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Abstract

- Oliver Roesler? - Hoang-Long Cao' - Bram Vanderborght’

Robots that express human’s social norms, like empathy, are perceived as more friendly, understanding, and caring. However,
appropriate human-like empathic behaviors cannot be defined in advance, instead, they must be learned through daily interac-
tion with humans in different situations. Additionally, to learn and apply the correct behaviors, robots must be able to perceive
and understand the affective states of humans. This study presents a framework to enable cognitive empathy in social robots,
which uses facial emotion recognition to perceive and understand the affective states of human users. The perceived affective
state is then provided to a reinforcement learning model to enable a robot to learn the most appropriate empathic behaviors
for different states. The proposed framework has been evaluated through an experiment between 28 individual humans and
the humanoid robot Pepper. The results show that by applying empathic behaviors selected by the employed learning model,
the robot is able to provide participants comfort and confidence and help them enjoy and feel better.

Keywords Empathy - Reinforcement learning - Personality - Human-robot interaction - Social robot

1 Introduction

The number of robots interacting with humans has increased
and some of these robots are interacting with sensitive groups
of society, like users with disabilities [8], elders [5,21], peo-
ple with dementia [9], and children with autism [12], to
provide instructions, feedback, and support. Previous stud-
ies showed humans prefer robots that show human’s social
norms, like empathy, which makes robots appear more car-
ing, supportive [7], engageable [23], and friendly [33]. In
addition, robots have the opportunity to serve as empathiz-
ers in circumstances that humans tend to avoid empathy,
e.g., if helping prevents obtaining a desired outcome [11],
is exhausting [35] or causes cost [39].

Even though the positive effects of empathy in human-
robot interaction (HRI) have been established, a coherent
empathic model has not been obtained yet [22], which is
mainly due to two reasons. The first reason is that most pro-
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posed empathic models consider contextual information and
task-related factors, e.g., the user’s status in playing a game,
i.e., failure or success [25], to conduct empathy, while user’s
affective state is ignored. In contrast, the model proposed
by Churmani et al. [10] considered user’s affective state and
to determine it asked the users about their feeling through a
questionnaire. Whilst the latter approach takes the affective
state into account, assuming that users provide accurate infor-
mation, it interrupts the flow of interaction by asking users
to self-report their affective state. To address this problem,
the proposed framework has an emotion detection module,
which tracks and analyses users’ facial expressions to enable
arobot to detect users’ affective states automatically.

The second reason preventing obtaining a coherent empa-
thy model is defining empathy as a static method that selects
empathic behaviors following predefined rules, which can-
not be updated during interaction with users [22]. However,
empathy is a learnable skill [31] that humans learn through-
out their life by interacting with a large number of other
humans, and as different humans may desire different types
of empathic responses, one’s empathic model continuously
changes and updates based on the others’ reactions. Hence, it
is a logical step to let robots also “learn” how to make empa-
thy. This is done in the proposed framework by providing

@ Springer


http://crossmark.crossref.org/dialog/?doi=10.1007/s12369-020-00683-4&domain=pdf
http://orcid.org/0000-0003-1662-4304

1080

International Journal of Social Robotics (2021) 13:1079-1093

Fig.1 Cognitive and affective
constructs that Davis proposed
to explain processes and
outcomes of empathy [14]
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a learning module, which enables the robot to learn when a
certain empathic behavior is appropriate to be applied.

In this study, we try to address the explained problems by
developing a coherent empathy model. The main contribu-
tions of this work are the use of a facial emotion detection
model, which enables the robot to be sensitive and respon-
sive to the users’ affective state and the use of a reinforcement
learning model to enable the robot to learn the most appro-
priate empathic behaviors for different situations by trial and
error. Applying these two models in the proposed framework
leads to a general empathy framework, which is scenario
independent.

The remainder of this paper is structured as follows. The
applied definition of empathy and its basic constructs are
described in Sect. 2. Section 3 presents a review of previ-
ous work. The proposed framework is illustrated in Sect. 4.
Sections 5 and 6 demonstrate the experimental scenario and
obtained results. Finally, Sect. 7 concludes this study.

