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Abstract Being aware of the presence, activities and is
fundamental for Human–Robot Interaction and assistive
applications. In this paper, we describe (1) designing tri-
adic situations for cognitive stimulation for elderly users;
(2) characterizing social signals that describe social con-
text: system directed speech (SDS) and self-talk (ST); and
(3) estimating an interaction efficiency measure that reveals
the quality of interaction. The proposed triadic situation
is formed by a user, a computer providing cognitive ex-
ercises and a robot that provides encouragement and help
using verbal and non-verbal signals. The methodology fol-
lowed to design this situation is presented. Wizard-of-Oz ex-
periments have been performed and analyzed through eye-
contact behaviors and dialog acts (SDS and ST). We show
that users employ two interaction styles characterized by dif-
ferent prosody features. Automatic recognition systems of
these dialog acts is proposed using k-NN, decision tree and
SVM classifiers trained with pitch, energy and rhythmic-
based features. The best recognition system achieves an ac-
curacy of 71 %, showing that interaction styles can be dis-
criminated on the basis of prosodic features. An Interaction
Efficiency (IE) metric is proposed to characterize interac-
tion styles. This metric exploits on-view/off-view discrim-
ination, semantic analysis and ST/SDS discrimination. Ex-
periments on collected data prove the effectiveness of the IE
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measure in evaluating the individual’s quality of interaction
of elderly patients during the cognitive stimulation task.
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1 Introduction

Interest in service robotics has recently grown partially due
to human assisting applications. The proposed robotic sys-
tems are designed to address various supports: physical,
cognitive or social. Human–Robot Interaction (HRI) plays a
major role in these applications, making Socially Assistive
Robotics (SAR) [1] a promising field. Indeed, SAR aims to
aid patients through social interaction with several applica-
tions, including motivation and encouragement during exer-
cises [1–3].

Providing social signals during interaction is continu-
ously performed during human–human interaction [4], and
their absence is identified in pathologies such as [5]. In-
terpreting and generating of social signals allow sustaining
and enriching interactions with conversational agents and/or
robots. In [6], an early system that realizes the full action–
reaction communication cycle by interpreting multimodal
user input and generating multimodal agent behaviors is pre-
sented. The importance of feedback in regulating interaction
has been highlighted in several situations [7, 8].

The ROBADOM project [9] is devoted to designing a
robot-based solution for assistive daily living aids: manag-
ing shopping lists, meetings, medicines, and appointment re-
minders. Within the project, we are developing a specific
robot to provide verbal and non-verbal help, i.e., encourage-
ment and coaching during cognitive stimulation exercises.
Cognitive stimulation is a methodology that alleviates the
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elderly decline in some cognitive functions (e.g., memory,
attention) [10]. The robot would be dedicated to Mild Cog-
nitive Impairment (MCI) patients (i.e., a cognitive impair-
ment that is not severe enough to meet the dementia crite-
ria). Cognitive impairment is a major health problem facing
elderly people in the new millennium. This refers not only
to dementia but also to less severe cognitive impairments as-
sociated with a decreased quality of life and, in many cases,
progress to dementia.

In this paper, we study patient-robot interaction schemes
during cognitive stimulation exercises. The key idea is to
propose evaluation metrics for these interaction schemes to
further enhance the collaboration. There is a growing in-
terest in evaluating of Human–Robot Interactions [11, 12].
Achieving efficient interaction requires several elements,
among which engagement plays a fundamental role. A pre-
vious study [13], reports ten challenges related to efficient
joint human–agent activity, and entering into a basic com-
pact and being able to detect a partner’s intents and actions
are identified as research challenges. Successful cooperation
also requires a commitment between the partners and gen-
eral dynamics ([14] presents an overview on interpersonal
synchrony). Engagement is a complex phenomenon, and the
literature has used numerous terms to describe it. Sidner et
al. [15] consider engagement to be the process in which part-
ners establish, maintain and end interactions. Poggi [16] de-
fines engagement as the value that a participant in an inter-
action attributes to the goal of being together with the other
participant(s) and continuing interaction.

Engagement detection is identified as a key element in
socially assistive robotics, which usually require more at-
tention to interface design [17, 40]. In this work, we pro-
pose studying an important component of engagement: so-
cial awareness. This component requires that the robot is
able to detect features that are relevant to social interac-
tion: human presence, communicative intents. . . Quality of
Human–Robot interactions should be improved by the intro-
duction of social awareness mechanisms [12, 14]. We inves-
tigate engagement, social awareness and the quality of in-
teraction in a triadic framework: user-computer (providing
cognitive exercises) -robot (providing encouragements and
backchannels). We identify social signals, including system-
directed speech and self-talk, as indicators of the user’s en-
gagement level during interaction.

Our overall research agenda is to investigate human–
robot communication dynamics by proposing a framework
including engagement characterization, interpersonal syn-
chrony and affective management. In this paper, we first
present a social awareness framework based on the detec-
tion of interaction styles by employing eye-contact, seman-
tic and prosodic features. Then, durations of these interac-
tions styles are combined in a metric, Interaction Efficiency
capturing the time required to achieve a task. Specifically,
our contributions include the following:

– An automatic recognition system to detect both system-
directed speech and self-talk. Self-talk provides insights
about the involvement of the patient with MCI. Self-talk
includes out-of-task utterances. We also propose relevant
rhythmic features to characterize speech registers

– The definition and evaluation of a metric characterizing
the quality of interaction based on the features of interac-
tion styles. This measure is employed to understand pa-
tient strategies during cognitive stimulation exercises.

