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Figure 1: Set-up of the CoffeeBot near the coffee machine at location L2.

ABSTRACT
Asking questions is an important way of showing interest in people
and learning more about them. We deployed a social robot, Coffee-
Bot, capable of asking personalized conversational questions based
on topics mentioned by the user over time. We describe our evalua-
tion setup and results of our pilot study. Our initial results, based
on interactions with seven participants, indicate a high level of en-
joyment among participants and provided us with useful feedback
on the CoffeeBot experience for a future long-term study.

CCS CONCEPTS
• Human-centered computing → Field studies; Usability test-
ing; Natural language interfaces; Sound-based input / output.
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1 INTRODUCTION
Conversations near coffee machines might appear superficial, but
actually reveal people’s world views and beliefs [6]. These conver-
sations happen frequently at public places where classmates and
colleagues run into each other at the coffee machine. Colleagues ask
each other how they are doing and follow up on past interactions
and topics. Asking (personal) questions is an important part of mak-
ing conversation and showing interest [9]. Some work has already
been done on follow-up question asking by conversational agents.
In task-oriented conversation, Furhat Robotics [7] and Inoue et al.
[10] developed agents capable of asking follow-up questions for job
interviews. Mattar and Wachsmuth [18] built an agent that asked
follow-up questions in open domain conversation to improve the
user’s attitude towards the agent. However, none of these agents
were tested autonomously for long-term interaction, despite a need
for long-term studies [20, 22]. We present the results of our pi-
lot with CoffeeBot, a social robot capable of asking personalized
questions in real-world situations.

2 PERSONALIZATION
The focus of this paper is on the pilot test of the CoffeeBot, but here
we briefly introduce its personalization strategy, which involves
asking conversation starters, follow-up questions, and memory-
based questions, as well as self-disclosure. Conversation starters
are questions such as Where was your last holiday?. Follow-up ques-
tions are meant to create the impression that the agent is interested
in what the user is talking about, for which we use Mandasari [17]’s
method of generating follow-up questions. Mandasari used seman-
tic role labelling (SRL) for extracting predicate arguments such as
agent, patient, and location. These arguments are then matched
with WH-question templates based on SRL patterns in the dataset
of Huang et al. [9]. The templates contain question words such as
“why” and “where”. An example is shown in Table 1, in which the
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Table 1: Part of a dialoguewith the CoffeeBot. Line 4 is an ex-
ample of starter question, lines 6 and 8 are examples of self-
disclosure and lines 10, 12 and 14 are examples of follow-up
questions.

# S Turn

4 A If you opened a business, what kind of business
would it be?

5 U big business
6 A What is your favorite interest? My favorite has to be

to play games.
7 U play basketball
8 A My favourite book is The Lord of the Rings. What do

you think about The Lord of the Rings?
9 U I love it

10 A Interesting! Why do you love it?
11 U because I like fantasy
12 A I see. Why do you like fantasy?
13 U it just imagination like I like I think that’s that are not

now out of this world
14 A Okay. Why do you like you think that is that are

not now?

agent asks about fantasy in line 12. Memory-based questions are
based on recalling “positive” topics (predicate arguments) of past
interactions. If sentiment analysis assigns a high average valence
to a topic phrase that has been mentioned at least 5 times by the
user, the CoffeeBot will ask about this topic, for example Last week
we talked about “big business”. How is it going with that?. Topic
phrases are extracted through part-of-speech (PoS) tagging and
lexicon-based sentiment analysis is done with Pattern [25]. Finally,
self-disclosure is based on manually crafted templates from [16],
based on the dataset of [9]. A sentiment memory (list of nouns with
positive or negative values) served as persona for the agent for
self-disclosure and contained preferences about for example books
or games (Table 1 lines 6 and 8). Each interaction with the CoffeeBot
starts with small-talk, after which the CoffeeBot asks questions or
self-discloses until either it or user ends the conversation.

3 METHOD
The main aim of our setup was to learn about the usability of the
CoffeeBot and to learn about personalization through question gen-
eration in a spoken interaction. Instead of using a virtual agent
for embodiment and placement [27], we opted for a physical robot,
which would draw more attention in a public space [23]. Addition-
ally, a life-like human avatar might set expectations higher than a
robot with less humanoid characteristics. Therefore we designed a
low-cost low-fidelity prototype that could be deployed for a longer
period of time in a real public place, such as a coffeeshop or near a
coffee machine.

