment condition

In this experiment, we will test the models in 3 different condi-
tions to measure the effect of with or without gaze information.
Condition 1 is to only use the prosody as a feature. Condition 2
is to only use the gaze as a feature. Condition 3 is to use both
prosody and gaze.

For training and testing the actual models, bayes net toolbox
(BNT)3 is used. The task is to classify the initiative unit (see
section 3.3 for it’s definition) on that time frame from 4 category
(“A”, “B”, “C” and “Free”) given the feature streams (Table 4).

3Thanks to Kevin Murphy: http://www.cs.ubc.ca/
˜murphyk/Software/BNT/bnt.html
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Figure 4: Face and eye position estimation and trajectory of the parametrized texture feature.

Table 5: Result of evaluaion.
Condition Accuracy [open test (closed test)]

Static model Dynamic model
Gaussian GMM(2 mix) GMM(3 mix) Simple DBN Turnstate DBN Agent DBN

Prosody only 29.3(31.6) 35.4(36.9) 26.6(32.9) 21.1(24.2) 25.1(28.8) 29.8(19.3)
Gaze only 54.3(66.1) 55.2(65.3) 54.8(66.5) 57.8(64.7) 60.9(77.8) 57.2(63.9)

Prosody+Gaze 55.0(62.3) 53.8(61.5) 54.8(60.9) 58.0(62.6) 61.7(81.6) 54.5(69.4)

5.3. Experiment and Result

Table 5 shows the result of the experiment.
For each conditions, gaze only condition makes the higher

performance than prosody only condition and gaze and prosody
condition gives the highest performance. Prosody only condi-
tion gives extremely low performance caused by overlaps and
noises (including laughs and coughs) which is frequently oc-
curred other than the actual utterance. The result improves up
to 20 point when the gaze is used instead of prosody. For the
model structure, 2 mixture model that use gazes as a feature
gives the highest performance in static models. Turnstate DBN
model gives the highest performance in dynamic models.

For overall result, it gives higher performance when we use
gaze information with speech. Simple DBN model gives higher
performance than static models and turnstate DBN model gives
even higher, while agent DBN model gives lower.

6. Discussion and Related Works
From the result described above, it could be said that the gaze
is an useful information to estimate the initiative in multi party
conversation. It can be used to detect the initiative under a cir-
cumstance that prosody information cannot give a clue caused
by overlaps and noises.

For related works, in the ICSI meeting recorder project, the
attempt to understand the multi party conversation is done us-
ing prosody as a clue[5]. Although the system has raised cer-
tain preciseness, use of gaze is finally pointed out as a way to
improve more. In our experiment, prosody based result gives
low performance, partly caused by the fact that we have used
only log power as a feature and modeled its shape in frame wise
bases. This part may be improved in the future work.

In the M4 project, information such as head positions or
hand gestures are extracted from the image and modeled using
multi stream hmms[6]. Orientation of the participants and hand
gestures are the useful information to understand the practical
meeting. Moreover, modeling the behavior of each participant
by multi stream hmm is useful especially in the case when each
participant behaved independently. Compared to their work, our
work has focused on more detail of gaze in small and tightly
coupled conversation group. We may need to introduce these

techniques to apply our system to more practical middle size
meetings.

After all, as a real application, we want to feed back these
techniques to improve the performance of the conversation
robot we have been developing that can participate in group
conversation[7].

7. Conclusions
A recognition system that can understand the multi-party con-
versation from combined information of prosody and gaze has
been developed. Based on the analysis of gaze behavior in con-
versational situations using the actual human-to-human conver-
sation recoding, a computational model to recognize the main
thread of the conversation has been created. The performance
has improved up to 20 point compared to the condition that only
used prosody.
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