The remainder of this paper is organized as follows. Sec-
tion 2 describes the related works in human–human and
human–machine interactions. We summarize our approach
in Sect. 3. Sections 4 and 5 give an overview of the cognitive
stimulation situation including the design of the robot and
the Wizard-of-Oz experiment. Section 6 describes the anal-
ysis of the manually labelled data for the extraction of di-
alog acts from the Wizard-of-Oz experiment: self-talk (ST)
and system directed speech (SDS). Section 7 shows and dis-
cusses the social activity characterization framework. The
experimental results are discussed in Sect. 8. Finally, Sect. 9
concludes our work.

2 Related Work

2.1 Social Engagement Cues

The engagement detection problem has been studied using
verbal and non-verbal cues, but many existing approaches
attempt to estimate engagement using gazes [15, 19–21, 30],
considering eye-contact a prominent social signal. Eye-
contact is usually employed to regulate communication be-
tween humans [27]: initial contact, turn-taking and trigger-
ing backchannels.

Mutual gaze has been shown to contribute to smooth
turn-taking [21, 22]. Goffman [23] mentioned that eye-
contact during interaction tends to signal that each part-
ner agrees to engage in social interaction. Gaze deficiency
or failure during interaction may be interpreted as a lack
of interest or attention, as Argyle and Cook noticed [24].
In face-to-face communication, initiation, regulation and/or
disambiguation can be achieved through eye-gaze behav-
iors. Interaction efficiency is based on the ability of shifting
roles, which is again possible in eye-gaze behaviors [25, 26].
During interaction, gaze might be combined with speech.
Kendon [27] analyzed these situations and identified how
speakers look away from their partners at the beginning of
an utterance and look at their partners at the end of an utter-
ance. This procedure might be useful, as it serves to avoid
cognitive load (i.e., utterance planning) and shift roles with
the partner.

In HRI situations, robots are required to estimate the en-
gagement of addressee for efficient communication. Gaze
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estimation of gaze is a difficult task in HRI due to greater
distances between the robot and addressee; other cues, in-
cluding head orientation, body posture, and pointing, might
also be used to indicate the direction of attention. Most pro-
posed techniques are based on the face engagement concept
proposed by Goffman [23] to describe the process through
which people employ eye-contact, gaze and facial gestures
to interact or engage with each other. The engagement de-
tection framework is based on (1) face detection and (2) fa-
cial/head gestures classification. In a previous study [28], the
authors proposed combining multiple cues to understand the
behaviors of the potential addressee in the human–robot in-
teraction task. A set of utterances is defined and used to start
an interaction. In addition to the detection step, the authors
estimated the visual focus of user attention. They computed
the probability that the partner is looking at a pre-defined
list of possible focus targets. Because the focus targets in-
clude the robot itself and other potential users, engagement
estimation is reinforced and allows benefitting from the eye-
gaze functions without an explicit modeling. A similar work
[19] on a multi-robot interaction framework, based on face
detection and gestures classification, allowed selecting and
commanding individual robots.

Robots could also use eye-gaze behaviors to improve of
the interactions. Mutlu et al. [29] conducted experiments
where their robot, Robovie, employed various eye-gaze be-
havior strategies to signal specific interaction roles: ad-
dressee, bystander, and overhearer. The authors show that
gaze direction serves as a moderator, as gaze cues support
the conversation by reinforcing human subjects’ roles and
participation.

The abovementioned works have shown the benefits of
using eye-gaze behaviors to measure engagement during
interaction. However, this social signal should be more
precisely characterized. Rich et al. [30] first investigated rel-
evant cues for recognizing engagement in human–human in-
teraction and proposed an automatic system for HRI situa-
tions. Regarding eye-gaze behaviors, they identified directed
and mutual facial gaze. Directed gaze characterizes events
when one person looks at some object, after which the other
person looks. Mutual gaze refers to events when one per-
son looks at the other person’s face. Various features are
thus employed to describe communicative functions of eye-
gaze behaviors. Ishii et al. [21] also extract various features
from eye-gaze behaviors, including gaze transitions, mu-
tual gaze occurrences, gaze duration, distance of eye move-
ment, and pupil size. These features are employed to predict
users’ conversational engagement. The statistical modeling
and feature combinations have shown the features’ relevance
in recognizing users’ attitudes (engagement vs. disengage-
ment).

Other cues can be employed to detect engagement in so-
cial interactions. Castellano et al. [20] proposed combin-
ing eye contact with smiling, which their game scenario

considers an engagement indicator. The authors enriched
the characterization by adding contextual features, such as
the game state and behavior of the robot used (iCat facial
expressions). A Bayesian network is employed to model
the cause-effect relationships between the social signals and
contextual features. The evaluation allows identifying a set
of actions performed by users correlated with engagement.
Spatial movements have been used to initiate conversations
[31] and more generally for engagement characterization
([32] presents an interesting discussion on relevant social
cues).

