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Abstract

The BRILLO (Bartending Robot for Interactive Long-Lasting Operations) project aims to create an
autonomous robotic bartender that can interact with customers while accomplishing its bartending
tasks. In such a scenario, people’s novelty effect connected to the use of an attractive technology is des-
tined to wear off and, consequently, negatively affects the success of the service robotics application.
For this reason, providing personalised natural interaction while people access its services is funda-
mental for increasing users’ engagement and, consequently, their loyalty. In this paper, we present a
novel robotic system that is able to not only provide a recommanded service (from the ordering to
the preparation of a drink), but also personalise the verbal and non-verbal interaction. In particular,
we described the developed three-layer ROS architecture integrating a perception layer managing the
processing of different social signals, a decision-making layer for handling multi-party interactions, and
an execution layer controlling the behaviour of a complex robot composed of arms and a face. Finally,
user modelling through a beliefs layer allows for personalized interaction. We also present the results of
both people’s interaction, experience and performances in a real user case. The user study involved 116
participants and showed that BRILLO is considered an easy-to-use and attractive system by the users.

Keywords: Personalised HRI, service robotics, multi-modal interaction, long-lasting collaborations, robot

bartender

1 Introduction

In recent years, service robots have been employed
in a variety of contexts that involve direct inter-
actions with multi-users in public environments.
A particularly challenging one is the bartending
domain, which combines the complexity of effi-
ciently manipulating objects and the need to keep
users engaged for a long-lasting interaction. This,
particularly, reflects the approaches of modern
businesses that aim to achieve customer satisfac-
tion and retail by presenting an equally high-
quality product and service [25]. Several projects
[15, 18] explored the robotic bartending domain by

developing automatic serving robots that are able
to serve multiple users. Long-lasting interactions,
however, can be established when the service robot
is capable of showing social intelligence through
personalised interactions [33].

Current literature has identified several
aspects that affect people’s perception of social
intelligence in robots. For example, a robot with
facial features can be perceived as more intelli-
gent than one without any [40], and a robot that
is able to move naturally can enhance people’s
acceptance of the robot and convey a sense of
security [14], and a robot that is able to model
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human behaviours and express appropriate emo-
tions can positively affect the interactions [41].
Among those, the possibility of providing person-
alised services can increase users’ interaction on
a long timescale and their involvement with the
robot [38]. Socially intelligent bartender robots
that are able to mix task execution, dialogue, and
social interaction in response to customers’ states
and intentions were more efficient than non-social
ones [7]. A robotic system that integrates a “sys-
tem of record” (e.g., analysing and storing past
interactions, and preferences to optimise sales for
specific users) and a “system of engagement” (e.g.,
aiming at facilitating and enhancing the experi-
ence via a personalised and natural interaction)
can play a crucial role in customers relationship
management.

To achieve this goal, a complex human-robot
interaction (HRI) and control architecture have
to be designed to comprehend different software
components allowing for efficient and simultane-
ous execution of multiple tasks and for provid-
ing essential capabilities, such as storing past
events [21], constructing models of others’ actions,
beliefs, and intentions [13], modelling the domain
knowledge, selecting actions and behaviours, and
planning [17]. For example, in the JAMES project
[7], a bartender robot was able to engage partici-
pants in conversation by producing facial expres-
sions and lip-synchronising speech. The iCub
robot in Tanevska et al.’s study [37] adapted its
gaze and body to convey comfort and discomfort
according to the engagement of the participants.
The CORTEX cognitive architecture [23] was used
to allow a salesman robot to convince potential
customers to follow the robot towards a selling
boot. The robot was able to identify the cus-
tomers, understand people’s willingness to follow
it and answer some specific questions.

While cognitive architectures have been inves-
tigated for a long time, real social and service
robot implementations in complex scenarios, such
as the bartending service, have only recently been
developed [24]. Moreover, there is an inconsistency
between current robots’ ability to generate ver-
bal and non-verbal expressive behaviours (such
as spoken language, gestures, and emotions), and
their capability to understand the situational con-
text and engage the users in natural dialogues
according to the users’ intentions and desires [20].

The development of such interaction and personal-
ization capabilities in real-world settings is still an
open challenge for the HRI community due to the
complexity of interaction pipelines and the lack
of maturity of some of the underlying detection
and processing algorithms [16]. To address these
challenges, the BRILLO project aims to create a
robotic platform that is able to accomplish both
the expected management of a bar counter, such
as drinks manipulation, and the socially intelligent
interaction, context-awareness, and personalisa-
tion of the robot’s behaviours. In this work, we
present the cognitive architecture and functional-
ities developed for satisfying the multiple agents’
needs involved in the interaction, in terms of pref-
erences, moods, and differences, and at the same
time increasing the customers’ retention.

Robots have been used as attraction in the
food and beverage industries [2], even if they did
not have direct interaction with the customers.
However, a robot that is not able to interact nat-
urally may create anxiety in humans [19]. In this
work, we also present the results of a user study for
the evaluation of the BRILLO robot’s attractive-
ness and people’s perception of the robot during
direct and bystander interactions with the system.

2 A Multi-modal and
Multi-user Scenario

A typical use case scenario of a BRILLO ser-
vice point includes multiple human users, a bar-
tender robot for preparing and serving drinks,
and a totem kiosk to register, recognise the users,
and manage orders. We modelled the interactions
considering the following aspects: a) degree of
interaction modalities (e.g. formal vs colloquial)
between the bartender and a customer; b) degree
of knowledge shared between the bartender and a
customer; ¢) representation of the customers and
needs through personas. In order to define these
requirements for our system, we collected data via
phone-interviews with human bartenders, and we
analysed several online videos of humans’ interac-
tions in bars registered by live cameras. From the
analysis of the data, different phases of the inter-
actions (see Section 2.2) and different personas
(i.e. workers during a break, group of colleagues,
family, group of friends, regular costumer and
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curious person) were identified. Users’ first inter-
actions are with the totem kiosk that welcomes
them and allows them to register in case it is their
first visit. If the users are returning customers,
they are recognised via biometric facial recogni-
tion. Then, the customers are able to order a drink
from the menu displayed on the kiosk, or they can
decide to make their order sitting at the counter
by directly interacting with the bartender robot.
At the bar station, the bartender robot recognises
the registered users by their faces, takes orders (in
case they want to modify them or to have sugges-
tions from the robot), and serves them. While it
is preparing the drink, the bartender robot inter-
acts with the users according to their profile which
is built upon typical customers’ personas (such as
workers on a lunch break, groups of friends or fam-
ily members, and regular users) and needs, such as
previous orders, knowledge about the user’s gen-
eral interests, observing their engagement levels,
processing their moods based on the sentiment
analysis of their dialogues and facial expressions
[30, 36]. The bartender robot is also able to man-
age multiple orders and users, by opportunely
scheduling and adapting its behaviours.