2 Empathy Definition

Originally empathy has been considered as either a cognitive
or an affective phenomenon. Empathy as a cognitive phe-
nomenon is the process where the observer, i.e., empathizer,
can understand what the other person, i.e., target, is expe-
riencing by taking her perspective but without necessarily
experiencing any emotional change. By understanding the
target’s feelings, the empathizer can provide some reactions
more congruence with the target’s feeling than her own feel-
ing [38]. In contrast, empathy as an affective phenomenon
is an unintentional and uncontrollable process, where the
empathizer not only can understand what the target is expe-
riencing but also can feel her emotions [14]. Latter, Davis
[13] treated empathy as a multidimensional phenomenon
that includes both cognitive and affective components as
shown in Fig. 1. He defined empathy as a set of constructs
that connects the responses of the empathizer to the experi-
ences of the target. These constructs specifically include both
the “processes” taking place within the empathizer and the
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affective and non-affective “outcomes” that result from those
processes [14]. The main constructs in his prototype are:

— Antecedents, which refer to the attribute of the situation,
empathizer or target, e.g., the target’s personality;

— Processes, which refer to the process by which empathic
outcomes are formed;

— Intrapersonal outcomes, which refer to cognitive, affec-
tive, and motivational empathic outcomes formed in the
empathizer that are not necessarily shown to the target;

— Interpersonal outcomes, which refer to behavioral empathic
outcomes that are shown to the target.

Among different constructs of empathy, developed empa-
thy models in HRI mainly focused on intra- and interpersonal
outcomes of empathy. The intrapersonal outcomes of empa-
thy can be parallel or reactive emotions, thus, previous
studies also aimed to develop parallel or reactive empathy
models, e.g., [27,33,38].

Parallel outcomes of empathy contain similar emotions
that the target is experiencing. In fact, through parallel
empathy the empathizer mimics the target’s emotions by syn-
chronizing facial expressions, vocalizations, postures, and
movements with those of the target [18]. The reactive out-
comes of empathy, on the other hand, aim to alter or enhance
the target’s affective state and can be different from the tar-
get’s affective state. While parallel outcomes of empathy are
more self-oriented, reactive outcomes are focused on the tar-
get, thus, reactive outcomes can be considered as a higher
level of empathic behavior [27,33].

In this paper we are using David’s definition of empathy
and since robots are not able to feel as humans can, our focus
is on cognitive empathy.

3 Related Work

There are two fundamental approaches for modeling empa-
thy: analytical and empirical. Analytical approaches model
empathy by analyzing computational models of empathy
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and findings of empathy, e.g., findings in the neuroscience
of empathy [34]. Empirical approaches, on the other hand,
derive empathy directly from observations of “empathy in
action” [26]. However, since empathy is a complex concept
with no agreement on its exact functionality, there is a lack
of computational models of empathy [34]. Therefore, most
of the proposed models are derived empirically and attempt
to address empathy by designing fixed empathic behaviors
for specific scenarios [2]. Such that, robots are trained to
evaluate the current affective state of a user in a specific con-
text and then respond to it either by mimicking the observed
emotions (parallel empathy) or uttering related predefined
sentences (reactive empathy), e.g., [32]. In contrast, Bagheri
etal. [4], proposed ACEM, an Autonomous Cognitive Empa-
thy Model, which enables the robot to autonomously decide
whether parallel empathy is more adequate or reactive empa-
thy based on the type and intensity of the detected emotion
obtained by [3].

Some studies also tried to develop more general mod-
els for empathy using learning algorithms. Leite et al. [24]
proposed a reinforcement learning based model, where the
robot plays chess with users and tries to predict their feelings
based on task-related features, e.g., game state and non-
verbal behaviors, e.g, gaze direction and smiling, and applies
different empathic strategies. The reward function estimates
how much a user’s positive feeling improved after the robot
employed a particular strategy. However, no significant dif-
ferences were found between the results of the learning based
empathic model and static empathic model, which Leite et
al. [24] believe is due to the shortness of the interaction, such
that users might not have had enough time to realize that
adaptation was taking place, and also they believe the time
to evaluate the reward function is not defined appropriately.

McQuiggan et al. [27] trained three different Weka [40]
models, i.e., Naive Bayes, Decision Tree and Support Vector
Machine, in an offline session on biological clues, situational
data, and temporal information of empathic interactions of
human-controlled virtual agents to predict when and how
to exhibit empathic behavior. Afterward, the models were
evaluated in an online session, where the virtual empathizer
character asks the virtual target character to select one of
ten available emotions as her affective state, based on the
reported state, the virtual empathizer applies an empathic
behavior. The appropriateness of the applied empathic behav-
ior is evaluated by asking the target how she feels after seeing
it. Thus, the main disadvantage of this approach is that users
need to rate empathic behaviors without feeling real emo-
tions. Additionally, the employed learning models require a
training step to know all possible situations that may happen
during the experiment and are therefore not able to encounter
unseen situations.

Tapus et al. [38] proposed a policy gradient reinforce-
ment learning (PGRL) based model for an assistant robot

for a rehabilitation task. The employed model defines some
parameters as the robot’s overall behavior, which can be
optimized by PGRL. The applied reward is the number of
exercises performed by the user in the last fifteen seconds,
which means that the employed model does not take into
account the affective state of the user and can only be used
in the scenario described in the study.