These results show that eye-gaze behaviors could be
combined with others cues in various tasks to improve detec-
tion rates. Other strategies can be followed by not estimating
eye-gaze behaviors. A previous study [33] employed physi-
ological signals, including skin response and temperature, to
estimate engagement. The work was undertaken because ex-
tracting implicit information on the patient has seminal im-
portance in the rehabilitative context. Physiological signals
are more correlated to a user’s internal state and can thus
be employed to infer emotional information [34]. A robot
can use the engagement detection from these signals, e.g.,
coaching or assistance, to alter the interaction scenario.

Peters et al. [35] highlighted the various elements related
to engagement. They proposed a simplified model based on
an action-cognition-perception loop, which makes it possi-
ble to differentiate between several aspects of engagement:
perception (e.g., detecting cues), cognition (e.g., internal
state: motivation), action (e.g., display interest). They also
identified a dimension called experience, which covers sub-
jective experiences felt by individuals. This work shows that
engagement is not a simple concept, and, as with other so-
cial signals, characterization, detection and understanding
must still be investigated to design adaptive interfaces such
as robots.

In this paper, we consider the characterization of the
user’s engagement level by the evaluation of social activi-
ties (interaction styles) in the assistive context, specifically
cognitive stimulation situations. Research works on related
topics are usually devoted to acceptability [36–38]; main-
taining engagement is, however, a key component of so-
cially assistive robots [39, 40]. Xiao et al. [41] have investi-
gated how seniors deal with multimodal interfaces and they
found that elderly people require more time and make er-
rors, as expected. More interestingly, they demonstrated that
older users employ an audible speech register called self-
talk, which is a type of think-aloud process produced dur-
ing difficult tasks. Our rationale for expecting self-talk as an
indicator of social activity is motivated because producing
self-talk would confuse robots, which are generally based
on spoken dialog systems [42, 57]. Discriminating self-talk
(ST) from system/robot-directed speech (SDS) holds great
importance for two main reasons: (1) intentional interactions
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with the agent (robot/computer) are produced during SDS,
and (2) ST production can be continuously evaluated to pro-
vide insights on out-of-task situations (e.g, self-regulation),
thus allowing socially aware machine designs. The next sec-
tion aims to describe more precisely this specific speech reg-
ister.

2.2 Self-talk in Machine Interaction

Following Oppermann [18], self-talk, or private speech,
refers to the audible or visible talk people use to commu-
nicate with themselves. This register can be considered part
of off-talk, which is a special dialog act characterizing “ev-
ery utterance that is not directed to the system as a question,
a feedback utterance or an instruction”. Off-talk is a problem
for automatic speech recognition systems, and distinguish-
ing it from on-talk (or system-directed speech) will clearly
improve recognition rates. However, its characteristics make
the task difficult. If a user is reading instructions, lexical in-
formation is not discriminant and other features should be
employed. One relevant strategy is to try to combine audio
and visual features [43, 44]. Batliner et al. formulated the
problem by defining on-talk vs. off-talk and on-view vs. off-
view strategies. Combining them leads to on-focus (on-talk
+ on-view) and off-focus, where on-view is not discrimi-
nant, i.e., listening to someone and looking away. The au-
thors employ an audio-visual framework to classify on-talk
and various off-talk elements (e.g., read, paraphrasing and
spontaneous off-talk). Prosodic, part-of-speech (POS) fea-
tures and visual features (a simple face detection system)
are employed. Detecting a user’s focus on interaction yields
76.6 % using prosodic features, and combining it with lin-
guistic and visual features achieves 80.8 % and 84.5 %, re-
spectively.

From a conceptual perspective, open-talk (robot-directed
speech) is considered social speech because it is produced
with the objective of communication, while self-talk is a
means for thinking, planning and behavioral self-regulation
[45]. Lunsford et al. [44] investigated audio-visual cues and
reviewed some self-talk functions. Among the most inter-
esting functions, the authors reported that self-talk supports
task performance and self-regulation. When seniors com-
pleted a spatial task, a high amount of self-talk was observed
in [70]: 80 % of the subjects in their study engaged in ST at
some point during their session. This amount increases with
task difficulty, which has strong correlation with the cogni-
tive load of the person: the ST amount increased from low
to high difficulty tasks (26.9 % versus 43.7 %, respectively).

As cognitive stimulation experiments requiring explicit
dialog were completed, as in our research (Sect. 4), the
user’s verbal production is considered a unique source of
information on the user’s engagement level. However, the
amount of conversations does not totally reflect the quality

of interaction, and a characterization of how these utterances
are produced may provide insight into the communicative
functions employed. This paper focuses on one aspect of this
characterization by considering self-talk as out-of-task utter-
ances [46]. The proportion of SDS and ST are exploited to
identify phases when the patient is intentionally communi-
cated with the system. A global metric reflecting the dura-
tions of these interaction styles (directed or not) is proposed.
Although, each interaction style may be the support of vari-
ous communicative functions (examples: direct attention for
SDS and thinking-aloud for ST), and a characterization of
these functions is beyond the scope of this paper. However,
by being aware of these interaction phases, the coach robot
can produce useful feedback, encouragement or help. Poten-
tial benefits of improving social awareness include (1) de-
signing adaptive social interfaces (including robots), (2) im-
proving the impact of assistive devices and (3) understand-
ing individuals’ strategies and behaviors.

