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Abstract Linguistic entrainment, the tendency of interlocutors to become similar
to each other during spoken interaction, is an important characteristic of human
speech. Implementing linguistic entrainment in spoken dialogue systems helps to
improve the naturalness of the conversation, likability of the agents, and dialogue
and task success. The first step toward implementation of such systems is to design
proper measures to quantify entrainment. Multi-party entrainment and multi-party
spoken dialogue systems have received less attention compared to dyads. In this
study, we analyze an existing approach of extending pair measures to team-level
entrainment measures, which is based on simple averaging of pairs. We argue that
although simple averaging is a good starting point to measure team entrainment, it
has several weaknesses in terms of capturing team-specific behaviors specifically
related to convergence.
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1 Introduction

Linguistic entrainment is one of themain characteristics bywhich conversing humans
can improve the naturalness of speech [18]. Linguistic entrainment is the tendency
of interlocutors to speak similarly during interactions [3, 21]. Humans entrain to
each other in multiple aspects of speech, including acoustic, phonetic, lexical, and
syntactic features [13, 19, 20]. Entrainment has been found to be associated with
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a variety of conversational qualities and social behaviors, e.g., liking, social attrac-
tiveness, positive affect, approval seeking, dialogue success, and task success [2, 10,
20, 22]. Acoustic and lexical entrainment has been implemented in Spoken Dialogue
Systems (SDS) in several studies which have shown improvement in rapport, natural-
ness, and overall performance of the system [12, 15, 16, 18]. Indeed, implementing
an entraining SDS is important to improve these systems’ performance and quality,
measured by user perceptions. All of these SDSes deal with the dyadic interaction
of a user and a computer agent, but there are several situations that involve multi-
party interaction between an agent and several users or between several agents and
users. Foster et al. [6] has studied the interaction of a robot with multiple customers
in a dynamic, multi-party social setting. Hiraoka et al. [9] presents an approach for
learning dialog policies for multi-party trading dialogs. However, implementation of
entrainment in multi-party SDS has not been done yet.

The first step toward the implementation of entrainment in a multi-party SDS,
where the agent entrains to the users, is to define proper multi-party entrainment
measures. Recently, a few researchers have studied multi-party entrainment in online
communities and conversational groups of humans [5, 7, 8, 14]. Regardless of which
approach these studies use to measure entrainment, they utilize simple averaging to
extend pair-level measures to team-level ones. With a long-term goal of designing
more accurate entrainment measures that can demonstrate team-specific characteris-
tics, we perform a qualitative analysis to validate the simple averaging approach. Our
hypothesis is that although simple averaging might be a good starting point, it is not
capable of capturing several team-specific behaviors. For this purpose, we analyze
the behavior of individuals in teams with respect to the team entrainment value. We
show that there are at least two team-specific challenges that are not captured well
by existing entrainment measures.

Our focus in this paper is on the convergence of acoustic-prosodic features. In
the next section we describe the corpus and the convergence measure that we are
adopting from prior work. The third section includes the results and discussion of the
qualitative within-team analysis with the goal of validating the argument that simple
averaging is not a proper approach.

2 Prior Work

In this section, we explain the corpus and the team entrainment measure of conver-
gence that we adapted from prior studies [14].

2.1 The Teams Corpus

The freely available Teams Corpus [14] consists of dialogues of 62 teams of 3–4
participants playing a cooperative board game, Forbidden IslandTM . Subjects who
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were 18years old or older and native speakers of American English participated in
only one session. In each session, participants played the game twice and completed
self-reporting surveys about personality characteristics and team cohesion and sat-
isfaction. This game requires cooperation and communication among the players in
order to win as a group. The players were video- and audio-taped while playing the
game. The corpus consists of 35 three-person and 27 four-person teams. In total, 213
individuals participated in this study, of which 79 are males and 134 are females.
In this paper, we only utilized the data from the first game in each session, as it is
not necessary to consider cross-game entrainment in order to show evidence for our
hypothesis.

2.2 Multi-party Acoustic Entrainment

There are two main approaches to quantifying entrainment [11]. The first is a local
approach, which focuses on entrainment at a very fine-grained level of adjacent
speaking turns [4, 5]. The second is a global approach, which measures entrainment
at the conversation level and is the only one considered in this paper. There are several
global entrainment measures such as proximity, convergence, and synchrony [13].
Convergence, which is our focus in this paper, measures an increase in similarity of
speakers over time. Consistent with the few existing studies measuring multi-party
entrainment [5, 7, 14], we use simple averaging of dyad-level measures to build a
multi-party measure of entrainment.

