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Abstract

This article presents a corpus featuring childrityipg games in interaction with the humanoid roNeb: children have to express
emotions in the course of a storytelling by theotof his corpus was collected to design an affeciideractive system driven by an
interactional and emotional representation of theruWe evaluate here some mid-level markers usedini system: reaction time,
speech duration and intensity level. We also qaedtie presence of affect bursts, which are quitearous in our corpus, probably
because of the young age of the children and teerale of predefined lexical content.

Keywords: Audio Signal Processing, Emotion Detection, HurRanbot Interaction

Kismet robot. Mental state markers can also be only
1. Introduction linguistic as the number of words, the speech(iaéman,

In the context of Human-Robot Interaction, the obo 2010). Personality markers can be linguistic araspdic
usually evolves in real-life conditions and theodga rich ~ cues (Mairesse, 2007). Emotional markers can beogfo,
multimodal contextual environment. While spoken affect bursts and also linguistic. The concept affect
language constitutes a very strong communicatiameal ~ Pursts” has been introduced by Scherer. He defimes

in interaction, it is known that lots of informatiois  as “very brief, discrete, nonverbal expressionaftect in
conveyed nonverbally simultaneously to spoken wordsPoth face and voice as triggered by clearly idetile
(Campbell, 2007). Experimental evidence shows thatVents” (Scherer, 1994). Affect bursts are veryargmt
many of our social behaviours and actions are mostl for reaI—Illfe interactions but they are not welbogmzeq
determined by the display and interpretation ofveshal Py emotion detection systems because of their quaat
cues without relying on speech understanding. Among®mporal pattern. Schréder (2003) shows that affecits
social markers, we can consider three main kinds of!ave @ meaningful emotional content. Our hypothissis
markers: interactional, emotional and personaligylars. ~ that non verbal events and specific affect bunsiiction
Generally-speaking, social markers are computed a&f€ Important soma! cues during a spontaneous
long-term markers which include a memory managementiuman-Robot Interaction and probably even more with
of the multi-level markers during interaction. istpaper, ~ young children.

we focus on specific mid-level and short-time atious ) .

markers: affect bursts, speech duration, reactine and ~ S€ction 2 presents the protocol for collecting second
intensity level which can be used for computing the children emotlonall voices corpus. T.he content & th
interactional and emotional profile of the user. corpus NAO-HR2 is dgscnbe_d in Section 3: affeatsks)

In a previous study, we have collected a realistipus ~ SPeakers and other interactional information. $ect
(Delaborde, 2010a) of children interacting with toéot ~ Summarizes the values we can expect for some ml-le
Nao (called NAO-HR1). In order to study social ek social cues. Finally, Section 5 presents our caigiuand
we have recorded a second corpus (called NAO-HR2)future work.

featuring children playing an emotion game with ribleot .

Nao. The game is called interactive story gamedBeide, 2. Datacollection

2010b). So far, there exist few realistic childnazices

corpora. The best known being the AIBO corpus (Bat)l 2.1 Interactive Sory Game

2004), in which children give orders to the Song&  \ve have collected the voices of children playinghvihe
robot Aibo. Two corpora were collected for studying rghot Nao and recorded with lapel-microphone. N &
speech disorders in impaired communication childrenstory, and two children in front of it where suppdgo act
(Ringeval, 2008). In both studies, there are nokepo the expected emotions in the course of the story.
dialogs with robots; only the children are speaking A game session consists in 3 phases: first thetrobo
explains the rules and suggests some examplesetioad
Many previous studies focus on one of the thre@aboc part is the game itself, and the last part is sstioenaire
markers. Interactional markers can be prosodic mas iproposed by an experimenter. The children are ptedea
(Breazeal, 2002): five different pitch contours&Be,  poard, on which words or concepts are drawn antiesri
prohibition, comfort and attentional bids and nabtr (sych as “house”, or “poverty”). Emotion tags andtten
learnt from infant-mother interaction are recogdibg the i correspondence for each of this word. The player
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number one knows that, for example, if the notiondescribed in detail in (Delaborde, 2010b). The &t

“poverty” occurs in the course of the story, hel widve to
express sadness. He can express it the way he:vhents
can speak sadly, or do as though he was weepiidran
were free to interpret the rules as they wante@twe the
rules are understood by the two players, Nao startsl|
the story. When it stops speaking, one of the ptaye

scheme consists in emotional information (labels,
dimensions and affect bursts), but also mentak shaid
personality information based on different time coms.

In this paper, we focus on the study of affect tsuend
others mid-level markers such as reaction timeatitum
but also the low-level marker intensity.

supposed to have spotted a concept in the previous

sentence, and is expected to play the corresponding

3. Contentsof NAO-HR2 corpus

emotion. If the robot detects the right emotiorg thild

wins one point.