3 Overview of Our Approach

The purpose of this paper is the introduction of social aware-
ness mechanisms for the overall improvement of interac-
tions between an MCI patient and a robot using verbal utter-
ance classification as Self-Talk or System-Directed Speech.
To analyze the role of the aforementioned speech regis-
ters, we collected two datasets with the following situa-
tions: patient-therapist and patient-robot. The first set in-
cludes audio-visual recordings of a patient completing cog-
nitive exercises on a computer while being coached by a
therapist. Manual corpus analysis allows identifying inter-
active patterns, mainly the therapist’s behaviors (e.g., en-
couraging or answering questions) (Sect. 4), which are then
employed to develop socially relevant coach-robot behav-
iors. The second set includes patients completing cognitive
stimulation exercises with the help of a controlled robot
during a Wizard-of-Oz experiment. From the recordings,
we automatically extracted non-verbal cues to characterize
individual participants: eye-contact (on-view vs. off-view),
prosodic and rhythmic features and dialog acts studied using
the Latent Semantic Analysis (LSA) method. This method
groups semantically similar keywords into meaningful clus-
ters, structuring dialog acts in a non-supervised way, and
giving a semantic signification.

Another manual annotation occurs in these clusters, split-
ting keywords into two categories: whether they were spo-
ken to the robot and/or computer (System-Directed-Speech)
or to the patient himself (Self-Talk). We developed methods
to automatically detect self-talk and with all labeled key-
words (cluster, ST or SDS), we can perform social activity
characterization, as described in Sect. 7. Figure 1 details the
stages of our work, which are described below.
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Fig. 1 Visualization of our
approach for social activity
characterization

Fig. 2 Triadic situation either
with robot or therapist

4 Patient–Therapist Interaction

Social interactions are by definition dynamic [14], and we
are interested by the social cues that allow evaluating and
sustaining interactions. Traditional cognitive stimulation
sessions were thus recorded. The patient had to solve ex-
ercises on a tactile screen, while the therapist, seated near
the patient, observed the situation and provided help when-
ever the patient needed it. The therapist could help with the
technical setup, i.e., indicating how to deal with the tactile
screen, or provide help for a particular exercise, i.e., how to
correct an answer or say whether the patient answered cor-
rectly. Backchannel feedback (i.e., head nods or sounds such
as “uh-huh”) [49] from the therapist is important for patients
to gain confidence and sustain the interaction. Backchannels
are signals directed to the speaker, indicating that the com-
munication is working and they should continue speaking.
Machine learning techniques can automatically predict these
social signals, which were previously optimized on face-to-
face data [8].

The interaction between the patient, therapist and cogni-
tive stimulation exercise is a triadic situation, as shown in
Fig. 2. Psychologists at the Broca Hospital (Paris, France)
thus organized recorded cognitive stimulation sessions,
which led to our analysis of the interactions between pa-
tient and therapist. Thanks to these sessions, we determined
the interaction phases of the therapist and later duplicated
them for the robot. The therapist is always at the patient’s
side, measuring and evaluating his attention and engage-
ment. The presence of the therapist is important for the pa-
tient to gain confidence. As Fig. 2 shows, the patient sits in
front of the tactile screen with the therapist at his right dur-
ing the cognitive stimulation exercises. This triadic config-
uration is kept for the human–robot interaction, because the
current robot is designed as a companion that allows stim-
ulating joint attention situations. Because robot acceptance
is our second concern, after appropriate robot reactions, we
and our colleagues investigated which type of robot the tar-
geted end-users with Mild-Cognitive Impairments might ac-
cept.
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5 Patient–Robot Interaction

5.1 Designing Robot for MCI Patients

Focus group sessions were conducted at the Broca Hospi-
tal to identify how the elderly perceive a robot’s appearance.
There, fifteen adults over the age of sixty-five, divided in
three groups, took part in the sessions, thirteen of whom
were recruited from the Memory Clinic at the Broca Hos-
pital (Paris, France); two were recruited from an associa-
tion for the elderly. Seven participants had been diagnosed
with Mild Cognitive Impairment, according to previous cri-
teria [47]. The focus group results indicate that the robots
considered attractive were small robots, often with a mod-
ern design, shaped like animals or objects they could use
in their daily life [48], such as Mamoru or Paro. Various
robots that fit these characteristics can be employed, but we
selected the rabbit shaped Violets Nabaztag, type Nabaz-
tag: tag. This electronic device has enabled Wi-Fi and can
connect to the internet to process specific services using
a distant server, located at http://www.nabaztag.com. The
Nabaztag has motorized ears, 4 color LEDs, a speaker and
a microphone. As described in Sect. 5.2, ears and LEDs are
employed to enhance the expressiveness of the Nabaztag.
Regarding robot acceptability, experimental results can be
found in other projects, such as SERA (Social Engagement
with Robots and Agents), where social engagement is inves-
tigated [36, 37].

5.2 Description of the Wizard-of-Oz Experiments

5.2.1 Technical and Experimental Design

Human–robot communication differs from human–human
communication. To gather reliable information about
human–robot communication, it is thus important to ob-
serve human behavior in a situation in which humans be-
lieve they are interacting with a real robotic system. The
user should think that he or she is communicating with the
system, not a human [69]. Our Wizard-of-Oz experiments
aim to record interactions between the patient and robot, us-
ing the interaction schemes observed between the patient
and therapist. After analyzing videos of the sessions be-
tween the therapist and patient, interaction patterns were
detected (e.g., therapist encouraging, therapist answering a
question, backchannels) and adapted for the Nabazatg. The
purpose was to give the Nabaztag an interaction panel, leav-
ing the Wizard the responsibility of choosing the right pair
[answer+backchannel] for each situation.

