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Abstract. This paper analyses the features encapsulated in the speech
signal to estimate the engagement of the interlocutors in a conversation.
The features used for classifying engagement in a multiparty dialogue
corpus (TableTalk corpus) are the prosodic parameter FO, glottal pa-
rameters correlated with voice quality (open quotient, return quotient,
speed quotient), and Mel-frequency cepstral coefficients (MFCCs). Dif-
ferent combinations of these features were used in a random forest clas-
sifier and results show that the use of voice quality features improve the
classification results.
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1 Introduction

Engagement detection can be applied to improve the quality of interactions in
dialogue systems or to help to make human intervention decisions in automated
dialogue systems such as in call centres. Researchers have used different methods
to detect engagement in the past. Acoustic, temporal and emotional information
from telephone calls were used in the work by Yu et al. [1] in which emotional
levels estimated from acoustic information from utterences and this informa-
tion was used to predict engagement. The parameters used consisted of pitch,
spectral energy and duration parameters. Gustafson and Neiberg [2] modelled
engagement based on listener responses where change in syllabicity, pitch slope
and loudness in non lexical response tokens in Swedish were used to detect en-
gagement. These studies were based on dyadic telephone conversations whereas
Bohus and Horvitz modelled engagement in dynamic environments where the
participants enter, leave and interact in a very natural manner [3]. Gaticia-Perez
[4] considered the degree of engagement displayed by a person to be an expres-
sion of internal state of “interest” of that person resulting from the attraction
towards the interlocutor, interest in the theme of the conversation or the social
rapport. The definition of engagement varied according to the contexts of these
studies and in the context of this work an interlocutor is considered to be en-
gaged if he/she is in overall involved in the conversation and is interacting with
others.
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Voice quality has been found to be associated with speaker’s emotion, mood
and attitude [7]. Charfuelan et al. [8] used voice quality to predict the social
status of participants in scenario meetings and reported the use of “louder-than-
average” voice quality for the most dominant speaker and “softer-than-average”
in the case of the least dominant speaker. Prosodic parameters and MFCCs have
been used in previous works on engagement. For example, Hsiao et al. [9] used
acoustic patterns and turn-taking patterns to detect continuous social engage-
ment in dyadic conversations. Gupta et al. [10] analysed engagement behaviour
in children with vocal cues in non-verbal vocalizations and their results sug-
gests that vocal cues can be used effectively to detect engagement. In this work,
the classification of engagement is extended to other voice quality parameters
(glottal parameters), in addition to the previously used FO and MFCCs.

The remainder of this paper is organised as follows. Section 2 describes the
TableTalk corpus and engagement annotations used in this study. The feature
extraction and classification of engagement are explained in Section 3. The re-
sults of classification is analysed in section 4 and conclusions are presented in
section 5.

2 TableTalk Corpus

2.1 Data

The data used in the study is part of the TableTalk! corpus , which was collected
at ATR Research Labs in Japan for studies in social conversations. The corpus
collected over three days contains free conversations among four people, with
exception of day 2 which has five participants. The conversations were in English
although only one of the participants was a native speaker (the others were
Japanese, French and Finnish). The recording was performed using a 360 degree
camera to captures the faces of the participants who sat around a table, and a
centre mounted microphone was used to record the audio.

2.2 Engagement Annotation

Bonin et al. [5] conducted an experiment for annotation of the day one record-
ing (35 minutes long) for individual and group engagement. The segments were
marked discretely with “4” for engaged and “-” for not engaged. Five psychol-
ogy students were recruited as annotators and were given no restriction on the
length of each annotated segments. Interlocutors were considered engaged if they
were interacting with others or actively listening using backchannels, gestures
or mimicry. The group was considered to be engaged if three out of the four
interlocutors were considered to be engaged.

The first five tiers shown in Figure 1 are the annotations of group engagement
obtained from the annotations in [5]. The timespans were not predefined for the
annotations so as to let the annotator rate without any restriction of time.

! http://sspnet.eu/2010/02/frectalk/
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Fig. 1. Annotation of engagement in the TableTalk Corpus. The last tier shows the
derived labels of engagement.

For this study new labels were derived from the original annotations by
combining the labels of different annotators. The data was segmented into silence
and speech. The new labels are shown in the last tier in Figure 1. In this case,
each segment was given a numeric label of +1 for “engaged” or -1 for “not-
engaged” based on the maximum number of annotations that were marked as
engaged /not-engaged (respectively) in overlapping segments of the annotations.

3 Experiment

3.1 Feature Extraction

The speech features were estimated from the audio recording down-sampled to 16
kHz. The estimated features consisted of prosodic (F0), Mel-frequency cepstral
coefficients (MFCCs) and glottal parameters. Features were estimated on frames
25 ms long and using a frame shift of 5 ms.

F0 and 12 MFCC coefficients (including log energy) were extracted using the
SPTK toolkit (http://sp-tk.sourceforge.net). The glottal parameters open
quotient (OQ), return quotient (RQ) and speed quotient (SQ) were estimated
using the method described in [6]. These three parameters are strongly correlated
with voice quality. Open quotient (OQ) is the ratio of the duration of the open
phase of the glottal cycle (when the glottal folds are open) by the pitch period.
Speed quotient (SQ) represents the asymmetry of the glottal pulse. The return
quotient (RQ) is related with the abruptness of the transition between open
phase and the closed phase which is proportional to the spectral tilt.

3.2 Engagement Classification

A random forest learning algorithm implemented in Weka [11] was used for the
classification of engagement. The classification experiment was performed using
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different combinations of the speech features together with the engagement an-
notations. Seven feature sets were used: FO, MFCC, VQ, FO+VQ, MFCC+FO,
MFCC+VQ, MFCC+F0+VQ. A 10-fold cross validation approach was per-
formed to assess the classifier.

4 Results

The results are shown in Table 1. The distribution of engaged and not-engaged
classes were not balanced in the TableTalk corpus. For this reason, the average
per-class accuracy (unweigthed accuracy) was calculated to assess the results of
the classification.

The combination of MFCC, F0 and voice quality parameters resulted in the
highest unweighted accuracy (88.24%) among the combinations used. The results
were statistically significant with p-value<0.05. The F-measure for the engaged
and not-engaged segments was higher when voice quality features were used.
The increase in the F-measure shows that the classifier performed better when
voice quality features were combined with FO and MFCCs.

Table 1. Results of random forest learning for engagement classification

Features Accuracy F-Measure
Engaged|Not-Engaged

FO 65.39% | 0.777 0.228
vQ 77.72% | 0.861 0.439
MFCC 86.22% | 0.916 0.621
FO0+VQ 77.53% | 0.862 0.398
MFCC+FO0 87.55% | 0.923 0.669
MFCC+VQ | 87.77% | 0.925 0.677
MFCC+F0+VQ| 88.24% | 0.927 0.693

5 Conclusions

In this study the use of audio features (F0, MFCC, Voice quality) for classi-
fication of engagement was analysed. It can be seen that the combination of
voice quality features with FO and MFCC features improved the classification
of engaged and not-engaged segments, compared with the commonly used set
of acoustic parameters (FO and MFCC). The classification of engagement using
more voice quality features on a larger data set will be the immediate future
work.
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