











noise. Participants were seated at a table facing each
other. Two laptops were placed back to back on the
table, one in front of each participant (see Fig.1). Stim-
uli were visually displayed on the laptops’ screen us-
ing an in-house Python script. Two cameras were
placed on two walls opposite each other, each one fac-
ing one participant. Once the participants were com-
fortably seated, wearable-devices were placed around
each participant’s wrist (Empatica E4 wristband, MIT,
Cambrdige), recording participants’ physiological re-
sponses. Then, in order to record participants’ brain
activity, the portable 14 channel EEG system EMO-
TIV EPOC (San Francisco, U.S.A.) was placed on their
heads. Finally, a head-mounted microphone was placed
on them, taking care to not impede the EEG signal, to
record their speech during the experiment.

Before the experiment started, instructions were pre-
sented to participants on the laptops’ screens. Par-
ticipants were informed that they would start with a
creativity-related task (AU or NI) and do the free con-
versation task after a break. Three dyads completed the
AU task on the first and third session while they did the
NI task during the second session. The remaining two
dyads did the opposite and started with the NI task on
the first session. Participants were presented with dif-
ferent items during the second time they did a particular
task. The tasks were randomized to avoid order effects.
Participants were also asked to minimize unnecessary
movements to avoid recording artifacts.

A practice trial was implemented before the creativity-
related task while the experimenters stayed in the room,
to ensure that the participants understood the task. The
real experiment started once participants confirmed
they understood the instructions and the experimenters
left the room. At the end of the creativity-related task,
the experimenters came back to the room and explained
the free-speech task to participants in greater detail.
The scenario of the dilemma was presented to the par-
ticipants and the experimenters left the room once par-
ticipants confirmed they understood the scenario. Par-
ticipants had ten minutes to discuss and agree on a com-
mon answer to the dilemma.

6. Data Pre-processing

The corpus is a record of 5 dyads in interaction over
three sessions that represents a total of 12:30 hours of
multimodal data.

6.1.

To lay the ground for future analyses, we gener-
ated common audio-video features for our recordings.
Conversations were first automatically transcribed and
aligned using the BAS Web Services from Ludwig-
Maximilians University Municlﬂ The pipeline
”ASR G2P CHUNKER MAUS” (Schiel, 1999; [Schiel,
2015 [Reichel, 2012; Poerner and Schiel, 2018; Kisler

Annotations

'https://clarin.phonetik.uni-muenchen.
de/BASWebServices/intertace

et al., 2017) was used with default parameters except
for the ASR which was done using Google Speech
Cloud ASRPA Generated TextGrid files contain one tier
for automatic transcription with loose temporal bound-
aries and four tiers with transcription alignment on the
audio signal: two tiers with word-level alignment, one
tier with words grapheme-to-phoneme analysis, and
one tier with phoneme-level alignment (see Figure [2).

o[y fuertes no pues ya ya pueden sobrevivir ¢ s a los ot
 con ellos entonces que ex Que también les ¢l

05 0tros pero no te asegura que th vas sobrevivi
demis pasajeros se les dice que deben dirigir los botes |13

Figure 2: Automatic transcription and annotations
from BASWebServices (Kisler et al., 2017)

Transcription are to be checked and corrected manu-
ally, then realigned using SPPAS (Bigi, 2012) to obtain
the corrected word and phoneme levels of alignment.
Part of Speech Tagging will finally be applied.

Video analysis pipelines such as FeatureExtraction
from OpenFace (Baltrusaitis et al., 2018)) is also used
to make the most of our multimodal design and gener-
ate features from head movements and gaze (see Fig-
ure[3). The generated coordinates for facial landmarks
and actions units are then fed into the HMAD (Rauzy
and Goujon, 2018)) R library for extraction of nods and
smile annotations.

Figure 3: Facial landmarks and gaze tracking using
OpenFace (Baltrusaitis et al., 2018))

6.2. Synchronization

Synchronization represents an important issue for such
a rich multimodal signal. Different simple techniques
can be used, based on claps or synchronization signals.

Zhttps://cloud.google.com/
speech-to-text


https://clarin.phonetik.uni-muenchen.de/BASWebServices/interface
https://clarin.phonetik.uni-muenchen.de/BASWebServices/interface
https://cloud.google.com/speech-to-text
https://cloud.google.com/speech-to-text

As described above, in order to capture the best au-
dio quality, separate recordings for audio and videos
have been done. The first step consists then in post-
synchronizing these signals. An an audio-video clap
determines the onsets, which are technically aligned
using ELAN (Brugman and Russel, 2004).

The video signal can then be used to synchronize
the physiological signal recorded with the EMPATICA
wristband. Starting a recording with this material is
indicated by a specific LED signal. At the beginning
of each session, the device is switched on facing the
camera, generating a visual signal (playing the role of
a clap) recorded by the cameras. In this case, the video
is the common reference.