The patient sits in front of the tablet-PC, with the Nabaz-
tag at his right as shown in Fig. 2. During a sequence of
cognitive exercises solved on the tablet PC, the robot inter-
acts with the patient. The Wizard gathers information about

the situation using two cameras and a screen capture of the
tactile screen. The Wizard can hear the patient, but the re-
versed situation is impossible. The Wizard remotely controls
the Nabaztag, activating the pair [answer+backchannel] at
the same time. The total duration of the WOZ experiments
is 96 min, and the mean session duration was 7 min 30 s,
though the individual sessions varied.

5.2.2 Verbal and Nonverbal Behaviors for the Nabaztag

Nonverbal behaviors should be defined for the Nabaztag.
As with other robots, including Paro [50], Emotirob [51] or
Aibo [8], the Nabaztag can exploit movements and sounds
as social communicative signals. According to Lee and Nam
[52], concerning the relationship between physical move-
ment and emotional interaction augmentation, the expres-
sions of the Nabaztag are correlated with both movement
speed and LEDs blinking. As Fig. 3 shows, slow movements
or blinking LEDs express unpleasant expressions, such as
sadness or annoyance, when the user is getting lost or does
not know how to solve the exercise. Positive expressions are
related to active movements and blinking, which are em-
ployed to encourage the user.

The nonverbal behaviors for the Nabaztag were imple-
mented using the NabazFrame, developed by the Univer-
sity of Bretagne Sud.1 Nonverbal choreographies contain ear
movements and different sets of blinking LEDs, where the
color depends on the mood or feedback to transmit. Green
or yellow fast blinking LEDs express pleasant expressions,
while slow movements with blue or violet LEDs express
unpleasant signals (Fig. 3). End-users are currently testing
these behaviors in another work [48].

5.3 Participants Analysis

Therapists at the Broca Hospital selected eight total partici-
pants, seven females and one male, aged 64 to 82, to partic-
ipate in the experiments. Two participants had a slight MCI.
All the users didn’t have any communication, hearing, or vi-
sion impairments. Sessions have been completed in French.
Transcriptions and translations of interactions between the
participants and the Nabaztag are shown in the following
two paragraphs, one dedicated to the SDS, the second to ST.
Clearly these two speech registers are useful for the user.
However, correct interpretations by the robot are only pos-
sible by the introduction of social awareness mechanisms
(SDS vs ST discrimination).

Example 1 Dialog Between a User and the Nabaztag:
System-Directed-Speech

1www-valoria.univ-ubs.fr.

http://www.nabaztag.com
http://www-valoria.univ-ubs.fr
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Fig. 3 Relationship between
movements and expressions

Nab.: Good Morning, my name is Carole, what’s your
name?

User: My name is Bob.
Nab.: Hello, Bob. I’m here to help you to solve your exer-

cises. Do you want to start them now?
User: Yes!
Nab.: Let’s go! First, you have to drag the images into the

box corresponding to their name.
User: How do I do that?
Nab.: Press on the image, then drag it to the box.

Example 2 Dialog Between a User and the Nabaztag: Self-
Talk

User: And I drag the little image with the tree to autumn
box. . . oh, it’s not coming! It’s gone, uh, found, I drag
it to the box, oh, it escaped. . .

Nab.: When dragging the image to the correct box, you
must always touch the screen.

User: Uh, yes, I drag it, I drag the image, the tree is in the
box. The image with the flowers can’t be the summer,
these flowers grow in the spring, oh, I don’t know,
I drag the image to the spring, It’s not coming, ah,
yes, let’s go to the next image.

6 Analysis of the WOZ Experiment Annotations

6.1 Manual Annotation of the WOZ Experiment Content

For each participant in the recorded experiments, the first
step was to manually annotate the videos taken during the

Wizard-of-Oz experiments. Before the annotation, videos
from the two cameras were synchronized and edited to-
gether, so the annotator could view the patient from the two
different angles: computer and robot.

First, the gaze was annotated without paying attention to
the speech. The annotator carefully annotated when the pa-
tient looked at the robot (the setup made clearly visible when
the patient was looking at the robot: from the computer’s
perspective, the person moves her head, and from the robot’s
perspective, the person’s gaze is focused on the camera) and
when the patient looked directly at the computer (same per-
spectives, but reversed). The second step was speech anno-
tation.

The annotator listened to and annotated the relevant key-
words found in the patient’s utterances. Keywords can be
a single word or an expression of words with close sig-
nification: “I’m doing well” is annotated as one keyword.
Filled pauses were not annotated, as the dialog system pro-
cessed them. The spoken keywords were primarily divided
into eight simple different categories, defined by the anno-
tator after seeing all eight films. A general structure is pro-
posed.

– Agreement “Let’s start”, “Yes”, “You’re right”.
– Technical Question (often about using of the tactile

screen).
– Contextual Question (about the cognitive exercise itself,

i.e., “What should I do with this picture?”, “Should I put
it here, or there?”).

– Non-Obligatory Turn-Taking: Comment without re-
quiring an answer from the robot (Users with MCI of-
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ten comment about what they are doing, “And I move the
picture over there. . . ”).