The richness of the one-to-one and many-
to-one human-robot interactions in the above-
mentioned scenarios requires the development of a
complex and sophisticated HRI architecture that
allows the robot to show a social comprehen-
sion of the context and other agents involved
in the interaction, and, at the same time, gen-
erates matching verbal and non-verbal socially
acceptable behaviours. The bartender robot, for
example, needs to intelligently adapt its dialogues,
pose and gestures, according to the user’s needs, in
terms of situational context (drink orders, group
dynamics, etc.).

2.1 The BRILLO Bartender Robot

We adopted a minimalist anthropomorphic struc-
ture for the bartender robot (see Figure 2). The
robot has two Kuka' LBR iiwa 14 R820 robotic
arms (each of 7 DoF and gripper), attached to a
fixed-torso (only one arm has been integrated into
the current version of the robot), and a Furhat

!Kuka Robotics https://www.kuka.com

Robotics head? (called Furhat, 3 DoF). The bar-
tender robot is equipped with a variety of external
sensors to improve and support its capability to
perceive and assess the environment, the users,
and the activities of the other agents involved in
the interaction. In particular, a 4x2MP IR 180°
Multi-sensor Panoramic Network Bullet camera®
is mounted under the Furhat head and two micro-
phone arrays? are placed on the right and on the
left of the robot to perform source separation and
noise reduction to isolate the customers’ voices.
The BRILLO robot is shown in Figure 1.

Currently, this robot is able to prepare smooth-
ies, cocktails and variations of the two types of
drinks. The choice to adopt an anthropomorphic
structure for the robot comes from the evidence
that people are social entities, and they are more
comfortable interacting with agents that can show
social behaviours [28].

2.2 Interaction Patterns and
Dialogue

The interaction pattern with the bartender robot
is composed of the following phases: 1) greetings or
greetings and wait; 2) recommendation; 3) orders
and changes request; 4) order confirmation; 5)
personalised casual interaction; 6) complimentary
close. In the presence of a single or two users,
the robot welcomes them (“greetings”) and, then,
recommends drinks, while in the presence of mul-
tiple users, the robot welcomes them, and invites
them to wait their turn to be served (“greet-
ings and wait”). After the recommendation of the
drinks, the customers can place their order and/or
ask for order customisation (“orders and changes
request”). If the users do not ask for any other
change, the order can be confirmed to the robot
(“order confirmation”). During the drink prepara-
tion phase, the robot can dialogue with two users
at a time to entertain them. The robot engages the
customers in casual dialogues based on data col-
lected in previous interactions if they are recurring
customers, or by building interactions at run-
time. According to the social feedback received
from past interactions or current turns, appropri-
ate topics of conversation are selected. The robot

2Furhat Robotics https://furhatrobotics.com

3https://us.dahuasecurity.Com/?product:4x2mp—ir—180—
multi-sensor-panoramic-network-bullet

4PureAudio USB Array Microphone
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Fig. 1: The BRILLO robot.
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Fig. 2: Overview of the BRILLO project’s ROS architecture and topics. It is composed of a component
to build the Beliefs and three principal layers: 1) Percepts, 2) Context-awareness and Decision Making,
and 3) Execution.

closes the interaction after it prepared the drink
(“complimentary close”).
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3 ROS Architecture

In a recent survey on cognitive architectures, Kot-
seruba and Tsotsos [8] identified seven core cog-
nitive abilities: perception, attention mechanisms
(used in multi-user interaction), action selec-
tion, memory, preference learning, reasoning, and
metareasoning. We started from such core cogni-
tive abilities (excluding metareasoning) to develop
the functionalities for enabling the BRILLO sys-
tem to perceive the users, build dynamic and
efficient interactions while adapting the robots’
behaviours to the users’ needs and preferences.

The global architecture adopted for the
BRILLO project is shown in Figure 2. Our system
is based on a three-layer control architecture that
follows a user-centred approach considering pos-
sible expected interactions types and customers’
needs as highlighted by previous interviews with
human bartenders and observations of humans’
interactions and behaviours in real bars.

From a software engineering perspective, the
developed modules operate asynchronously by
means of ROS nodes and communication via topic
subscriptions.

3.1 Percepts Layer

The Percepts layer manages the robots’ multi-
modal perception capabilities which consist of the
information obtained by the modules for process-
ing the visual and speech inputs.

3.1.1 Engagement Recognition Node

This node uses the inputs from the camera and
microphones to evaluate the level of engagement
and the affective responses of the users during in
the interaction.

User, Group, and Engagement

Authentication mechanisms are widely used both
in online and mobile systems. Researchers have
been conducting extensive efforts to create
and improve authentication systems, such as
biometric-based, that can be faster and easier
to manage than password account management
[34]. The biometric-based authentication systems
may use data such as voice, iris, fingerprint, palm
print, and face. In a bartending scenario, multiple
user access and complex interactions are expected,
therefore, the recognition of the user needs to be

developed considering real-time constraints, such
as disturbances caused by noisy and vast areas,
the presence of many users, and the need for fast
service to avoid crowds. The most used and appro-
priate technique for recognising users in similar
scenarios is face recognition [34].

The identification, detection, and tracking of
the users in a BRILLO scenario are carried out
using two cameras (an RGB camera at the totem,
and a panoramic camera at the bar station) that
allow the agent to collect data in real-time. The
processed visual information is used for the fol-
lowing reasons: 1) face biometric data to identify
a registered customer; 2) customers’ engagement
via their body pose; 3) user tracking while at the
counter; and 4) group recognition.

The data from the camera are processed by
YOLO? for object detection, while the face recog-
nition is done through the OpenFace library®.
The combination of these two techniques allows
accurate results even with different lights, lower
quality of the frames and not fully frontal faces.
The user pose is estimated using a Skeleton-
Based approach through the OpenPose library”.
The system estimates whether a user belongs to
a group of other people using a Multilayer Per-
ceptron classifier trained on the dataset called
Ego-Group which is one of the few public datasets
having a robot egocentric view of the surround-
ing space [35]. Moreover, a Multilayer Perceptron
model based on the user’s pose and group infor-
mation, and trained on the same dataset, classifies
the user’s engagement with the robot. Screen-
shots from the used dataset with the results of
the Engagement recognition module are shown in
Figure 3. On 5-fold cross-validation, an average
accuracy of 94.33% was achieved for engagement
prediction and 97.12% for group identification.