The EEG signal synchronization concerns two levels:
synchronization of the two brain signals from the 2
participants (a classical problem in hyperscanning) and
synchronization with the audio-video signal. The diffi-
culty when recording natural conversation is that there
is no specific trigger (e.g., a key press) associated to the
signal. We solved this problem by generating triggers
associated with EEG using the Lab Streaming Layer
(LSL) (Kothe, 2014). LSL allows the exchange of
time series between devices, programs and comput-
ers. It is based on clock offset measurements to han-
dle event information and timing. Synchronization can
then be done between devices capable of delivering a
data stream output. We automatically generated the
triggers at regular intervals by means of a Python script,
such triggers being integrated with the EEG signal with
LSL.

Finally, the synchronisation of this various data (audio,
video, physiological and cerebral activities) is done
achieved via the video: as described above, a led of
the Empatica wristband lights up when the start button
is pressed, the video records the screen activity of each
participant (in this way, changes in the activity can be
dated), which also permits to synchronize EEG records
thanks to a trigger sent in the EEG data via the Python
scripted that sequenced the experiment.

Figure 4: Audio/Video synchronization

7. Conclusion

New investigations addressing the brain and physiolog-
ical basis of language processing now require that the
natural context of language be taken into account: con-
versations. In this paper, we have presented the first
dataset offering a rich set of sources of information (au-
dio, video, physiological and neural signals), recorded
in a natural environment. This first multimodal conver-
sational corpus including neuro-physiological data for
spontaneous speech has been enriched in different ways
(transcription, alignment) also on the way to be com-
pleted (e.g., facial expressions, nods, morpho-syntactic
annotations, prosody and phonological annotations). It
is being made available through the Ortolang repository
(https://www.ortolang.fr/workspaces/badalona-epsn).
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A. Stimuli

SP_amSh English ) Number | Letters
peine comb guitarra 1 LZ.
gz.,utar . 2 R.Q.
pipa pwpe 3 GZ
cafia fishing rod 4 Q.P.
regla ruler 7
5 R.Z.
escoba broom 6 EN
bufanda | scarf 7 F. ] .
linterna | torch 8 B Q
embudo | funnel 9 Q.C.
cinturén | belt 10 C 'Q.
saxofén | saxophone 11 F D .
moneda | coin 0
guante gloves 12 P

Table 2: The left table presents examples of words used
in the Alternative Use task. The name of the image
and their English translation are those of the MultiPic
database  (https://www.bcbl.eu/databases/multipic/).
The rightmost table presents example of pairs of letters
used in the Name Invention task. Letters are present in
more or less frequency

B. Raw data

B.1. Physiological data

(0) Vale pues
(0) yo te dirfa que en primer lugar pensaria en la
profesora de primaria embarazada
(0) porque como no saben tampoco c6mo van a llegar
al (0) o sea
(0) Aunque no salte aunque ella se quedase quizés se
estrella mas el globo
(0) y puede ser que esté dafiado y dafiar a su a
sombrion con lo cual puede ser que les esté salvando
pero que al final no lo esté salvando porque quizds se
hace dafio y pierde el crio entonces
(0) teniendo un cientifico que pueda aportar un
tratamiento revolucionario o sea que puede salvar
muchas vidas
(0) Pues quizds
(0) bueno estoy entre la profesora y el marido
(1) pero el marido es el piloto
(0) si el marido es el piloto
1) Entiendo que no puede saltar porque si salta el
iloto y nadie sabe pilotar se mueren todos

) Eso es mi entendimiento

) sabes? que luego hubiera el tipico truco de no hay
iloto automatico, entonces pues woaw

) sabes lo que haria?

) si

) Bueno, sacarfa el piloto por cuestién de super-
vivencia porque si muere el piloto mueren todos y
preguntaria a ellos quien quiere morirse

(1) porque yo no sé

(1) ser cientifico con la investigacién revolucionaria
(1) tiene 75 afios por ejemplo y la investigacién nunca
es una persona sola
(1) sea ese puede morir pero su equipo de trabajo va a
seguir y su legado va a estar
(1) claro pero esto
(1) estd muy bien pensado

(
P
(1
(1
P
(1
(0
(1

g . |

P ——

3
E — E4TEMPO
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Figure 5: Visualisation of the data collected by the Em-
patica E4 Wristband placed on one participant during
the first session. From top to bottom: 3-axis acceler-
ation, BVP, EDA, Heart Rate and body temperature.
Xx-axis is in seconds since the start of the watch. Red
horizontal lines represent times at which the button is
pressed on the watch.

B.2. Transcription

Excerpt of the automatic transcription of a free conver-
sation:

B.3. EEG

o AF3 W/w*‘%v’/ e\ /’\J\/‘\ l/h\J ’*'/\V, M%

Figure 6: Visualisation of brain activity using the Emo-
tivPRO app - raw EEG data tab. Left, the color indi-
cates the quality of the signal for each electrode.
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