– Obligatory Turn-Taking: Comment requiring an answer
from the robot (i.e., “Tell me, this is right”), which indi-
cates the difficulty felt by the user.

– Support Needed: User is confused and needs more sup-
port (e.g., “I don’t remember”, “I don’t know what I
should do?”).

– Thanks: (a user thanks the Nabaztag when they receive
help; one complimented it about its color and shape).

– Disagreement (“No, I don’t want”).

The gaze annotation shows that users look at the com-
puter 89.76 % of the time, because they were asked to com-
plete the exercises. Other explanations could be found in
the specific design of the triadic situation, as eye contact
with the robot is not required for effective engagement: the
robot is only here to help and encourage, but the patient
must gaze at the computer to solve an exercise. As previ-
ously discussed, eye-gaze behaviors might not be discrimi-
nant for engagement detection on some tasks, especially for
seniors. Similar results have been obtained in [44], where
99.5 % of the self-talk utterances were associated with a
gaze behavior directed to the system, and 98.1 % for system-
directed speech. Eye contact is not always discriminant for
social activity detection, and evaluation using dialog acts as
if self- and open-talk are relevant. Eye contact is not discrim-
inant in our case, but we found that patients’ verbal produc-
tion could provide insight into their difficulties. Because the
robot needs to know when the patient encounters difficulties
to produce the appropriate feedback and help the patient, we
focused our work on verbal utterances.

6.2 Latent Semantic Analysis of the Annotation Content

Understanding the annotation content in interactive data-
bases is made difficult by individuals’ strategies in a cogni-
tive stimulation task. Indeed, several keywords or utterances
correspond to one of the height categories. To provide in-
sights on the annotation databases and thus the exhibited
behaviors, we performed a latent semantic analysis (LSA)
[53]. LSA is based on a Singular Value Decomposition
(SVD) of the term-document matrix and results in a re-
duced dimension of the feature space. Interpreting the re-
duced space allows identifying semantic concepts. Although
LSA is usually performed on texts, we decided to use it
here because the patients’ verbal production is not spon-
taneous. Verbal utterances are structured (the exercise or
technical difficulties). Even in the ST parts of the interac-
tion, verbal production is structured and limited. The term-
by-documents matrix becomes, in our case, a keyword-by-
clusters matrix. To train LSA, we estimated the occurrence
of each of the 247 different keywords or utterances pro-
duced by the participants in the height categories. Using

Table 1 Distribution of self-talk and system-directed speech over the
clusters

Semantic cluster Self-talk System-directed speech

Positive feeling 91 9

Comments 21 24

Social etiquette 43 69

Request information 27 33

Others 130 96

a Kaiser criterion (80 % of the information), the reduced
rank was set to five. We carefully analyzed the content (key-
words) of the obtained clusters, and they were interpreted
thus:

– Positive Feeling: positive feeling expressed towards the
robot or exercises.

– Comments: useful keywords, expressing nothing more
than a simple statement about the exercise.

– Social Etiquette: the keywords in this cluster all ex-
pressed agreement with the robot (“Okay”, “I’m in”,
“Thanks”). This cluster is based on Light’s original works,
analyzing communication and characterizing communi-
cation messages into different categories [71].

– Request Information: all keywords expressing a ques-
tion on the exercises were put into this cluster. The ques-
tions are context-based and depend on the part of the ex-
ercises in which the patient experiences difficulties.

– Others: the cluster in which words are relevant but the
amount of words is too small to form a specific cluster.
This last cluster covers comments useful for the cognitive
exercise but totally relevant for engagement investigations
due to the amount of self-talk (see Table 1).

6.3 Speech Corpus

Our speech corpus contains 543 utterances or keywords,
and each corresponds to a semantic cluster. Each utterance
or keyword has been carefully annotated: (1) self-talk or
(2) system/robot-directed speech. The annotator simply an-
swered these two questions: “According to you, does the per-
son speak to herself?” (ST) or “speak to the robot or the
computer?” (SDS).

We evaluated the subjectivity of the annotation process
by evaluating inter-judge agreement. We chose a second
naive annotator who had no contact with the participants
and did not previously know the differences between ST and
SDS. After watching the videos, the annotator was requested
to annotate the verbal utterances as ST or SDS. We then per-
formed an inter-annotator score between the first labeling
and that of the naive annotator. Using the kappa method, the
result was a score of 0.68, showing a sustainable agreement.
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Fig. 4 Description of the
proposed system for social
awareness measure

Table 2 Number of self-talk and system-directed speech

Users Self-talk System-directed speech

1 20 19

2 1 7

3 106 85

4 14 2

5 30 6

6 37 20

7 58 37

8 49 55

Table 1 gives the distribution of utterances over the clus-
ters. As expected, system-directed speech is more present
on semantic clusters characterized by a direct relationship to
the cognitive exercise: comments, social etiquette and infor-
mation requests. These clusters express direct speech to the
robot because the person is asking or requesting something
precise; for a discussion between two people, the patient in-
stinctively directs his speech to the system.

Most self-talk verbalizations are present in the most het-
erogeneous semantic cluster (Others), reflecting the seman-
tic variability of this speech register. SDS and ST are the
support of various communicative functions and semantic
information is not enough of a discriminant for self-talk
detection. A positive feeling mostly contains self-talk ele-
ments, because these patients are not used to interacting with
robots, and they provide comments that are considered out-
of-task utterances, i.e., self-talk.