FEvaluation of the Affective Response

Engagement and group detection information are
here assessed also with emotion recognition from
facial expressions that is carried out using the
software called Affectiva®. The classification of

5YOLO library https://pjreddie.com/darknet/yolo/

SOpenFace library https://github.com/TadasBaltrusaitis/
OpenFace

“OpenPose library https://github.com/
CMU-Perceptual-Computing-Lab/openpose

8 Affectiva software https://www.affectiva.com/
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https://github.com/TadasBaltrusaitis/OpenFace
https://github.com/CMU-Perceptual-Computing-Lab/openpose
https://github.com/CMU-Perceptual-Computing-Lab/openpose
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User ID: 227 - Is in a group: 1

User ID: 229 - Engagement level: 0.9160231351852417

2023-02-01 21:59:37

Fig. 3: Screenshot of results from our engagement and group recognition modules: (a) User 227 in the
figure on the left is recognised as in a group; (b) User 229 in the figure on the right is recognised as

engaged with the robot.

people’s emotions via Affectiva allows a classi-
fication of facial expressions according to seven
main emotions (anger, contempt, disgust, fear, joy,
sadness, and surprise). It also allows measuring
the positive or negative valence for measuring the
experience, every few hundred milliseconds, and
with high accuracy.

The analysis of the voice, both simultaneous
speech and high entropy, is implemented using
the Python library called My-Voice-Analysis®.
It allows for evaluating people’s mood (neutral,
calm, or pacey), gender (female or male), speech
rate, energy, frequency, average speech interval
duration, and speaking duration. Moreover, to
build a natural and fluid interaction, a social robot
needs to be able to understand sentiments hidden
in the content of the user’s speech [1]. Therefore,
the user’s voice is also further analysed to classify
the emotions in the text. Currently, the sentiment
analysis is carried out using the Azure Cognitive
Services Text Analytics libraries'® which label the
speech-to-text as positive, negative, or neutral.

3.1.2 Intent Recognition Node

A bartending stand is typically found in noisy
areas where a lot of people chat and, possi-
bly, where music is playing. For this reason, to
enable speech-based interaction, it is necessary to
equip the stand with adequate hardware to iso-
late the customers’ voices. This module makes use
of the following different sub-processes: 1) auto-
matic speech recognition (ASR) system to obtain
the speech transcription, and 2) machine learning

9My-Voice-Analysis library https://github.com/Shahabks/
my-voice-analysis
10 Azure services https://azure.microsoft.com/

approaches for Natural Language Understanding
(NLU).

The BRILLO bartender stand is equipped with
two microphone arrays to perform source separa-
tion and noise reduction to isolate the customers’
voices. The audio stream is processed remotely
using an instance of the Azure ASR service'!,
which produces the utterances’ transcriptions.

Concerning the NLU module, the following
intents are modelled using the Microsoft Azure
Service LUIS!?:

¢ AnswerGreeting: this answers to the greeting
phase initialised by the robot; this phase can
also include information concerning the user’s
state.

® Order: with this intent, users can place a drink
order.

® OrderConfirm: with this intent, an order is
confirmed.

® OrderReject: with this intent, an order is con-
versely disconfirmed.

® NewsConfirm: the user confirms to want to
listen to proposed news during the drink prepa-
ration phase.

® NewsReject: the news proposed during the
preparation phase is not well received, and
therefore rejected.

e NewsStop: the user asks to stop with the news
phase;

e Evaluation: with this intent, a user can provide
an evaluation of a proposed drink.

¢ GetFlavour: with this intent, the flavour and/or
the ingredient contained in the drink are
retrieved.

1 Azure services https://azure.microsoft.com/en-gb/
2https://www.luis.ai/
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Table 1: Intent Recognition Performances

Intent [ Precision [ Recall [ F-score
AnswerGreeting |1 1 1
OrderConfirm |0.83 0.83 0.83
OrderReject 0.75 0.75 0.75
Order 1 0.81 0.9
NewsConfirm 0.86 1 0.92
NewsReject 0.88 1 0.94
NewsStop 1 0.75 0.86
Evaluation 1 1 1
GetFlavour 0.80 0.80 0.80

® None: if the intent is not recognised, the robot
asks the user to repeat their sentence.

As far as orders are concerned, the user intents
are modelled for the application domain, consid-
ering the type of product, possible modifications,
and cancellations.

Intent performances were computed by divid-
ing the examples collected in the data set by sub-
dividing them into a training set (80%) and a test
set (20%). The results are shown in Table 1. On
average, the intent recognition module performed
well with an average F' — score = 0.89.

3.2 Users’ Beliefs

According to Kotseruba and Tsotsos [8], different
types of memory can be identified in a cogni-
tive architecture. In our architecture, a short-term
memory stores the information related to the
current users and situation states (e.g., current
customers’ engagement state, users’ interaction
states, see Figure 3).

A working memory keeps track of the global
state of the systems in terms of the list of orders
to be served, that are represented in terms of goals
to be reached, the current active intentions to be
executed (drinks currently in preparation), and
their plans of execution that are composed of both
service and interactive actions.

Long-term memory stores information about
users’ static information (i.e., personal data), pref-
erences on drinks and topics of conversation, and
previous interactions’ history. The user’s personal
data are stored in a MySQL database, while the
length of the interaction, topics found of interest
for the conversation, and interaction preferences,
such as the type of the ordering (at the totem
or the bar), and an average estimation of the
engagement are stored with the drinks orders.

{ WELCOMING WAITING ‘

——

ORDERING

INTERACTING

SERVING

NON-
INTERACTING

FAREWELLING

‘ GONE ‘
Fig. 4: Possible interaction states for each user.
Transitions between states are achieved by means
of service and interaction actions. Users can tran-
sition from any state (except for “gone”) to an

out-of-sight state, which will be re-assigned once
the robot recognises them again.

Finally, semantic memory is used to store
semantic information (ontology-like structure)
relying on the use of the Neo4J'? graph database
platform. The relationships between orders, cock-
tails and drinks, ingredients, and flavours are
connected in a semantic graph that also includes
the flavorDB'* database. The user’s past inter-
actions stored in the long-term memory are also
associated with the semantic graphs.

3.3 Context Awareness and
Decision Making Layer

This layer stores and processes the proper context-
awareness information the robot needs to produce
socially acceptable and natural behaviour and pre-
pare the drinks. Moreover, such information is
used to decide the user to be served/interacted
with and the action plan.