Although the described studies tried to learn empathy,
their models are restricted to specific scenarios. Therefore,
this study proposes a more general reinforcement learning
(RL) based empathy framework, which is scenario indepen-
dent and able to learn which empathic behavior is the most
suitable for different emotional states detected in real-time
from facial expressions.

4 Proposed Framework

The proposed framework contains three main modules: (1)
Emotion Detection module, which detects and recognizes
a user’s emotion from facial expressions, (2) Reinforce-
ment Learning module, which over time learns to select the
empathic behaviors that comfort users in different emotional
states, and (3) Empathic Behavior Provider module, which
applies selected behaviors to the robot to react to users’ emo-
tions. Each individual component is described in more detail
in the following subsections.

4.1 Emotion Detection Module

According to Mehrabian [28], 55% of human emotions are
conveyed by facial expressions. Hence, we used our facial
emotion detection model proposed in our previous work
[3] to classify the facial expressions in real-time into six
basic emotions defined by Ekman [16], i.e., anger, sadness,
surprise, happiness, fear, and disgust. While in proposed sce-
nario (Sect. 5) we did not expect participants to be afraid or
disgusted, we only considered the other four emotions. The
most dominant emotion during the last ten seconds, i.e., the
emotion that was predicted the most, is then given as input
to the reinforcement learning module.

4.2 Reinforcement Learning Module

The learning module, illustrated in Fig. 2, is used to enable
robots to choose the most appropriate empathic behavior, i.e.,
the empathic behavior that can comfort the user and alter the
user’s affective state, in each possible emotional situation.
To learn the optimal action-selection policy, the model uses
reinforcement learning, more specifically contextual bandit
[37]. The number of states is equal to the number of com-
binations of considered emotions, i.e., four, and considered
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Fig.2 Architecture of the
proposed framework, where the
Participant (environment)
interacts with the robot Pepper
(agent), the Emotion Detection
Model recognizes the user’s
affective state by analyzing
Facial Expressions (current
state), and Pepper executes an
Empathic Behavior (action)
selected by the RL model.
Afterwards, a reward, which is
determined by evaluating the
user’s new affective state, is
given to the applied action

State
(Emotion)
Reward Evaluation

Emotion Detection
Module

A

Facial Expression

types of personality (Sect. 4.3), i.e., three, leading to a total
number of twelve different states.

We considered four categories of empathic utterances
as possible actions (Sect. 4.3) so that the robot learns the
most appropriate utterance category for each emotional state.
Based on the situations the users can encounter in the
conducted experiment (Sect. 5), we defined “appropriate
responses” as responses that help users to enjoy more. Thus,
the robot gets a positive reward when users’ emotions change
from negative to neutral or positive, or let them stay positive
(Table 1).

The Q-table is initialized with zeros. In the beginning,
the algorithm starts by selecting random actions, since the
Q-values of all utterance types are the same. If the new
affective state of the user is undesirable, i.e., the user expe-
riences a negative affective state, the Q-value of the selected
action decreases so that the action is less likely to be selected
again when the user feels the same affective state in the
future. However, if the new affective state is desirable,
i.e., the empathic behavior made the user feel better, the
Q-value of the selected action increases so that the robot
will choose this utterance type with a higher probability,
if the user encounters a similar situation again. After per-
forming each action, the Q-table is updated based on the

Eq. (1):

Table 1 Tllustration of the reward, which depends on the current (S;)
and next (S;41) emotional states of the user

S Si+1
Anger/sadness Neutral/happiness/surprise
Anger —1 1
Sadness -1 1
Happiness —1 1
Surprise —1 1
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where a is the action taken in state s, r the corresponding
reward, and « the learning rate, which determines the impor-
tance of prior knowledge. In this study, « is set to 0.1. For
exploration e-greedy is used as described by Sutton [37],
where € is set to 0.1.

4.3 Empathic Behavior Provider Module

The designed empathic behaviors comprise verbal empathic
comments, which are categorized as four sets of utterances
(Table 2): Mimical, which mimic users’ emotions to apply
parallel empathy [27], for instance, “I’m happy that you are
happy!”. Motivational, which are a form of reactive empa-
thy that motivate users to pass the current negative emotion
[27], such as: “Let it go, look for next round”. Distractional,
which can distract users from negative emotions [6,15], for
example: “Do you know what day is today?”. Alleviational,
which try to reduce the user’s distress through reactive empa-
thy [20], for instance: “You did your best, don’t regret.”.
While mimical utterances are considered as parallel empa-
thy, motivational, distractional and alleviational utterances
are considered as reactive empathy. As shown in Table 2 in
each category two utterances are provided for each emotion.