3.1 System setup
The CoffeeBot was embodied as a silver-colored cardboard cut-
out robot, shown in Figure 1. The head of the robot contained a
Bluetooth speaker, used for recognition of the user speech and

the production of speech synthesis for the CoffeeBot. The lower
body contained an Arduino Uno, with an MFRC522 connected for
scanning RFID (radio-frequency identification) cards, similar to
the identification method used by Davison et al. [4]. Both compo-
nents were connected to a laptop, hidden out of sight, that ran the
CoffeeBot’s autonomous core system. A remote server ran NLU
and NLG tools to reduce the strain on the laptop. The agent used
Google Cloud Speech for Automatic Speech Recognition (ASR)
and ReadSpeaker’s British English voice James for Text-to-Speech
Synthesis (TTS).

3.2 Participants
There was no specific target group for the CoffeeBot, except that
participants had to be 1) 18 years or older and 2) had to be rela-
tively fluent in English. We deployed the CoffeeBot at two different
locations in late 2020, one at a university of applied sciences (L1)
and one at a university college (L2). All participants in the study
were students attending either of the universities. Before interact-
ing with the CoffeeBot located at L1, students filled in an informed
consent form. At L2 the informed consent could only be given by
scanning a QR code that had a digitalized version of the informed
consent form, which was stored on our university’s server. The
Ethics Committee of our faculty approved the forms and checked
that all data collection was in compliance with university policy
and General Data Protection Regulation (GDPR). At both locations,
participants were either recruited personally by us or filled in the
online forms that were near the CoffeeBot.

Recruitment was less than ideal with many of the staff and stu-
dents working from home (most of the time) during the COVID19
pandemic. During recruitment and deployment on-site, we wore
masks and kept 1,5m distance.We also put a note near the CoffeeBot
that only one person at a time could talk to it.We asked participants
to talk to the CoffeeBot at least three times, preferably on different
days, but it was up to participants when and if they would interact
with the CoffeeBot.

3.3 Procedure
At L1, the CoffeeBot was placed on the side of the room, where a
participant could sit down. For L2, the CoffeeBot was placed next
to an automated coffee machine in a central location. Participants
initialized the conversation by holding their card or key with RFID
in front of the CoffeeBot’s body.

In the first interaction, the CoffeeBot would introduce itself and
its goal of wanting to get to know the participant. It also gave
the instruction that the participant could end the conversation by
saying “goodbye”. After the introduction, the CoffeeBot started a
round of questions. The user might answer these or not, but at
the end of the user’s turn, the CoffeeBot asked another question,
either as a follow-up on what the user said or introducing a new
topic. The conversation could go on for up to 6 minutes, after which
the CoffeeBot ended the conversation with a message to hopefully
see the user again soon, or the user could end the conversation
earlier by saying “goodbye”. In subsequent conversations with the
same participant, the CoffeeBot would start by saying it would
ask questions and continue to do so until either the CoffeeBot or
participant ended the conversation.
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3.4 Data collection & Measurements
In the pilot experiment we collected data from three different
sources: from the CoffeeBot itself, which made speech recordings,
transcriptions and logs from its interactions with the user, two
questionnaires filled in by users and semi-structured interviews
held at the end of the experiment by the researcher.

3.4.1 Recordings, transcriptions and logs. The speech recordings
were saved in 16-bit PCM wav format named by date and user ID.
Each recording started when a user scanned their radio-frequency
identification (RFID) card and stopped when the user or CoffeeBot
ended the conversation. Additionally, the CoffeeBot saved the tran-
scriptions of the speech and logs of the interaction in a database in
JSON format. The logs contain the meta-data of the conversations,
such as the user ID, the number of interactions, the sentiment levels
of user utterances and the dialogue history with timestamps. We
also calculated how many topics were not recalled and how many
follow-up questions and self-disclosures were incorrectly used.

3.4.2 Questionnaires. We compiled two questionnaires, which took
about 4-5 minutes each to complete. One was sent to participants
after their first interaction and the second one was sent after the
experiment ended. The second questionnaire contained additional
questions about how often people had been at the university during
the run of the experiment and how often they had left their working
place for a break (see Appendix A.1). Both questionnaires contained
the same items, whichwere taken from four different questionnaires
as described below. All questionnaires were standardized to a 7-
point Likert scale.