13 https://neodj.com/
Mhttps://cosylab.iiitd.edu.in/favordb/
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3.3.1 Turn-taking Node

The BRILLO system instantiates a desire for
interaction and drinks order for each recognised
user (/users topic). To accomplish such a goal, we
defined a set of possible interaction states for the
user, starting from the initial greetings towards
the serving and farewell state (see Figure 4). Each
active user is currently in one state and, to tran-
sition from one state to another, the proper set
of actions (both service and interactive) have to
be planned. At each interaction cycle, the Turn-
taking module selects one active user at a time.
It instantiates an intention to transition from one
state to the following. After such a transition is
obtained the system begins with a new cycle.

At each cycle, the robot decides on the active
user by considering;:

® The arrival order;

® The users’ associated personas in terms of the
willingness to interact with the robot;

® The engagement level. The robot wants to
maximize overall engagement;

® Whether the user is in a group or not. Users
within are expected to be interacting more with
their peers than the robot;

® The time passed from the last interaction with
the user.

These are implemented through simple empiri-
cal rules. Nevertheless, the robot tries to involve
all users, albeit to a different extent, to increase
engagement [3]. The user and their current inter-
action state are shared on the /interacting user
topic. States and transitions as represented in
Figure 4.

3.3.2 Multi-modal Fusion Node

The multi-modal fusion module for the human
assessment is deployed to keep track of the user’s
emotional response by merging the data (senti-
ment from text semantics, voice and facial expres-
sion) as elaborated by the engagement module.
This information is passed to the Interaction Man-
ager module to decide which appropriate inter-
active action should be executed and how such
action should be executed.

3.3.3 Robots’ Actions Planner

In our system, we distinguished two types of
actions:

o Service actions, that are the bartending actions
necessary to prepare and serve a drink. It may
involve one or both arms of the robot;

® [nteractive actions, that are the robot’s actions
for interacting and entertaining the user while
they are at the bar station. These actions may
be verbal utterances, gestures (when one of
the robot’s arms is not engaged in any service
action), and facial expressions.

3.3.4 Planner Node

Orders (service actions) are processed by the robot
as soon as the active user is in the serving state.
ROS plan libraries for AI planning!® are used to
schedule service actions according to the scheduled
orders for each user. The Planner module creates,
therefore, a sequence of basic actions for each arm
and for each ordered drink to be executed by the
robot. The trajectories necessary to achieve each
basic action to serve a drink are pre-recorded and
basic actions are expressed in terms of precon-
ditions to be checked before the execution (e.g.,
the mixer is empty) and the time to execute each
action.

3.3.5 Interaction Manager Node

The selection of the interactive actions to be
used for the selected user relies on Influence
Diagrams'®, which integrate the probabilistic esti-
mates of engagement coming from the users’ inter-
action modes (i.e., sentiment from speech, facial
expressions, semantics) with a utility estimation
linked to the possible speech acts or gesture.
Bayesian networks allow handling probabilistic
input coming from the NLU module, among oth-
ers, to take into account confidence measures when
selecting the next action. The utility of each pos-
sible machine move (Action) is a function of the
chosen Action and of the actual intent of the user.
At decision time, the system calculates an esti-
mate of the actual intent base on the probability

15

ROSPlan’s source code and documentation https://
github.com/KCL-Planning/ROSPlan

161n BRILLO, Influence diagrams are implemented using the
AGRUM library[4] https://agrum.gitlab.io/
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Fig. 5: Graph showing the similarity between
the last ordered DRINK node, Green Power, and
another DRINK node (in green) belonging to the
same category SMOOTHIE (in blue). The sim-
ilarity is here computed on the highest number
of FOOD_INGREDIENT nodes (in pink) in com-

1mon.

that each intent is correct, and assigns a utility
value to the dialogue move which consists of a rep-
etition request (AskRepeat). The utility of each
possible Action is computed based on the prob-
ability distribution over all intents. Finally, the
system selects the Action with the highest utility.

Interaction customisation is applied in this
phase when the user is known to the system.
Pragmatic models of interaction are investigated
and included in the architecture. For instance,
clarification requests (CRs) expressing counter-
expectations for past ordering actions are adapted
to engage the user in the dialogue and add further
details to the user model. For order confirmation,
CRs with a confirmation function are employed,
i.e., when the CR initiator has some kind of
hypothesis [22]. Specifically, this is useful when
low confidence scores occur due to background
noise or multiple orders.

To support recommendations, previous inter-
actions with the users are stored in the Neo4j
database and used to build a profile. For past
interactions involving drinks that were not previ-
ously selected, the robot asks for explicit feedback,
in the form of a rating on a scale of 1 to 5. Using
the graph structure represented in Neo4j and, in
particular, the data coming from FlavorDB (see
Figure 5), the system is able to compute drinks’
similarity in terms of shared ingredients. On this
basis, different recommendation strategies can be

selected according to different parameters: a) type
of persona, a not mandatory piece of information
asked at the totem kiosk during the registration
phase; b) degree of knowledge of the user based on
the number of interactions (known user: at least
one previous interaction; unknown user: first inter-
action); c¢) evaluation of past consumed drinks
(positive evaluation: > 3; negative evaluation: <
2); d) acceptance of the recommendation (if the
recommendation is not accepted another strategy
is selected) (see Table 2).

For entertainment purposes, the robot is also
able to present news extracted daily from differ-
ent sources (i.e., Italian Twitter page for news,
called Ansa'”, and Italian Twitter Comic page,
called Lercio'®) and categories (e.g., politics, sci-
ence, sports, culture) [32]. Explicit feedback is also
used in this case to support user profiling and to
select topics from the most appropriate categories.
In particular, the robot initially suggests a topic
of interaction, based on similarities among users
and/or personas; once a topic is accepted, the
corresponding news is selected from a serious or
entertaining source; afterwards, the user is asked
to give feedback concerning their interest about
the news. If the feedback is positive, another news
belonging to the same category is proposed, oth-
erwise the category is changed. News items can be
provided as long as available, or the customer is
still willing to listen to them (i.e., they can stop
the robot by telling it - for example, they could say
something like “Enough news”). Other social sig-
nals can also cause the robot to stop entertaining
the current client.