In this paper, we investigate global behaviors during the
overall interaction. But, individual evolution of amount of
both SDS and ST are possible during the cognitive stim-
ulation depending on several parameters among them task
difficulty, user’s skill and motivation but and it may also be
impacted by pathology.

Table 2 details the distribution of self-talk and system-
directed speech utterances. Our research is motivated by the
goal of designing metrics that capture individual behaviors.
We expect that automatic ST and SDS characterization will
provide insight into these behaviors.

After an acoustic analysis of all keywords and utterances
annotated as self-talk or system-directed speech, we selected
293 utterances for ST and 223 for SDS. The removed utter-
ances were mainly due to their shorter duration (less than
1 s). Utterance durations are between 1 and 2.5 s.

7 Using Self-Talk Detection for Social Activity
Characterization

In this section, we describe the system developed to char-
acterize social activities by detecting out-of-task utterances
(i.e., self-talk). Figure 4 depicts the proposed system. It re-
quires discriminating self-talk from system-directed speech.
We then combine the duration of both acting dialogs in an
social awareness measure, which aims to characterize the
degree of interaction efficiency.

As mentioned above, self-talk is produced with a lower
intensity than open-talk or robot-directed speech. In this pa-
per, we propose investigating prosodic features, including
pitch, energy and rhythm, because most classification frame-
works of specific speech registers, such as emotions [54],
infant-directed speech [55], or robot-directed speech [56],
are mainly based on supra-segmental feature characteriza-
tions. Batliner et al. [57] have also shown the relevance of
prosodic and duration features to discriminate on-talk from
read off-talk. However, researchers on speech characteriza-
tion and feature extraction show that is difficult to reach a
consensus on relevant features to characterize emotions, in-
tentions, and personality.

7.1 Feature Extraction

Several studies have shown the relevance of fundamen-
tal frequency (F0) and energy-based features for emotion
recognition applications [58]. F0 and energy were estimated
every 20 ms using Praat [59], and we computed several
statistics for each voiced segment (segment-based method)
[60]: maximum, minimum, mean, standard deviation, in-
terquartile range, mean absolute deviation, and quantiles
corresponding to the cumulative probability values 0.25 and
0.75, resulting in a 16 dimensional vector.

Rhythmic features were obtained by applying a set of per-
ceptual filters to the audio signal dedicated to characterizing
prominent events in speech, called p-centers [61, 62]. We
then estimated the spectrum of the prominent signal to char-
acterize the speaking rate. We estimated 3 features: mean
frequency, entropy and barycenter of the spectrum. Differ-
ences in rhythm are indicators of efficiency and clarity in
delivering speech (fluency) [63].

7.2 Classification

After extracting features, supervised classification is used to
categorize data into classes corresponding to (1) self-talk or
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(2) system/robot-directed speech. This can be implemented
using standard machine learning methods. This study inves-
tigated three different classifiers: decision trees, k-nearest
neighbor (k-NN) (k is experimentally set to 3) [64], and
Support Vector Machines (SVM) with Radial Basis Func-
tion [65].

A k-fold cross-validation scheme was used for the exper-
imental setup (k is set to 10), and the performance is ex-
pressed using of the overall accuracy: average of the accura-
cies obtained over the k partitions.

7.3 Evaluating Social Awareness

Engagement is an interactive process [15] in which two par-
ticipants decide when to establish, maintain and end their
connection. Due to the subjective nature of engagement,
manual annotation of the engagement level is usually re-
quired to train classifiers [66]. In this paper, indicators of
engagement and disengagement are restricted to verbal pro-
ductions of the user characterized by SDS and ST reflecting
two different interaction styles: directed to the system or self
directed. We propose a global evaluation of the interaction
styles using a metric able to reflect individual behaviors.

After detecting SDS and ST utterances, we propose com-
bining them to estimate a dimension called interaction ef-
ficiency (IE). Interaction efficiency is a unitless measure of
the time needed to complete the task [67]. Depending on
the task, IE can be more or less difficult to measure. In our
application, where interaction is conducted through dialog,
we argued that IE is related to the quantity of robot/system-
directed speech, which is characterized by (1) intentional
communication towards the system and (2) on-view state
(gazing to the system). Self-talk, conversely, indicates out-
of-task situations resulting from various factors: task diffi-
culty, cognitive load [70]. We propose estimating the IE of a
given human robot interaction during a cognitive stimulation
situation using the following expression:

IE = SDS

SDS + ST
(1)

SDS and ST refer to the duration of system-directed speech
and self-talk (in seconds). The numerator is the amount of
time of intentional interaction, and the denominator is the
amount of time of interaction time (speaking). IE is a unit-
less measure (0 ≤ IE ≤ 1). If SDS is small relative to ST,
IE is also small. The unique information source is the verbal
productions; consequently, the IE metric can only charac-
terize dialog acts by considering them as intentional (SDS)
or out-of-task (ST). Self-talk can positively affect task com-
pletion, depending on the individuals. Future works will in-
vestigate the relationship between performance and verbal
production.