Moreover, personality can affect the characteristics of
verbal comments which are preferred by users, e.g., Tapus
et al. [38] showed comments which challenge the user are
preferred by extrovert users and comments that focus on nur-
turing praise are preferred by introvert users. In addition, with
respect to similarity-attraction principle, extrovert users pre-
fer robots which talk louder, more friendly, and informal,
while the introvert users prefer robots which talk lower and
more formal [29]. Therefore, we evaluate users’ extrover-
sion personality factor through a questionnaire developed
by Goldberg [17], where the scores in the extroversion
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dimension vary between — 5 to 45. Since people with
small variations in extroversion dimension have similar per-
sonalities, we defined three main categories, i.e., introvert,
ambivert, and extrovert with extroversion scores under 16,
between 16 and 24, and above 24, respectively. Furthermore,
as our platform (Sect. 5) is equipped with some predefined
gestures, which allow the robot to talk in a more expressive
way, we also applied the most related gesture to each com-
ment.

Once the RL model selects the best utterance category, one
of the predefined comments in that category is used randomly.
The proposed framework is scenario independent because
although the utterances will change based on the context in
different scenarios, the defined categories will still be the
same, and the goal is finding the category, which leads to
better empathic behavior for each situation.

5 Experiment

For this study, 28 participants (19 male and 9 female) were
recruited, their mean age was 29 years. Each participant was
assigned to one of the defined personality types (introvert
= 0, extrovert = 9, and ambivert = 13). All participants
were students or university staff and signed an informed
consent form before the experiment. At the end of the exper-
iment, participants were compensated with small gifts for
their time.

To verify the functionality of the proposed framework, we
designed a cooperative interaction scenario, where the par-
ticipants played a game with the robot while they were not
aware of the empathic capability of the robot. The employed
robot is Pepper [30], which is a 1.2 meters tall humanoid
robot developed by Softbankrobotics. Pepper has twenty
degrees of freedom, which allows it to have different pos-
tures. It is also equipped with a tablet, microphones, touch
sensors, LEDs, and a variety of sensors for multimodal inter-
actions.

The designed game is such that Pepper asks the partici-
pant to tell which objects it has put in its magic bag in the
correct order. Pepper starts the game by saying: “I put in my
bag obj1”, where obj; is a randomly selected item from a
vocabulary set comprises 42 different objects !, and asks the
participant to help it to remember what it has in its bag. In
response, the participant says “You put in your bag obj;”. We
used Google Speech API [41] to track the participant’s speech
and analyze, if the participant had repeated all the objects in
the correct order. However, due to sensitivity of the Google
Speech API to participants’ accents, speech rate, and speech
loudness Wizard of Oz confirmed the participant’s speech in

' The vocabulary set contained ordinary items, like pen, apple, tape,
spoon, pencil, camera, socks, and scissor.
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case Google Speech API fails. Pepper continues the game by
adding a new object, and says “I put in my bag, obj, obj,”.
The game continues until the vocabulary set gets empty or
the participant makes a mistake, i.e., the participants knew if
they forget one of the objects or say them in the wrong order,
they would loose the game. Each session lasted between ten
to 45 minutes, depending on how well the participant was in
playing the game. We expect users to get happy or surprised
when they remember a remarkable list of objects and feel
upset or angry when they cannot remember the list of the
objects.

Figure 3 shows our experiment setup, in which a user
sits in front of Pepper and a camera records the inter-
action. The emotion detection module tracks participants’
facial expressions and sends the detected emotion to the RL
model, afterward, Pepper expresses the verbal comment that
is selected by the developed RL model with corresponding
gesture (Sect. 4.3). Then, the participant’s facial expression
is tracked again to determine his/her new emotion. Consider-
ing this new emotion as the new state, the Q-table is updated
based on the reward values defined in Table 1 and Eq. 1.

6 Results and Discussion

To verify the proposed framework, the applied modules are
verified individually, i.e., Sect. 6.1 verifies the applied learn-
ing module and Sect. 6.2 analyses the users’ impression of
the robot’s empathic behavior provider module through dif-
ferent questionnaires and measurements. Finally, Sect. 6.3
verifies the proposed framework by discussing participants’
impressions of the interaction with Pepper.