Moreover, social recovery strategies are con-
sidered to account for interaction failures [26].
For this reason, the BRILLO robot uses social
interacting behaviours, such as paying attention
during a conversation, being transparent on the
process of thinking and elaborating a response, to
be perceived with higher anthropomorphism and
animacy. Moreover, since verbal irony may help
to dismiss controversial and incongruous issues
[9], the BRILLO robot uses it to produce sar-
casm and irony when there are misunderstandings
of the contextual situations, such as when the
users’ facial, voice, and content of the text produce
ambiguous results [31].

17 Ansa website https://www.ansa.it
8Lercio website https://www.lercio.it/
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Table 2: Recommendation Strategies for drinks

Persona Recommendation Strategies
Known |a) client’s preferred drink
| worker | user |b) users” most ordered drink |
| | |c¢) ask what the client wants to order |
| | |a) users’ most ordered drink |
new user
‘ ‘ ‘b) ask what the client wants to order ‘
a) similar drink from the same category
(smoothie or cocktail)
last drink was positively evaluated . ;
| | known | |b) similar drink from another category |
other user
‘(speciﬁed or not)‘ ‘ ‘c) users’ most ordered drink ‘
‘ ‘ ‘ ‘d) ask what the client wants to order ‘
‘ ‘ ‘last drink was negatively evaluated ‘ a) users’ most ordered drink ‘
‘ ‘ ‘ ‘b) ask what the client wants to order ‘
‘ ‘ ‘a) users’ most ordered drink ‘
new user

|b) ask what the client wants to order

happiness

surprise

thoughtful dubious

Fig. 6: Affective expressions created for the
Furhat robot.

3.4 Execution Layer

The Ezecution layer manages the orders and the
interactions of the robots with the users according
to the knowledge and beliefs of the agents, and the
situational context.

3.4.1 Action Manager Node

The Action Manager module acts as a schedul-
ing mechanism to improve the efficiency of making
the drinks by using one or two arms in paral-
lel. Tt schedules the interactive actions, related
to the robot’s gestures, and the service actions
by orchestrating the robot’s arm movements. The
next actions are chosen to balance the expected
contribution of the action towards the goal of
preparing a drink, and the robot’s actions needed
to maintain the engagement and entertainment of
the users to their social expectations. For exam-
ple, the robot might engage the users in a casual
conversation while preparing their drink to foster
a more endearing interaction if its arms are not
busy in the drink preparation.

3.4.2 Arms Node

This module is a wrapper for favouring the com-
munication between the BRILLO system and the
two KUKA arms’ Programmable Logic Controller.
The controller has been implemented using the
KUKA SunriseOS system to securely manage the
arms, the grippers and each movement in the
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stand. BRILLO has seven different movements to
simulate liveness. The designed gestures are: wav-
ing to salute people, raising and lowering its arm
to simulate breathing, and randomly extending
one of its arms while it is talking with a user, a
typical Neapolitan gesture to show that it did not
understand what the person replied to the robot,
yawing and stretching its arms to catch people’s
attention when it is not interacting with them.

3.4.3 Furhat Interface Node

To make the interaction more engaging, the robot
is endowed with a module in charge of guid-
ing the Turn-taking through gaze and speech
pauses [32]. The system, in particular, manages
the behaviours of this robot by considering the
presence and the absence of the user’s attention.
When a low user’s engagement is perceived, the
robot produces facial expressions and vocal sounds
to catch the user’s attention (e.g., clearing its
throat). During a dialogue, the robot adapts its
facial expressions and vocal sounds whether it
is listening to the user’s speaking, understanding
or not understanding the speech, and expressing
an emotion about the topic of conversation. The
facial and vocal sounds are based on the Facial
Action Coding System (FACS). In particular, we
used Action Units that compose the FACS for
endowing the Furhat robot with two sets of facial
emotions: 1) we defined Ekman’s 6 basic emotions
[5], which have been implemented using Python
and Furhat Robotics’ APIs, and 2) we generated
a greater and more personalised variety of syn-
thesised human-like expressions using a two-tier
Generative Adversarial Network, as described in
[10]. An example of the six emotions created for
the Furhat robot is shown in Figure 6.

4 In-the-field Scenario

To carry out an “in the field” evaluation of our
system as a whole, with a focus on the interac-
tion phase in a non-controlled environment, we
tested it during a national faire called Maker Faire,
that was held in Rome. To this extent, we col-
lected people’s responses to evaluate the quality
and efficiency of both services and the interaction.
In particular, we evaluated the execution times for
the preparations of the drinks and interacting ges-
tures, the perceived usability, the dialogue length

necessary to achieve the domain task and the
related communicative goal, and the acceptance of
the recommendation provided.

4.1 Approach

We used a between-subjects design in which we
manipulated people’s participation in the inter-
action with BRILLO by asking them to either
actively interact with the robot (A-HRI condi-
tion - active) or evaluate the system by observing
other people interacting with the robot (O-HRI
condition - observing). During the A-HRI condi-
tion, participants were in front of the robot, and
they directly talked with the robot by placing an
order and talking with it according to their news
preferences; while in O-HRI participants’ engage-
ment with the robot was limited to just observing
the robot, how this served the participants who
were actively interacting with the robot, and other
people’s interaction with BRILLO. In this latter
condition, participants were behind or at the side
of the people who were interacting with BRILLO
under A-HRI condition. In this condition, we
wanted to evaluate whether the BRILLO robot
attracts bystanders’ attention and positively affect
them even if they are not currently engaged. Based
on our findings in [32], participants were served
two at the time.

To measure the system’s performances and
people’s dialogues with BRILLO and their percep-
tion of the interaction and the robot, we collected
subjective and objective measures. In particu-
lar, as objective observations, we collected drink
preparation times, response times, percentage of
speech and intent recognition, length of dialogues,
etc. To evaluate participants’ perception, in both
conditions, we asked them to complete two sets
of questionnaires: User Experience Questionnaire
(UEQ) [11] and Unified Theory of Acceptance and
Use of Technology (UTAUT) [39]. Participants
completed the questionnaires at the end of the
(active and observed) interactions.

4.2 Participants

We collected responses from 116 people. We
excluded some participants because they did not
answer all the items of the questionnaires. Each
participant was assigned to one condition. For the
UEQ), participants were overall distributed among
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the two experimental conditions as follows: 1) 61
participants in the A-HRI condition; 2) 49 partic-
ipants in the O-HRI condition. From the initial
sample of participants, the resulting group of par-
ticipants completing the UTAUT questionnaire is
composed of 59 people for the A-HRI condition
and 48 people for the O-HRI condition.

4.3 Results
4.3.1 Objective Measures

We used objective measurements to evaluate the
performances of our system, such as the length of
the dialogues and accuracy of the speech recogni-
tion in an in-the-wild setting, and the timing for
the drink preparation.