The first two questionnaire components focused on the person-
alization aspect of the CoffeeBot in the open-domain small-talk.
The first was based on the Interpersonal Communication Satis-
faction (ICS) measure by Hecht [8], which has been specifically
designed for dyadic conversations for either friends, strangers or
acquaintances and can measure closeness in computer-mediated
communication [26] (Appendix A.1.1). ICS has been applied before
in Human Robot Interaction (HRI) research, in a study about con-
versational memory [2]. The second component was based on the
McGill Friendship questionnaire [19], which was used by Leite et al.
[14] to evaluate how helpful and encouraging the participants found
their social robot. Four out of the six categories of the questionnaire
did not apply to the CoffeeBot’s type of casual conversation: help,
reliable alliance, self-validation and emotional security, so we did
not include these in our questionnaire (Appendix A.1.2). The two
categories we did include were intimacy and stimulating compan-
ionship. Intimacy is about being honest, expressing yourself and
how comfortable you are with sharing personal information. The
items for stimulating companionship measure how enjoyable the
conversation is. They served as an indicator for engagement and if
people wanted to talk again to the CoffeeBot.

The purpose of the other two questionnaire components was
to measure the quality of the CoffeeBot in general: Robotic Social
Attribute Scale (RoSAS) for the perception users had of the Cof-
feeBot [3] and a social presence questionnaire for measuring their
engagement [12]. We used the RoSAS questionnaire because it has
been used commonly as an evaluation tool for social robots and
agents and is well-known to HRI researchers [13] (Appendix A.1.4).

We are aware of Werner [28]’s statement that the validation evi-
dence for RoSAS has been rather limited [13, 21]. Biocca et al. [1]
reviewed the concept of social presence. There are many different
interpretations of this concept in a human-human context [24], but
here we use the perceived social presence of the robot as a measure
of engagement, similarly to Jung and Lee [12]. We measured the
social presence of the CoffeeBot with Jung and Lee [12]’s question-
naire to gauge the feeling of users being socially present with the
CoffeeBot (Appendix A.1.3).

3.4.3 Interview. At the end of the experiment, together with the
second questionnaire, an email invitation for a semi-structured
interview was sent to all of the participants to informally talk about
their experience with the CoffeeBot. See Appendix A.2 for the
leading interview questions.

4 COFFEEBOT PILOT RESULTS
Thirteen people gave informed consent to participate in the ex-
periment. Of these participants, 2 never talked to the CoffeeBot.
Out of the 11 people who did interact with the CoffeeBot, 6 people
interacted with it more than once and 5 interacted with it only once.
Of these 5 participants, only one interacted with the CoffeeBot with
more than 2 (user) turns. If we filter out participants who had no
more than one turn per interaction, 7 participants (3 male, 2 female,
2 non-binary) remain (see Table 2). The results we describe relate
to these final 7 participants.

The CoffeeBot was deployed for two weeks at location L1 and
three weeks at location L2, with one week in between. In the last
week at location L2, a strict lockdown was enforced. At location L1,
only one participant interacted with the CoffeeBot more than once,
but this participant did not have more than one turn per interaction,
and no questionnaires were filled in by any of the participants.
Therefore the results of the questionnaire and interviews are all
from participants who talked to the CoffeeBot at location L2.

4.1 Interaction metadata
We are interested if the CoffeeBot can mimic short coffee talk con-
versations, for multiple interactions and for around 5 minutes of
conversation. The average number of turns per interaction was 10,6
(f=6,68), the average duration was 3 minutes and 7 seconds. The
average number of interactions was 2,42 (f=0,98). The average topic
recall was 0.607: around 3 out of 5 topics were recalled. About half
the follow-up questions were inappropriate (0.46). Self-disclosure
error rate was similar to the reverse topic recall rate with 0.4. See
Table 2 for the results per participant, and for more details on how
the errors were computed.