6.1 Reinforcement Learning Module Verification

Based on the cumulative reward (Fig. 4) over all sessions, i.e.,
for all participants, the RL model learned the most appropri-
ate empathic behavior for most of the emotional states, i.e.,
the utterance types that lead the participant to feel more pos-
itive. The cumulative reward for individual states (Fig. 5)
shows that the most encountered states are when an ambivert
or extrovert participant is happy, i.e., 194 or 141 times,
respectively. During the experiment negative emotions were
not detected so often, e.g, two Sad—Ambivert, seven Sad—
Extrovert, four Sad—Introvert, and twelve Anger—Extrovert.
Therefore, the employed RL model could not converge to the
empathic behaviors that can alter these feelings of the partic-
ipants, hence, corresponding states are not included in Fig.
5. Table 3 shows the number of occurrence of each defined
state.
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Fig.3 The setup of the experiment, where the user plays the game with

Pepper. The head-mounted camera (Camera 1) is used to record the
user’s facial expression, while the second camera (Camera 2) is used
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to record the interaction for offline analysis. The authors obtained the
consent for the use of all the photos in this publication
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Fig.4 The cumulative reward that the agent obtained over all participants and states, where Py, (k = 1, ..., 28) shows the session corresponding

to the k' participant

According to Fig. 5, for Anger—Ambivert the model
required about fifteen situations to learn the empathic utter-
ance type that comfort the participant, i.e., alleviation, yet,
after a few more situations the participant changed and
the learned behavior only sometimes was getting a positive
reward for the second participant. After overall forty situa-
tions, the participant changed again. In this case, the same
behavior as for the first participant received positive feedback
from the third participant. For Anger—Introvert the model
seemed to converge to motivational behavior, but it is not
completely clear because this state was encountered only 28
times.

For happiness, the model selected mimical empathic
behavior at the beginning, which received positive feedback
from all participants independent of their personalities. A
few cases, where it received negative reward seem to be due
to misclassification of the emotion by the emotion detection
model or temporary annoyance of participants when the same
utterance was used repetitively.

For Surprise—Ambivert and Surprise-Introvert the model
converged to mimical empathic behavior, while for Surprise—
Extrovert it converged to motivational behavior. Table 4
summarizes the converged empathic behaviors for all states
shown in Fig. 5.

@ Springer
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Fig.5 The cumulative reward that the agent obtained in different states over the number of times it encountered a specific state. The states that the
agent encountered for less than fifteen times, i.e., Anger—Extrovert and Sadness for all personalities, are ignored

Table 3 Number of times each emotion was detected during the experiment

Ambivert Extrovert Introvert
Anger Happiness Surprise Sad Anger Happiness Surprise Sad Anger Happiness Surprise Sad

74 194 61 2 12 141 39 7 28 45 32 4

Table 4 The type of utterances which the model converged to in different states are indicated by =

Type of action Ambivert Extrovert Introvert

Anger Happiness Surprise Happiness Surprise Anger Happiness Surprise
Mimical * # * * £
Motivational * *
Distractional
Alleviational *

For all states, the model sometimes received negative 6.2 Empathic Behavior Provider Module Verification
reward after it had already converged to the optimal empathic

behavior, which can be a result of one of the following To evaluate the participants’ impressions of the proposed
cases: (a) exploration, which can lead to a non-optimal  empathy framework, we asked them to rate the assertions
empathic behavior, (b) inaccurate user emotion detection, of three different questionnaires on a scale of one to five
which can be either that the user’s current state is mis-  with anchors of “strongly disagree” to “strongly agree”. To

classified and an irrelevant empathic behavior is applied  evaluate the internal consistency of the adapted assertions of
or the user’s new state is misclassified and the received  the applied questionnaires, Mcdonald’s @ and Cohen’s d are
reward is inaccurate, (c) users annoyance due to repetitive evaluated (Table 6).

empathic behaviors because users might get annoyed, if The participants’ scores to different questionnaires are
they hear the same utterance repeated in a short period of  analysed and shown in terms of average, standard devia-
time, and (d) the user changes because there is a probability ~ tion, and 95% confidence intervals. In addition, to eval-
that different participants prefer different empathic behav-  uate if the obtained results are better than neutral, i.e.,
iors. being significantly higher than average score (three), we

@ Springer
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Table5 The comparison between the means and standard deviations of our previous study, i.e., ACEM [4] and proposed learning based framework,