Dialogues

The dialogues had an average duration of 3.76
minutes (min 2, max 8, st.dv. 1.06). We also
observed that the intents were not correctly recog-
nised with an average value of 0.76 per interac-
tion user session, and the system asked users to
repeat with an average value of 1.10 per interac-
tive user session. Correlations were also calculated
between dialogue length and repetition request,
and between dialogue length and intent failure,
but no correlation was found. We used a Pearson’s
correlation for evaluating the relation between dia-
logue length and requests for repetition and intent
failures. We observed a moderate positive correla-
tion (r = 0.41, p < 0.001) between the dialogue
lengths (avg. 3.76, st.dv. 1.06) and people’s asking
the robot to repeat (avg. 1.10, st.dv. 1.18). We did
not find any correlation neither between the intent
failures (avg. 0.73, st.dv. 0.89) and dialogue length
(p = 0.67), and repetition requests and intent
failures (p = 0.77). The failures and repetitions
were often due to the experimental environment,
which was in an open space with several people
crowded to observe the robot and the interactions.
In such situations, people were either distracted
and, therefore, did not respond to the robot, or
their responses were provided with a too-low voice.

Drink Preparation

The system was also evaluated considering the
preparation times of the different drinks (i.e.,
smoothies, smoothies with added alcohol, and

cocktails) using both the right and left arm. The
robot is able to prepare some drinks with just one
or both robotic arms. For example, the Red Pas-
sion smoothie can be prepared only with the left
robotic arm, while the Gin Lemon is prepared with
the collaboration of both arms. During the prepa-
ration of the drinks, the robotic arms were used
at a velocity of 60% over the maximum allowed
to make sure the movements were not discomfort-
ing for the users and to avoid spilling the drink
content.

Table 3 shows the average time (in seconds)
used by the robot for the preparation of the drinks.
The average drink times refer to the preparation
of the robot with one or both arms, about the
positioning of the customer. For example, if the
customer is on the left, the robot uses its left
arm to position the glass closer to them (i.e., on
the left). Similarly, the robot uses its right arm
to place the glass on its right side if the cus-
tomer is on the right side. Regardless of the glass’s
final position, the average preparation time for
smoothies was 173.04s, that of alcoholic smooth-
ies was 178.57s, and the average preparation time
for cocktails was 67.06s. It should be noted, how-
ever, that the preparation of alcoholic smoothies
involves a higher number of movements (i.e., oper-
ations and trajectories) than those of a simple
smoothie. These two drinks share the same fruit
base, but the use of the two arms is able to opti-
mize the preparation times of alcoholic smoothies,
which would otherwise be almost doubled. Simi-
larly, the average preparation time for smoothies
and alcoholic smoothies requires longer time than
the preparation for cocktails. Indeed, the first two
types of drinks require the use of the fruit base
which it is stored in a fridge and blender, which
are not used for the preparation of the cocktails.
The robot uses one or more alcoholic beverages
and a shaker for the preparation of the cocktails.

Table 3: Preparations time for drinks using left,
right or both robotic arms.

Drink | Arm | Served Average Time (s)
. On the right 181.58
Smoothie | Left 16 1o 1oty 164.50
Alcoholic Both On the right 187.09
Smoothies © On the left 170.05
. . On the right 108.04
Cocktail | Right | 6, the left 26.09
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Gesture Movements

During the users’ interactions with BRILLO, the
robot makes gestures both with the robotic head
and arms. In particular, the robot makes arm ges-
tures when it is not busy preparing a drink. As
mentioned, some gestures are performed with one
or both arms. For example, the simulation of the
breathing is done by the robot using both robotic
arms, while the greeting and goodbye gestures are
done using either one or two arms. On average, the
robot spends around 11.6 seconds for each gesture.

4.3.2 Evaluation of the Interaction

Participants used two scales to rate each item of
the UEQ and UTAUT questionnaires where val-
ues were from a negative to a positive connotation
(from 1 to 7, and from 1 to 5, respectively).

Evaluation of the User Experience

The User Experience Questionnaire consisted of
26 different items for evaluating usability and
user experience aspects, including the follow-
ing aspects: attractiveness, learnability, efficiency,
dependability, stimulation, and novelty. These fac-
tors can be grouped to measure the attractiveness,
pragmatic quality (i.e., efficiency, perspicuity and
dependability) and hedonic quality (i.e., stimula-
tion and novelty) of the interaction with the robot.
The grouped dimensions respectively allow eval-
uation of pure valence, pragmatic quality aspects
(i.e., goal-directed) and hedonic quality aspects
(i.e., non-goal-directed).

We measured the reliability of the responses
across the single factors and the grouped dimen-
sions by using Cronbach’s « for both conditions.
In condition A-HRI, the sub-scales had a medium-
high level of internal consistency as determined by
Cronbach’s a of 0.81, 0.57, 0.60, 0.77 and 0.54,
respectively for attractiveness, learnability, effi-
ciency, stimulation, and novelty. A low internal
consistency was instead found by Cronbach’s « of
0.29 for dependability. In the condition O-HRI,
Cronbach’s a were 0.87, 0.69, 0.70, 0.42, 0.77, and
0.80 respectively for attractiveness, learnability,
efficiency, dependability, stimulation, and novelty
factors. Since the values for dependability in both
conditions were medium-low, we decided to follow
Laugwitz et al.’s [12] suggestions, and analyse the

single scores for each item of the dependability
factor.

The ratings of the UEQ scale are values
between -3 (horribly bad) and +3 (extremely
good). Therefore, the values for the subscales
between -0.8 and 0.8 are considered to have a more
or less neutral evaluation of the corresponding
scale, values > 0.8 represent a positive evaluation
and values < —0.8 represent a negative evaluation.

We, firstly, analysed participants’ overall per-
ception of BRILLO for the different constructs of
User Experience Questionnaire. As we can observe
in Table 4, participants’ overall experience with
the robot was not considered negative (means are
all above 0). In particular, they perceived BRILLO
as novel, attractive and easy to be learned (i.e.,
novelty, attractiveness, learnability). In contrast,
they perceived more neutrally the robot’s ability
to be fast and solve its tasks without effort, and
inspire fun and motivating to use it (i.e., efficiency,
stimulation).

Table 4: Descriptive for participants’ scores to
the UEQ questionnaire.