To calculate convergence, we choose two disjoint intervals from a conversation
and measure the similarity (distance) of speakers on acoustic-prosodic features in
each interval. The change in these similarity (distance) values over time indicates the
amount of convergence or divergence. The dyad-level difference [13] is the absolute
difference between the feature value for a speaker and her partner in each interval.
The team difference is the average of these absolute differences for all pairs in the
team as defined in Eq.1 [14]. A significance test on team differences (TDiffp) of
the two intervals indicates whether or not significant convergence or divergence has
occurred.

TDiffp =
∑

∀i �=j∈team(|speakeri − speakerj|)
|team| ∗ (|team| − 1)

(1)

Convergence is defined as:

Convergence = TDiffp,earlierInterval − TDiffp,laterInterval (2)

A positive value is a sign of convergence and a negative value is a sign of diver-
gence. A value of (approximately) zero is a sign of maintenance, indicating that
the differences of team members on the specified feature do not change in the two
corresponding intervals.

The results in [14] show that, when comparing 9 acoustic-prosodic features over
different game 1 intervals (first vs. last 3min, first vs. last 5min, first vs. last 7
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minutes, and first vs. second half), min pitch and max pitch converge comparing first
vs last three minutes of game 1. Shimmer and jitter become more similar (converge)
over time on all the examined intervals. The results are validated by constructing
artificial versions of the real conversations: for eachmember of the team, their silence
and speech periods within the whole game are randomly permuted. The artificially
constructed conversations do not show any sign of convergence on any of the features
for any of the examined intervals.

Although the convergence measures were valid, we argue that the measure can
be improved by replacing the simple averaging method with a more sophisticated
approach. Simple averaging treats all speakers in a team equally and ignores several
team-specific characteristics.We argue that not all of the speakers in a team should be
treated the same. In the next session, we try to support our argument by a qualitative
within-team analysis.

3 Experiments and Discussion

Each game is divided into four equal disjoint intervals to give us better insight into
the global behavior of team members, as opposed to selecting two intervals with
arbitrary length from the beginning and end of the game. Unlike [14] we do not
remove the silences and use the raw audio files, as removing silences may distort the
concurrency of our four intervals.

We use Praat [1] to extract the acoustic-prosodic features. Consistent with pre-
vious work on dyad entrainment [2, 13, 17], we focus on the features of pitch,
intensity, jitter, and shimmer. Pitch describes the frequency, intensity describes the
loudness, and jitter and shimmer describe the voice quality by measuring variations
of frequency and energy, respectively.

We extract the following 8 acoustic-prosodic features: maximum (max), mean,
and standard deviation (SD) of pitch; max, mean, and SD of intensity; local jitter1;
and local shimmer.2 The features are extracted from each of the four intervals of each
speaker in each team.

First, we perform a significance test to find out which features show significant
convergence and onwhich intervals. The results of the repeatedmeasures of ANOVA
with interval as a factor with 4 levels are shown in Table1. Significant convergence
is only observed on shimmer and jitter which were the only features that were found
to be significant in the original study, on all intervals examined there which are not
the same as here. ‘c’ and ‘d’ are indicative of significant convergence on the corre-
sponding intervals. For example, speakers are significantly converging on shimmer
from interval 1 to 3.

1The average absolute difference between the amplitudes of consecutive periods, divided by the
average amplitude.
2The average absolute difference between consecutive periods, divided by the average amplitude.
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Table 1 The results of the repeated measures of ANOVA. * indicates the p-value <0.05. Pairwise
comparisons indicate which intervals are significantly different. The direction (convergence or
divergence) is represented by c and d respectively

Features ANOVA Pairwise Comparisons

1–2 1–3 1–4 2–3 2–4 3–4

Pitch-max

Pitch-mean * d d d

Pitch-sd

Intensity-max

Intensity-mean

Intensity-sd

Shimmer * c c c c

Jitter * c c

3.1 Is Simple Averaging a Proper Approach?

While previous studies have averaged pairs’ entrainment to measure team entrain-
ment, it remains uncertain whether simple averaging is an optimal approach. What
are the flaws and weaknesses of this approach and how can we improve them?