i.e., RLM
Functionality Assertions ACEM RLM 95% C1
M SD M SD
Intimacy Pepper knew when something was bothering me 345 1.12 3.32 0.9 [2.55, 3.66]
Pepper knew when I was upset 34 1.3 3.28 1.18 [2.27,3.52]
Emotional If I were worried, Pepper would make me feel better 3.15 1.23 3.53 0.79 [2.87, 3.77]
Security If I were nervous, Pepper would make me feel calmer 2.97 1.23 343 0.92 [2.65, 3.64]
If I were upset, Pepper would make me feel better 3.27 1.2 3.36 0.91 [2.65, 3.64]
My thoughts were clear to Pepper 3.55 1.22 3.39 0.73 [2.71, 3.65]
Social Pepper’s thoughts were clear to me 3.57 1.3 4.36 0.67 [3.95, 4.69]
Presence Pepper was influenced by my mood 4.17 0.86 3.93 0.81 [3.41, 4.30]
I was influenced by Pepper’s mood 3.02 1.19 3.78 0.73 [3.13, 4.08]
It was fun watching/playing with Pepper 3.95 1.09 3.86 0.88 [3.21, 4.29]
Pepper made me participate more in the watching/playing 3.27 1.16 4.5 0.88 [4.22,4.77]
Engagement Watching movie/playing game with Pepper caused me real
feelings and emotions 2.95 1.26 3.93 1.24 [3.34, 4.37]
I lost track of time while watching/playing with Pepper 332 1.27 3.89 0.68 [3.41,4.23]
Perceived I enjoy the robot talking to me 3.77 1.27 418 0.93 [3.81, 4.55]
Enjoyment I enjoy doing things with the robot 3.82 1.07 4.03 0.57 [3.68, 4.39]
(PENJ) I find the robot enjoyable 3.92 1.06 3.93 0.93 [3.54, 4.32]
I find the robot fascinating 3.9 0.83 4.14 0.78 [3.68, 4.60]
I find the robot boring 2.1 1.18 1.28 0.46 [1.27,2.09]
Perceived I consider the robot a pleasant conversational partner 3.22 1.21 3.25 0.77 [2.83, 3.67]
Sociability I think the robot is nice 427 0.8 3.75 0.74 [3.33,4.17]
(PS) I find the robot pleasant to interact with 3.67 0.93 3 0.81 [2.41,3.59]
I feel the robot understands me 3.82 1.16 4.11 0.97 [3.78, 4.43]
I:]bul : an:fiel\c/ltcgcz)?;l?;;:)’ P Function Mcdonald Wilcoxon test Effect ,size
assertions of the friendship, © N v P Cohen’s d
engagement and UTAUT Intimacy 0.50 2 76.0 33 0.07
questionnaires, obtained by the . .
proposed RL based framework Emotional security 0.53 3 38.5 .10 0.24
Social presence 0.60 4 91.0 <.001 0.91
Engagement 0.61 4 162.5 <.001 0.94
Perceived enjoyment (PENJ) 0.83 5 136.0 <.001 1.13
Perceived sociability (PS) 0.78 4 85.0 .16 0.18

applied Wilcoxon test, since our data suggests a devia-
tion from normality (Table 6). Following we explain each
considered questionnaire, its functionalities and obtained
results.

6.2.1 Friendship Questionnaire

Applying empathic behaviors in a robot promotes users’ pos-
itive belief in the robot and its relationship with humans [1,7].
For instance, empathic behaviors can emerge and evolve

social connections, such as friendship [25]. Thus, we asked
the participants to indicate their level of agreement to nine
assertions of friendship questionnaire. The applied assertions
selected from [25] are as following:

Intimacy, which refers to “sensitivity to other’s needs and
states”, we used this assertion to see how much our empathic
model is sensitive to the users’ emotions and needs (M = 3.3,
SD = 1.04and p = .33). The p value is not significant, since
the two questions related to intimacy ask, whether the robot
is able to understand if the user is upset or worry (Table 5),

@ Springer
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Fig. 6 The comparison between the proposed RL based empathy
model, i.e., RLM and our previous study, i.e., ACEM [4]. The red bar
in each box plot indicates the median, the box above the median line
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Fig.7 The comparison of the obtained average score over the applied
assertions of the friendship, engagement (left) and the UTAUT (right)
questionnaires, for two groups of participants, where the first group
interact with the robot, while the learning model was trying to learn and

Engagement

1L
Perceived Sociability

Perceived Enjoyment
the second group interacted with the robot when the learning module
had learned. p* indicates p < 0.05, which obtained by Mann—Whitney
test
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Fig. 8 The comparison of the obtained average score for the applied assertions of the friendship, engagement (left) and the UTAUT (right)
questionnaires for two groups of “Long-Interaction” and “Short-Interaction”. p* indicates p < 0.05, which obtained by Mann—Whitney test

which due to low repetition of sadness and anger in our exper-
iment did not get high scores from participants.

Emotional Security, which refers to “providing comfort
and confidence”. We use this functionality since we expect
the empathic model should be able to comfort participants

(M = 344, SD = 0.87 and p = .1). The p value is not
significant since, similar to Intimacy, the related questions to
Emotional Security ask whether the robot is able to make the
users feel better or calmer when they are upset or worried
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Fig. 9 The comparison of the obtained average score for the applied assertions of the friendship, engagement (left) and the UTAUT (right)

questionnaires for three defined groups based on the type of reward

(Table 5), which are the emotions the users did not feel so
often during the experiment.