Construct | Min|Max|Mean |Std. D.
Novelty -3 3 1.46 1.125
Attractiveness| -1 3 1.39 1.076
Learnability -1 3 1.19 1.108
Stimulation -2 3 .93 1.223
Efficiency -3 3 .70 1.135

Figure 7 shows the participants’ mean ratings
of the UEQ subscales. The robot was rated pos-
itively for attractiveness, ease of use and under-
standing, and originality in both experimental
conditions. Efficiency was rated as neutral. As we
can observe, the robot received lower scores in
the interacting condition (A-HRI) compared to
the non-interacting condition (O-HRI). However,
this difference was not statistically significant.
We believe that these results are due to people’s
expectations during the drink preparation phase.
The preparation of the drinks lasted around 2
minutes, which may be considered too slow for a
robot.

Figure 8 shows the mean values of the partic-
ipants’ responses for the items that represent the
dependability factor. Participants perceived the
robot as more supportive and up to their expecta-
tions while they directly interacted with it. We can
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Fig. 7: Mean value collected from the responses of the factors of the UEQ. On the left, are the mean values
of the responses of the participants in A-HRI condition, and on the right are those of the participants in

O-HRI condition.
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Fig. 8: Mean value collected from the responses of the dependability items of the User Experience
Questionnaire. On the left, are the mean values of the responses of the participants in A-HRI condition,
and on the right are those of the participants in O-HRI condition.

instead observe that they felt more secure while
they were observing BRILLO. We hypothesise
that since they were standing farther away from
the robot, they were less negatively impressed by
the dimensions and movements of the robot. More-
over, participants perceived BRILLO as more
unpredictable in O-HRI than A-HRI condition.
We believe that they did not feel in control of the
interaction because they were only observers of
someone else’s interaction.

As we can also observe with visual inspec-
tion, Mann-Whitney U tests determined that
there were no statistical differences in the above-
mentioned UEQ subscales across the two condi-
tions (p > 0.3 for all comparisons).

Finally, we can observe the overall mean scores
of the grouped constructs are positive (values

> 0.8) for both the experimental conditions (see
Figure 9). These results show that participants
were equally satisfied by the pragmatic qualities of
the robot (i.e., perspicuity, efficiency and depend-
ability). On the contrary, their overall impressions
and excitement of BRILLO (i.e., attractiveness
and pragmatic quality) were higher in A-HRI com-
pared to O-HRI. We believe that these results may
have been affected by a possible greeter sense of
anxiety and robots’ capability of communications
[19], as it is shown by further analysis presented
in the next section.

User Acceptance and Perception

We used the Unified Theory of Acceptance and
Use of Technology model to evaluate the likelihood
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Fig. 9: Mean values for the grouped measure of
attractiveness, pragmatic and hedonic qualities of
the User Experience Questionnaire.

of adopting the BRILLO system by the par-
ticipants. The questionnaire, in particular, mea-
sures the perceived performance expectancy, effort
expectancy, social influence, and facilitating con-
ditions. The questionnaire is composed of 36 items
that build the following constructs: ANX, Anxi-
ety; ATT, Attitude; FC, Facilitating Conditions;
ITU, Intention to Use; PAD, Perceived Adapt-
ability; PENJ, Perceived Enjoyment; PEOU, Per-
ceived Ease of Use; PS, Perceived Sociability;
PU, Perceived Usefulness; SI, Social Influence;
SP, Social Presence; TR, Trust. Participants’ rat-
ings were collected using a 5-point scale from 1
(Strongly disagree) to 5 (Strongly agree).

As a first step, we measured the reliability of
the responses across the different domains using
Cronbach’s « for all the items in both conditions.
The constructs with a Cronbach’s « greater than
0.7 were considered medium-high, while those
with a Cronbach’s a lower than 0.7 were con-
sidered too low and, therefore, we removed the
questions/answers affecting the reliability of the
construct. In particular, we removed the first two
questions of ANX in A-HRI condition, the first
question of PAD in A-HRI and O-HRI conditions,
the last question of PENJ in O-HRI conditions,
the first three questions of PEOU in O-HRI and A-
HRI conditions, the first question of PU in O-HRI
condition. The resulting Cronbach’s « are above
0.7.

We then evaluated the overall participants’
perception of BRILLO based on the different
constructs. As observed in Table 5, participants
positively rated most of the UTAUT’s constructs
(i.e., ratings with average greater than 2.5). In
particular, they perceived BRILLO as a system

that could help the work of someone who uses
it (i.e., PAD, FC, PU), that can create comfort,
pleasant feelings and is very useful (i.e., ANX!,
PENJ, ATT, PEOU), can exert social influence on
one’s behaviour (i.e., SI, PS). While they neither
agree nor disagree on whether they would like to
use the system (i.e., ITU), BRILLO had a strong
social presence (i.e., SP), and they would trust
BRILLO (i.e., TRUST).

Table 5: Descriptive for participants’ scores to
the UTAUT questionnaire.
Construct [ Min[Max[Mean[Std. D.

Anxiety 1.00 | 5.00 |4.1121| .90741
Perceived Enjoyment 1.60 | 5.00 |3.8991| .87021
Perceived Adaptability| 1.50 | 5.00 |3.7103| .80399
Attitude 1.00 | 5.00 |3.6480| 1.00087
Perceived Ease of Use | 1.00 | 5.00 [3.6121| 1.05801
Perceived Usefulness 1.00 | 5.00 |3.4393| 1.08216
Social Influence 1.00 | 5.00 [3.1776| 1.10371
Facilitating Conditions| 1.00 | 5.00 |3.1729| .97396
Perceived Sociability 1.00 | 5.00 [3.0748]| 1.03318

Intention of Use 1.00 | 5.00 |2.4673| 1.06877
Trust 1.00 | 5.00 [2.4673| 1.12910
Social Presence 1.00 | 4.60 [2.3290| .89916

A Mann-Whitney U test was run to determine
if there were differences in the scores of the differ-
ent constructs across the conditions. Distributions
of the UTAUT scores when the user actively
interacted and passively observed the interaction
with BRILLO were similar, as assessed by visual
inspection. We used an exact sampling distribu-
tion for U, unless otherwise stated. Differences
in SP scores were found statistically significant
higher for A-HRI than O-HRI, U = 1750.5 and
p = 0.036. This implies that people’s percep-
tion of BRILLO as a social entity (SP) increased
while they directly interacted with the robot.
We observed that the ANX and PEOU scores
were statistically significantly lower for A-HRI
than O-HRI, respectively with U = 886.5 and
p < 0.001, and U = 1090.0 and p = 0.038.
These results are particularly interesting, show-
ing that people felt to be able to easily use the
system, even if they were more anxious of doing
it. There are several factors associated to people’s
attitude towards robots, in particular when these
have social and anthropomorphic characteristics.