2.2 Semi-automatic Human-Robot

System

The behaviour of the robot changes in the coursthef

I nteraction

3.1 Description of the corpus

The NAO-HR2 corpus is made up of 603 emotional
segments for a total amount of 21mn 16s. Twelvilcdm
(from six to eleven years old) and four adults haeen
recorded (five boys, seven girls, one woman andethr

game. It can be neutral, just saying “Your answeer i men).

correct”, or “not correct

. It can also be empattiknow
this is a hard task”, etc. Fuzzy logic rules setbet most

For this study, we have selected only the speesthrices
which occur during the story game (not during the

emotional and interactional profile of each chiddd their
sex. This profile is built according to another skfuzzy

answers per gaming session: 10 emotional answers fo
each speaker. In that way the number of speakes fsr

manually by the Wizard experimenter. The lattervjues

the system with the emotion expressed by the ¢hildbel
such as “Happiness”, “Anger”, “Sadness”, etc.), th
strength of the emotion (low, average or high ation),
the elapsed time between the moment when the &hild
expected to speak and the time he starts speaimagthe
duration of the speaking turn (both in secondg)nthese
manually captured cues, the Human-Robot Interaction
automatically an
representation of each child, and the
behaviour of the robot changes according to this

system  builds
interactional

representation.

The dynamic adaptation of the behaviour of the teival

the design of the profile, based on a multi-levelgessing

of the emotional audio cues, are explained in (BDalde,
2010b). Table 1 gives an overview of the diffedentl of
processing of the emotional audio signal: from lewel

cues computed from the audio signal, to high level
markers such as emotions, emotional tendencies, and

interactional tendencies.

emotional

3.2 Affect bursts

€ An annotation tag indicates the presence or abseinae
affect burst in the instances. We notice thatgeanajority

of the corpus is made up of affect bursts.

Table 2 summarizes the number of affect bursts (@\&Y
the total number of instances (TT) for each grodip o
speaker. We have separated the children in twopgrotis
according to their age: the younger are from 6 {edrs
old, the older over 8 year old.

and

#AB (TT) Mean AB(TT)

per speaker
Adults 12 (114) 3.0/17.3
Children (6-7 y.0.) 30 (85) 6.0/17.0
Children (8-11 y.o. 19 (80) 3.8/16.0

Table 2: Affect bursts (AB) compared to the tofal)
number of instances

From these results we can conclude that asking a

Low-level Cues

Mid-level Cues

High LevelSocia
Markers

participant to express an emotion without any piiedd
lexical content leads to a high number of affectstsu

* Intensity level
» Prosody
» Spectral
envelope

* Affect bursts
(Laughs,
hesitation, ‘grr’)
» Speech duratic
* Reaction Time
» Speaking rate

* Emotion (labe
dimension)

* Interactional

tendencies (e.g
n dominance)
* Emotional

tendencies (e.g
extraversion)

Children seem to use more often affect bursts Huhuits
and young children even more. It seems that theyar at
ease with finding words to express an emotion. Both
children and adults express happiness laughingpiblyt
children use “grr” affect bursts for anger in owrmora.
Expressions of fear are usually more affect bufsts
children than for adults. Affect bursts usually tan only

a single phoneme; it is not possible to computéyeas

Table 1: Multi-level cues and social markers

The collected audio data is subsequently procebsed

speaking rate.

4. Resultson Social Markers

expert labellers. On each speaker’s track, we defin In this section, we have manually measured themifft

speaker turns called instances. The annotatioroqubts

markers in all game sessions.
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An example is shown in Figure 1. Nao saya: |6t of
sadnes§ the word “sadness” is one of the keywords
written on the board and the child has to expréss t
corresponding emotional state which is sadness.fdume
social markers we are studying, are representegdn
reaction time is 4.42s, speech duration is 2.17sam
intensity is 52.83dB (after normalization: 28.67d&)d

mean Harmonics-to-noise Ratio is 10.95dB. Reaction

Time is important for this turn; the mean valuetog 10
year old boy is 3.07s. Intensity and HNR are atswer
than the mean values obtained on his whole sessio
(Intensity mean is 32.43dB and HNR mean is 12.56dB)
Intensity and HNR values correspond to what is etque
when acting sadness; a high reaction time probalelgns
that the boy was not at ease with this specifin.tur
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Figure 1: An example of social markers during ttoeys
game, the markers are collected with Praat

4.1 Reaction Time
The reaction time (RT) represents the interval betwthe

time when the speaker is expected to speak (when Na

stops telling the story), and the time he indeedtstto
speak. In the context of our game, the childreneweat
supposed to call up their knowledge, or to thinkwthihe
best answer. They were supposed to act the emotio
written on the board. The longer the reaction tire,
more the speaker postpones the time of his oralymt@mn.
This parameter is one of the parameters used for th
definition of the dimension “self-confidence” of eth
emotional profile. The shorter the reaction tinte more
the speaker tends to be self-confident. Table Sgmts the
mean and standard deviation of mean reaction tiiores
each child.