Social Presence, which refers to “the experience of sens-
ing a social entity when interacting with the system”, and can
show how much the robot’s empathic behavior is natural and
acceptable, i.e., a higher score in this functionality means the
robot is perceived as more humanlike and social. We evalu-
ated this functionality through two sub-functionalities:

Perceived Message Understanding, which refers to “the
ability of the user to understand the message from interac-
tant”, and a higher score indicates the transparency of the
robot’s behavior (M = 3.87, SD = 0.7, and p < .001).
As the result is significant, one can conclude considered
empathic behaviors are appropriate such that participants
could understand their relevancy to the situation.

Perceived Affective Interdependence (PAI), which refers
to “the extent to which the user’s emotional and attitudinal
state affects and is affected by the interactant’s emotional and
attitudinal states”. We used this functionality to evaluate the
ability of the robot in terms of changing the users’ affective
state, which is the main goal of empathy (M = 3.85, SD =
0.77,and p < .001). The significance of the obtained results
in this functionality indicates that the participants believe the
robot gives the impression that it is able to understand their
feelings and they got affected by its appropriate reactions.
The mean and standard deviation of the participants’ scores
to the applied friendship assertions are shown in Table 5.

6.2.2 Engagement Functionality

Engagement refers to “the process by which two partici-
pants establish, maintain and end their perceived connection”
[36] and evaluates the probability of keeping interaction with
robots for a longer period of time (M = 4.04, SD = 0.8 and
p < .001). Significance of the result shows the robot is able
to engage the participants and they are willing to spend more
time with the robot. The results are shown in Table 5.

@ Springer

6.2.3 UTAUT Questionnaire

To evaluate the robot acceptance we developed nine asser-
tions of an adapted model of the UTAUT (Unified Theory of
Acceptance and Use of Technology) questionnaire [19]. The
applied items allowed us to capture the “perceived enjoy-
ment”, and “sociability” factors of UTAUT questionnaire.
The following applied assertions are selected from [19]:

Perceived Enjoyment, which refers to “Feelings of joy/
pleasure associated with the use of the system” [25]. We
used this functionality to see how much the users enjoyed
interacting with the robot (M = 3.52, SD = 0.75, and
p < .001). The obtained results show the participants were
enjoying interacting with the robot, which can be seen as
the positive effect of provided empathic behavior that users
perceived the robot as companionship and can be used to
improve the interaction between user and robot.

Perceived Sociability, which refers to “the perceived abil-
ity of the system to perform sociable behavior” [25] and
enables us to estimate robot’s socially (M = 3.52, SD =
0.92 and p = .16). In contrast to the scores of Social Presence
that focus on the robot’s message and ability to affect users’
emotional and attitudinal state, the scores of this functionality
are not significant, which can be due to the robot’s appear-
ance, i.e., rigid face, robotic voice, and motion (Table 5).

6.3 Framework Verification

A common way to verify proposed models in HRI studies is
defining a baseline model and asking participants to rate both
models based on different questionnaires. However, defining
a baseline for empathic models is challenging. For instance,
studies in [24] and [25] defined two types of roles for the
robot as “supportive”, i.e., proposed empathic model, and
“neutral”, i.e., baseline model. The supportive model uses
utterance like “don’t be sad, I believe you can still recover
your disadvantage” and the neutral model uses utterance like
“bad move”, if the user’s move in chess play is not good.
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Asking participant to rate these two models cannot capture
participant’s true opinion of the individual models, since one
might get a better score just because it is better than the other
model and not because it is a good empathy model.

Therefore, in this study we did not define a baseline model
that plays a neutral or against role to obtain the individual
evaluations of the applied empathy model. Instead, we veri-
fied that the proposed model is able to learn the appropriate
empathic behaviors by comparing its obtained ratings with
the ratings achieved by a model that always applies appro-
priate empathic behaviors. The latter model, i.e., ACEM,
was recently proposed in our previous study [4], which uses
the same facial emotion detection module (Sect. 4.1), but a
different empathic behavior module, which uses predefined
appropriate empathic behaviors. More specifically, ACEM
uses reactive empathy, i.e., alleviational and motivational
utterances, for negative and strong positive emotions, and
parallel empathy, i.e., mimical utterances, for positive and
weak negative emotions.

The results in Table 5 and Fig. 6 show that the means
and standard deviations are similar for both models indi-
cating that the RL based model has learned the appropriate
empathic behaviors for the encountered affective states. For
Emotional Security, Perceived Enjoyment, and Engagement,
the means are even higher for the RL. model, however, this dif-
ference is not statistically significant based on an employed
Mann—Whitney test. Further investigation are necessary to
determine whether learning can lead to more appropriate
empathic behaviors than manually predefined ones.