We argue that there are some team-specific behaviors that are not properly quan-
tified using the simple averaging method. To demonstrate with real examples from
the corpus, we perform a within-team analysis in which we examine the behavior of
individuals within each team and the relationship between their behaviors and team
convergence.

For this purpose, we draw the plots of raw values of the feature for each team on
all 4 intervals. We chose jitter and shimmer as our features of interest since they are
the only features that demonstrated significant convergence. We sort all the teams by
their convergence values computed by Eq.2. For example, the convergence of each
team from interval 1 to interval 4 is defined as TDiffp,1 − TDiffp,4.

We examined the plots of all diverging, converging, and maintaining teams. We
argue that there are at least two general cases that the simple averaging approach is
unable to capture in the teams’ behavior. We describe these two cases.

First, howmany of the teammembers are required to converge in order to consider
the team to be converging overall? According to the simple averaging method, the
answer is that the number of converging or diverging pairs does not matter. As long as
the average convergence is higher than the average divergence, we consider the team
to be converging. We argue that this answer is not accurate. For example, consider
Fig. 1.3 Each of the plots in this figure shows the values of jitter for each individual
in a team over the four intervals. Comparing the first and the last intervals, it appears
that Fig. 1b is the most diverging team in the corpus, based on the convergence

3We included the gender of speakers in the plots. But, there is no significant effect of gender
composition of the teams on convergence value.
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Fig. 1 The plot of jitter of individuals over all four intervals in two diverging teams. Each point
is the jitter value calculated for corresponding speaker at corresponding interval using the Praat
software. S is short for speaker.M and F are indicative of gender. a Convergence from interval 1 to
4 calculated using Eq.2 is equal to −0.0139. b Convergence from interval 1 to 4 calculated using
Eq.2 is equal to−0.0199

measure. But, unlike the team in Fig. 1a, where all the speakers are diverging from
each other, speaker 3 is the only participant to diverge from the team, while the rest
of the speakers converge. The question is, how much should speaker 3 influence the
team convergence in this team?

We argue that the influence of a speaker, such as speaker 3, should lessen if his
or her behavior is in the opposite direction of the team behavior. We hypothesize
that the solution to this problem is to use a weighted average, where the weights
are defined based on the number of speakers that have the same behavior in the
team. For example, the weight of a diverging speaker should be the percentage of
diverging individuals in the team. This is an ongoing research area. We have seen
some improvements using this method, but we have yet to quantify the potential
improvement.

Second, does the convergence or divergence of speakers in teams have an absolute
meaning, similarly as in pairs? An individual might converge to one teammate while
diverging from another one. How do these conflicting behaviors affect the team
measure? For example, consider the two teams in Fig. 2. Comparing the first and
the last intervals, these two teams have the closest convergence value to zero in
our corpus, meaning they are the most maintaining teams. The plot in Fig. 2a is an
obvious case of maintenance where none of the team members change their feature
values to converge toward or diverge away from the others. But, in Fig. 2b, speaker
1 changes her initial state to converge to speaker 2 while she diverges from speaker
3. We hypothesize that taking into account the self-difference, or how much each
speaker’s feature value has changed over time, will help to resolve this issue.
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Fig. 2 The plot of jitter of individuals over all four intervals in the two most maintaining teams.
Each point is the jitter value calculated for corresponding speaker at corresponding interval using the
Praat software. S is short for speaker.M and F are indicative of gender. a Convergence from interval
1 to 4 calculated using Eq.2 is equal to 0.00006. b Convergence from interval 1 to 4 calculated
using Eq.2 is equal to −0.00036

4 Conclusion and Future Work

One of the important characteristics of human conversation is linguistic entrainment.
Implementing linguistic entrainment in spoken dialogue systems helps to improve
the naturalness of the conversation. The first step toward implementation of such
systems is to design proper measures to quantify entrainment. Multi-party entrain-
ment andmulti-party spoken dialogue systems have gotten less attention compared to
dyads. In this study, we analyze the team convergence measure of acoustic-prosodic
features in multi-party dialogue. We argue that although existing measures based on
simple averaging of pairs are a good starting point to quantify team entrainment, they
have several weaknesses in terms of their ability to capture team-specific behaviors.
Our study of within-team analyses support our hypothesis. We are currently work-
ing on improving the convergence measure by utilizing a weighted average, where
the weights are defined based upon the behavior of team members. We will then
evaluate the validity of the new measure by comparing its results on real and fake
conversations.
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