The IE measure proposed in this paper allows evaluating
IE by capturing the ratio between system-directed and self-
directed social activities. In future works, this measure will

Table 3 Accuracy of classifiers using 10 folds validation

Features Decision tree k-NN SVM

Pitch-based 49.8 % 53.35 % 52.16 %

Energy-based 55.54 54.29 % 59.51 %

Rhythm-based 52.78 % 56.58 % 56.97 %

Pitch + Energy 57.42 % 59.28 % 64.31 %

Pitch + Energy + Rhythm 55.46 % 58.20 % 71.62 %

allow changing the verbal and non-verbal behaviors of the
robot and adapting both the cognitive exercises and encour-
agements provided.

8 Experimental Results

This section describes the experiments and subsequent re-
sults for characterizing social activity based on self-talk de-
tection. We first present the performance of our self-talk de-
tection system; we then propose to derive a social awareness
measure.

8.1 Self-talk Detection

Table 3 classifiers trained on different feature sets. Energy
discriminates system-directed speech from self-talk [44].
Compared to pitch-based features, classifiers trained with
energy are more efficient, and the best results are obtained
using SVM. One possible explanation is that extracting pitch
might be more complex for self-talk, which users produce
for themselves, and thus has less energy and intelligibility.

In addition to the literature about energy, we argue that
rhythm should be relevant to our application because of the
change in speaking rates observed during self-talk. The ex-
perimental results show that using only rhythm-based fea-
tures achieves acceptable performance (56.97 %), which is
between those obtained by energy (59.51 %) and pitch fea-
tures (52.16 %). Energy and rhythmic features are more ro-
bust. Rhythmic features are related to the vocalic energy
of signals [68] and have similar characteristics to short-
term energy; perceptual filters, however, are employed be-
fore computing energy (from acoustic prominence enhance-
ment). An SVM classifier trained on three feature sets out-
performs (71.62 %) all configurations. Adding features does
not exhibit the same performance for all classifiers. Adding
features for the decision tree and k-NN classifiers decreases
performance.

8.2 Social Activity Characterization

This section describes estimating the IE measure (Eq. (1)).
To evaluate only the IE measure, we exploited the manually
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Table 4 Interaction efficiency (IE) measure estimation

Users From annotation From automatic self-talk detection

1 0.5 0.62

2 0.83 0.78

3 0.45 0.53

4 0.13 0.08

5 0.20 0.26

6 0.43 0.46

7 0.42 0.38

8 0.57 0.63

labeled data; Table 4 presents the results. The best IE mea-
sure is obtained for user 2 (0.83), but one should be careful
with this result, as he produced only 1 self-talk and 7 system
directed speech utterances (Table 2). For the most talkative
user (patient 3), the IE measure provides insights about his
behavior: a relative balance between ST and SDS.

Patients’ 4 and 5 IE estimations are under 0.20, because
these patients did not talk directly to the robot. They ad-
dressed the system directly at the beginning of the exercise,
showing they understood the instructions. The other verbal
utterances were only comments addressed to themselves.
Patient 5 had few difficulties that required her to address di-
rectly to the robot for an answer, but the number of her self-
talk utterances was too considerable to balance these SDS
utterances.

For automatic estimation, we followed the framework de-
scribed in Fig. 4. A Vocal Activity Detector (VAD), suit-
able for real-time detection in robotics [8], is employed for
speech segmentation. The self-talk/system-directed speech
discrimination system is based on the SVM classifier trained
on pitch, energy and rhythmic features, as previously de-
signed. After classifying speech utterances, we extracted
their duration and estimated the IE measure at the end of
the experiment. Table 4 shows that the IE measures com-
puted using the automatic approach capture each user’s in-
dividual behaviors. High and low IE measures are also ef-
ficiently characterized. However, for low IE measures (i.e.,
user 4), the automatic approach underestimated the perfor-
mance. This may be due to factors such as the small number
of verbalizations from this user. Due to imperfect classifica-
tions, some IE measures are over- or underestimated but do
characterize a trend.

9 Conclusions

In this paper, we have demonstrated promising results in au-
tomatically estimating the interaction styles of patients dur-
ing a coaching experiment with cognitive stimulation exer-
cises. After analyzing WOZ experiments (triadic situation),

we identified relevant social signals characterizing the so-
cial activity (directed or not to the system) of elderly pa-
tients: speech-directed talk and self-talk. Users employ the
latter during difficult tasks for planning, thinking and self-
regulation, and it is an indicator of out-of-task situations.
We have shown that prosodic features are discriminant. We
proposed a system to automatically detect these two social
signals based on extracted relevant features: pitch, energy
and rhythm, using three different classifiers. The experimen-
tal results have shown the discriminative function of energy,
as described in the literature.

Future work in this area should investigate multimodal
cues for extensions to off-talk situations. Off-talk is the act
of not speaking to an addressee, and it includes self-talk and
talking to a third addressee. In this case, automatically de-
tecting on-view states could have great importance. Among
the automatic cues that should be developed, eye-gaze social
signal detection remains a challenge. Metrics of quality of
interaction can also include touching and/or manipulation,
and a more general definition of multimodal and integrative
engagement characterization should be proposed.

Furthermore, we intend to use the IE measure to charac-
terize users and give the opportunity to adapt a robot’s be-
haviors. In our specific task, this includes encouragements
and potentially the cognitive exercise difficulty. In future
work, we will exploit questionnaires to understand and es-
timate users’ engagement awareness during interaction (en-
gagement experience).
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