Mean RT (s) Std RT (s)
4.62 2.00
Table 3: Reaction Time

Some children are not at ease with the game, aidRT

is much more important than the other (RT = 7.78 fo
children n°12, 6 year old). When the RT value isigh it
often means that the children did not find any aarste
give to NAO in the time he has to (if the child didt
answer after 12.5s, the robot continues the story)
Hesitation is quite used by children who have apdrtant
RT.

4.2 Estimation of Speech Duration
The speech duration (SD) is another parameterfosée

emotional profile of the speaker. It correspondstie

duration of speech of the speaker, for each spgalim.

Children included small pauses (from 850ms to 1).40s
their speech. These short silences are not coesides
ends of speaking turn: it can be breathing, hasgat
thinking, and the speaker resumes speaking.

Mean SD (s)| Std SD (s)
2.01 1.30
Table 4: Speech Duration for each turn

n

We notice in table 4 that the mean SD is genegliye
short. The turns are mostly composed of one single
syllable. As we have seen before the proportioaffafct
bursts is quite important and most of them havertsho
durations. As the players do not have any lexioapsrt
except what Nao have just said, they are not siteadlto
speak a lot.

4.3 Estimation of Intensity

For each session, both children were recorded with
separate microphones which have their own gain. We
compute the mean intensity (Int) normalized to bése
value for each session. It is also possible taredé the
HNR value on voiced parts only.

Hesitation is often expressed with a lower intgnsin
hesitation turns, mean intensity is from 45% to 710%er
than the mean intensity for the same child.

Intensity and HNR with Reaction Time

e INTmoy
= HNR moy
= Linéaire (INT moy)

= Linéaire (HNR moy)

Intensity (dB) and HNR (dB)

Reaction Time (s)

Figure 2: Intensity and HNR in function of the réac
time for the 12 children

Figure 2 shows that mean Intensity seems to dezeids
RT and HNR to increase with RT. As we have sagmall
RT generally signifies a good self-confidence; data
show that it is correlated with a high Intensitylansmall
HNR. When the child is at ease, he will speak IoLitk
correlation with HNR value is less evident. Moretada
could help us to generalize this information.

Mean Int Std Int | Mean HNR| Std HNR
. (dB) (dB) (dB) (dB)
34.46 5.01 14.25 2.35

Table 5: Intensity and HNR means and std

5. Conclusion and Future Works
The NAO-HR2 children voices corpus is composed of
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French emotional speech collected in the coursegaime automatic recognition of personality in conversatio
between two children and the robot Nao. A semi-auatic and text in Journal of Artificial Intelligence Research
Human-Robot Interaction system built the emoticarad 30, pp 457-500.

interactional representation of each child andcdetethe  Ringeval, F., Sztaho, D., Chetouani, M. and Vid(i,
behaviour of the robot, based on the emotions cagtu (2008) Automatic prosodic disorders analysis for

manually by an experimenter. The data we colleatiedv impaired communication childrenlst Workshop on
us to study some parameters which take part isdking Child, Computer and Interaction (WOCCI), IEEE
up of the emotional and interactional profile. International Conference on Multimodal Interfaces.

We have analysed some of the mid-level cues whieh a Scherer, K.R. (1994Affect Burstsin Emotions (S.H. M.
used in our Human-Robot Interaction system. Among van Goozen, N.E. van de Poll, & J.A. Sergeant,,qus)
those cues, reaction time, intensity level and cpee  161-193. Hillsdale, NJ: Lawrence Erlbaum.

duration do make sense in our child-robot intecacti Schrdder, M., (2003Experimental study of affect bursts
game, but speaking rate does not seem to be r¢lavan  Speech Communication — Special session on speéch an
that particular context. Indeed, as the childrem quite emotion, vol. 40, Issue 1-2.

young (from six to eleven years old), and as theyrmt

given any predefined lexical content, they usuaklpress

their emotions with affect bursts. The younger ¢héd,

the more he/she will use affect bursts.

In a future work, we will also study the speakimgerin

longer turns of child speech. For the needs of data

collection, the affective interactive system wagdisn

Wizard-of-Oz (an experimenter captured manually the

emotional inputs); in a next collection, we willeu with

automatic detection of the emotions in speech, thed

collect more data to confirm our analysis.
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