YNote that higher scores of Anxiety (ANX) correspond to
lower levels of anxiety.
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Table 6: Descriptive statistics (minimum, maximum, mean values, standard deviation) of the responses
at the different constructs of UTAUT for the users non-interacting with the robot (on the left) and those

interacting with the robot (on the right).

O-HRI A-HRI
Minimum Maximum Mean Std.D. |Minimum Maximum Mean Std.D.
Anxiety 2 5 4.35 0.85 1 5 3.82  0.90
Attitude 1 5 3.78 0.99 1.33 5 3.48  0.99
Facilitating Conditions 1 5 3.33 0.94 1 5 2.98 0.99
Intention to Use 1 5 2.50 1.11 1 5 2.42 1.02
Perceived Adaptability 1.5 5 3.72 0.85 2 5 3.69  0.76
Perceived Enjoyment 1.8 5 3.92 0.77 1.6 5 3.87  0.99
Perceived Easy of Use 1 5 3.79 0.99 1 5 3.38 1.11
Perceived Sociability 1 5 3.01 1.08 1.25 5 3.15 1.06
Perceived Usefulness 1 5 3.57 0.86 1 5 3.27  0.92
Social Influence 1 5 3.19 1.09 1 5 3.15 1.12
Social Presence 1 4.4 2.17 0.86 1 4.6 2.52 0.91
Trust 1 5 2.49 1.15 1 4.5 2.44  1.11

Notably, as highlighted by Erebak and Turgut [6],
people may develop different types of anxiety, from
robot anxiety to social and interaction anxiety. In
the latter, the communication capabilities of the
robots produce higher anxiety during the interac-
tion with a robot as it happens while interacting
with another person.

Median scores for A-HRI and O-HRI condi-
tions were not statistically significantly different
for the following constructs: ATT with U = 1148.0
and p = 0.090, FC with U = 1146.0 p = 0.087,
ITU with U = 1336.5 and p = 0.615, PAD with
U = 1188.0 and p = 0.857, PS with U = 1490.0
and p = 0.642, PENJ with U = 1432.5 and
p=0.920, PU with U = 1131.5 and p = 0.071, SI
with U = 1384.0 and p = 0.839, and TRUST with
U = 1405.5 and p = 0.946.

Table 6 shows the descriptive statistics (mini-
mum, maximum, mean values and standard devi-
ations) of the responses at the different constructs
of UTAUT for the users non-interacting with the
robot (O-HRI) and those interacting with the
robot (A-HRI). These results show that partic-
ipants had overall very positive perception and
interaction with BRILLO. We can observe that for
all the construct the evaluation resulted in a pos-
itive score (> 2.5) for both the conditions. In par-
ticular, very good scores (> 3.5) were obtained in
the case of Anxiety (ANX, whereas higher scores
correspond to lower levels of anxiety), Attitude
(ATT), Perceived Adaptation (PAD), Perceived
Enjoyment (PENJ) and Perceived Utility (PU).

These results highlight that users, both in the case
of direct interaction with the robot, but also as
observers, were able to understand the abilities
of the robot to adapt its behaviour to the user,
and also that its behaviour is enjoing and useful.
Median scores were obtained in the case of Inten-
tion to Use (ITU), TRUST and Social Presence
(SP).

From our observations of the interactions, we
believe that longer and long-term interactions
would lead to even more positive scores for some
constructs, as for example the ITU. Similarly,
since the participants at the fair interacted only
once with the robot. Hence, while the users were
able to recognize the adaptation capabilities of the
robot, the personalised recommendation system
was not able to generate the interaction recom-
mendation based on their previous preferences,
but only based on-the-fly preferences. Further
research we made showed that personalised inter-
actions increase people’s interest in the conversa-
tion with the BRILLO robot [32]. Furthermore,
trust is a very complex construct that can depend
on and be influenced by several factors, including
reliability and efficiency [27]. We believe, indeed,
that the limitations of drinking the beverage pre-
pared negatively affected the perception of trust
in the robot.

Finally, people provided some spontaneous
comments that led us to rethink the robot’s
design. The robot currently has a humanoid
appearance and a human face, however, it is
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equipped with two industrial robotic arms, which
may have negatively influenced their perception of
the robot, and so affecting the evaluation of SP.
For example, people mentioned that the arms were
too big compared to the rest of the robot’s face
and less reassuring. For these reasons, a future
industrialization of the solution will have to take
more into account the design of the robot.

5 Conclusions

The use of robots for the automation of the supply
of food and beverages is a commercially attractive
and modern application of robotic technologies,
and it is used as a strategy to renew the image of
the service and thus stimulate people’s curiosity.
However, the maintenance, in the long term, of
the degree of interest in a commercial proposal
linked to leisure can be only effectively achieved
by implementing strategies for personalising the
experience according to previous interactions and
adapting the robot’s behaviours.

In this work, we presented a ROS Architec-
ture for a bartending robot aiming at providing an
efficient service while keeping engaged the human
customers in a dynamic and personalised interac-
tion. The system has been tested in an ecological
environment evaluating the effectiveness of the
developed modules and of the whole architecture
in terms of personalization of the experience and
adaptation of behaviours, including content and
frequency of dialogues, movements and poses to
the customers’ moods and preferences. Software
modules were designed for the management of dia-
logues and the perception of social signals, such as,
for example, a biometric-based algorithm for the
recognition of social signals linked to the dynamics
of interaction with the robot and Bayesian net-
works for the modelling of the interaction and the
estimation of the probability of success of new
proposals based on previous interactions.

We ran a user study during a national fair,
and the system performed very well both in terms
of service and social interactions whether people
were observing or directly interacting with the sys-
tem. However, long-lasting interactions need to be
further investigated with paying customers to fully
demonstrate that BRILLO is able to provide a ser-
vice that is fast but also personalised. This will
require the involvement of regular users over time.

The use of personalised and recommended sys-
tems in public environments raises several issues,
in particular connected to the users’ privacy, as
we already started to investigate in [29]. How-
ever, we believe that further investigations are also
needed for testing the effects of other factors, such
as collection and disclosure of private information
in public (e.g., facial biometrics, drink preferences
and habits), payments methods for purchasing
drinks, variety of conversational topics.

BRILLO can present an added value to the
commercial proposal, taking it beyond the sim-
ple experience associated with the presence of new
technology and increasing customers’ loyalty.
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