4.2 Questionnaire
In total 6 participants filled in the first questionnaire and 2 partici-
pants filled in the second questionnaire. Only one of the participants
filling in the second questionnaire talked to the CoffeeBot on sepa-
rate days. Though this is limited data, we do want to mention the
results of the first questionnaire. For the ICS part, most participants
were favorable about having another conversation (median=5), en-
joyed the conversation (5) and were satisfied (5.5). However, they
did not feel the conversation went smoothly (2.5). Additionally, the
agent performed poorly in terms of invoking user laughter (3.5),
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Table 2:Quantitative results of the CoffeeBot pilot. The user
ID indicates the location (L) and participant (U) number.The
interactions indicate total (different days) interactions. The
topic recall is calculated by taking the number of recalled
topics (noun and verb phrases) divided by the total number
of topics mentioned. For the self-disclosure (sd) and follow-
up errors, the error was calculated by manually annotat-
ing coherence and dividing incoherent self-disclosure and
follow-up questions by the total number of self-disclosure
and follow-up questions by the agent, respectively.

ID total
turns

inter-
actions

mean
length

topic
recall

sd
error

follow up
error

L1U4 8 1 3:53 1/2 0/0 0/0
L2U1 30 3(2) 2:39 11/21 0/0 3/7
L2U2 12 2(1) 2:06 7/9 1/1 0/2
L2U4 24 4(1) 2:08 12/17 1/4 3/6
L2U5 35 3(2) 2:48 9/19 0/0 4/6
L2U6 15 2(1) 2:17 5/12 0/0 3/4
L2U7 50 2(2) 5:59 32/47 0/0 6/16

letting the user know they were communicating effectively (3.5) and
talking about interesting things (3). On all points of the intimacy
part of the McGill friendship questionnaire, the CoffeeBot scored
extremely poor to poor (≤3). Only for the statement “CoffeeBot
would listen if I talked about my problems” the ratings were average
(4). The CoffeeBot scored much better on all items of the stimulating
companionship scales (≥4), where only the statement “CoffeeBot
has good ideas about entertaining things” was rated as poor (3).
Social presence scored mostly mediocre, with the CoffeeBot not
being very life-like (3), but it was considered quite sociable (5) and
people felt it communicated with them (4). On the RoSAS scale,
the interaction with the CoffeeBot was found to be interactive (5),
strange (4.5), competent (4) and responsive (4.5), whereas it was
not found to be emotional (2), compassionate (2), aggressive (1),
dangerous (1) or feeling (2.5).

4.3 Interview
Of the 7 participants, 2 consented to a separate short interview.
The other participants were sent reminders via email, but did not
respond. The length of each interview was about 15 minutes. Both
interviewees said that it was easy to interact with the bot, though
the signing up process was a bit difficult to understand and they
had to repeat themselves. One of the interviewees said that the
robot looked cute as is, though the other one would have liked
to see something like movement of the arms to make it more en-
gaging. Neither of them found the questions the CoffeeBot asked
to be too personal, and both thought the topics were appropriate
for the setting. Annoyances mentioned by the interviewees were
that the CoffeeBot repeated itself often, made some weird topic
switches and the voice was sometimes hard to understand. When
asked about other practical uses for a CoffeeBot-like robot, one
interviewee mentioned it could help train interviewing skills or
could be positioned at waiting rooms.

5 DISCUSSION
The foremost limitation of this research was the small number of
participants and interactions for each participant. The COVID19
pandemic and a lockdown severely restricted the number of inter-
actions possible over the course of 2 or 3 weeks. Our analysis is
therefore impacted by the novelty effect, because users did not get
familiar with the CoffeeBot.

Even though the Google ASR worked relatively well in a not-
so crowded coffee place, the ASR had some issues with speaker
diarization, separating background voices from the participant’s.
About 40% of the topics were not recalled, mostly due to ASR errors.
Irfan et al. [11] found the same issues with their social robot as
barista in a coffee shop.They recommend constraining the grammar
of the ASR model and adapting it to non-native English as well.
Follow-up questions were misclassified or inappropriate due to
ungrammatical sentences that could not be correctly parsed with
the current SRL implementation. Inoue et al. [10]’s work on follow-
up questionsmight bemore robust to ungrammaticalities and can be
adapted for open-domain chat. Additionally, some of the sentences
spoken by the TTS were not comprehensible for participants, as
also mentioned by one of our interviewees.

Despite these errors, participants did still enjoy the conversa-
tions and company of the CoffeeBot, though they felt the flow of
the interaction was insufficient. Unfortunately, due to the limited
interactions and no topic being discussed at least 5 times, none of
the memory-based questions that should trigger a sense of person-
alization were asked in any of the interactions.