Further, to verify the effect of the learning module on
empathic behavior selection, we defined two groups: The
first group includes the first half of the participants of each
personality type, who interacted with the robot when the
applied RL model was not converged and the second group
includes the later participants, who interacted with the robot
after the model converged (Table 7). Our hypothesis is that
the second group scored the robot’s empathic behavior higher
than the first group since they interacted with the robot when
the learning module converged. Figure 7 shows the obtained
result, where the second group rated the robot’s behavior
higher in all considered functionalities. To verify the signifi-
cance of the obtained results we applied Mann—Whitney test,
which shows in three functionalities, i.e., Emotional Security,
Engagement and Perceived Sociability, the obtained results
by the second group are significantly higher.

Moreover, as shown in Fig. 4, some participants had longer
interaction with the robot, while others had shorter interac-
tion (Table 7). To analyse the effect of interaction time on the
participants’ impression, they are divided into two groups of
“Short-Interaction” group, which includes participants that
have less than twenty emotional interactions with the robot,
i.e., P3, Ps, P, Pg, P15, Pis, P17, P20, P21, P23, P24, Pas, Pog,
P>7, and P»g, and “Long-Interaction” group, which includes

the rest of the participants. As shown in Fig. 8, comparing the
scores of these two groups “Short-Interaction” group scored
the robot’s empathic behavior higher. To verify the signif-
icance of the obtained results we applied Mann—Whitney
test, which shows in four functionalities, i.e., Intimacy, Emo-
tional Security, Social Presence, and Perceived Sociability,
the results obtained by the Short-Interaction group are sig-
nificantly higher. One reason can be that participants in the
Long Interaction group heard the applied utterances for many
times, which over time can make them bored.

Furthermore, according to Fig. 4, participants can be cate-
gorized as three groups: group 1, the participants who always
liked the robot’s empathic behavior and therefore, the applied
empathic behaviors only got positive reward, i.e., P, P3,
Py, Py, P14, Pig, P, P27, and Pog. Group 2, the partici-
pants who at the beginning of the interaction liked robot’s
empathic behavior and robot got positive reward for apply-
ing those behaviors but after a while they did not like the
robot’s empathic behavior any more and robot got negative
reward at the end of the interaction, i.e., Py, Pi7, Pig, P22,
and P»s, and finally, group 3, who in some cases liked the
robot’s empathic behavior and in some other cases disliked,
Le., P1, Ps, P, Pg, Pio, P11, P12, P13, P15, P19, P21, P3,
Pys, and Pyg (Table 7).

We compared the impressions of these three groups based
on their scores on the applied questionnaires. Figure 9 shows
the group that always liked the robot’s behavior, i.e., group 1,
has scored the robot’s behavior higher in comparison to the
two other groups. Interestingly, group 2 scored the robot’s
behavior less than or equal with group 3. One reason can be
that the robot’s empathic utterances got repetitive for group
2 after a while, and they did not have the chance to see
the robot’s behavior adaptation since the interaction stopped
shortly afterward. While the participants in group 3, experi-
enced the robot’s behavior adaptation, which leads to higher
scores by this group. However, Kruskal-Wallis test did not
confirm the significance of the obtained result, which might
be due to the groups’ small and different sample sizes, i.e.,
nine, five, and fourteen individuals.

7 Conclusion

In this study, we proposed an empathy framework, which
determines users’ emotional states from facial expressions
and uses reinforcement learning to enable robots to select the
most appropriate empathic utterance for different affective
states. To formalize our task as a RL problem, we considered
the combination of four basic emotions and three types of
personality as possible states of the environment, defined the
type of the provided empathic utterances as possible actions
and gave a positive reward, if the user felt more positive after
applying the empathic utterance. The results confirmed the
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ability of the proposed framework in obtaining an empathic
policy, which applies the most appropriate type of empathic
utterance for each detected state.

To evaluate how much our empathic model was plea-
sureful for the participants, after the experiment, we asked
participants about their impression of interacting with the
robot through three different questionnaires of friendship,
engagement, and UTAUT. The obtained results from 28 par-
ticipants showed the effectiveness of the proposed framework
in different functionalities, like Social Presence, Perceived
Enjoyment, and engagement, i.e., the proposed frame-
work is able to provide participants comfort and confi-
dence and help them enjoy and feel better. In addition,
based on the participants’ scores in the engagement ques-
tionnaire, the proposed model could successfully absorb
them.

In future work, we will add speech emotion recognition
to the emotion detection module to improve its accuracy for
current and next state detection. Additionally, we will inves-
tigate the use of Thompson Sampling to handle noisy input
data. Finally, we will employ the proposed framework in dif-
ferent scenarios to verify its generalizability.
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