The design of the CoffeeBot is simple, to set expectations low.
According to Werner [28] this usually has a negative impact on the
interaction. As mentioned by one of the interviewees, the CoffeeBot
could have benefited from more engaging behaviour such as move-
ment without raising expectations too much. Another issue was the
turn-taking in the interaction, where both the robot and user had
trouble adapting to each other’s timing. For the robot this could be
solved by having better incremental speech recognition, whereas
for the user it could be resolved by adding thinking behaviours in
the robot so that the user would know not to talk too soon.

6 FUTUREWORK
In future work, we want to deploy the CoffeeBot for at least two
months at the same location in a public space. Two months should
be sufficient for the robot to be socially accepted and reduce the
novelty effect [5, 15]. We plan to set up a between-subject study
where the experiment group gets memory-based questions and the
control group does not. We will also finalize the prototype based on
the feedback from the participants, by either improving the current
prototype (e.g. moving arms, adding lights to guide turn-taking) or
using an existing social robot that has these features.
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A RESEARCH METHODS
A.1 Questionnaire
Here we list the questions of the questionnaire for each item we
were interested in. All items are rated on a 7-point Likert scale.

A.1.1 Interpersonal Communication Satisfaction [8].

• CoffeeBot let me know I was communicating effectively.
• I would like to have another conversation like this one.
• CoffeeBot genuinely wanted to get to know me.
• I was NOT satisfied with the conversation.
• I actually had something else to do.
• I felt that during the conversation I was able to presentmyself

as I wanted CoffeeBot to view me.
• CoffeeBot understood what I said.
• I was very satisfied with the conversation.
• CoffeeBot expressed a lot of interest in what I had to say.
• I did NOT enjoy the conversation.
• CoffeeBot did NOT provide support for what he was saying.
• I felt I could talk about anything with CoffeeBot.
• We each got to say what we wanted.
• I felt that we could laugh easily together.
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• The conversation flowed smoothly.
• CoffeeBot changed the topic when his feelings were brought

in the conversation.
• CoffeeBot frequently said things which added little to the

conversation.
• We talked about something I was NOT interested in.

A.1.2 McGill Friendship Questionnaire [19].

• Intimacy:
– CoffeeBot is someone I can tell private things to.
– CoffeeBot knows when I’m upset.
– CoffeeBot is someone I can tell secrets to.
– CoffeeBot knows when something bothers me.
– CoffeeBot would listen if I talked about my problems
– CoffeeBot would understand me if I told him my problems.
– CoffeeBot is easy to talk to about private things.
– CoffeeBot understands my feelings.

• Stimulating companionship:
– CoffeeBot is fun to do things with.
– CoffeeBot tells me interesting things.
– CoffeeBot has good ideas about entertaining things to do.
– CoffeeBot makes me laugh.
– CoffeeBot is exciting to talk to.
– CoffeeBot is enjoyable to be with.
– CoffeeBot is exciting to be with.
– CoffeeBot is fun to stand and talk with.

A.1.3 Social Presence [12].

• How sociable was the CoffeeBot?
• How personal was the CoffeeBot?
• How life-like was the CoffeeBot?
• How sensitive was the CoffeeBot?
• While you were interacting with the CoffeeBot, how much

did you feel as if he was a social being?
• While you were interacting with the CoffeeBot, how much

did you feel as if he was communicating with you?

A.1.4 RoSAS [3]. Instead of statements, for RoSAS participants
had to rate whether the word described the CoffeeBot very well (7)
or not at all (1).

Scary Emotional Dangerous
Knowledgeable Compassionate Awkward
Reliable Organic Aggressive
Interactive Social Awful
Responsive Feeling Strange
Capable Happy Competent

A.1.5 Second questionnaire. We asked these two questions to put
into context how often people had spontaneous opportunities to
talk to the CoffeeBot.

• How often were you in your own standard workplace over
the course of two (three) weeks?

• How often did you walk away from your desk on a full work
day at your standard workplace over the last two (three)
weeks?

• Did you talk to the CoffeeBot more than once?

A.2 Interview questions
The semi-structured interview contained five questions:

• How easy was it for you to interact with the CoffeeBot?
• Whatwould you change about the appearance of the CoffeeBot?
• What kind of topics would you like to discuss with the

CoffeeBot?
• What were some annoying things about the CoffeeBot?
• What practical uses do you see for a CoffeeBot?
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