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Abstract

We report on the deployment of the Haru social robot in a pediatric
oncology ward to reduce social isolation and detail the main chal-
lenges faced during the process. We started with a semi-scripted
interaction to gain insights about potential technical and psycho-
social issues with such sensitive population, before moving to more
flexible and automated conversations. We placed the robot in pa-
tients’ single rooms and tested simple dialogues, after which we
interviewed caregivers and children about the interaction. Such a
preliminary effort revealed practical challenges that would critically
affect the fluidity of the interaction, even if related to low-level,
basic infrastructure. We also report on the introduction of the robot
in a new environment and lessons learned on the importance of
bringing technological awareness to this process.
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1 Introduction

The use of social robots to support children’s well-being has been
widely researched in the field of HRI [3, 27]. Common use cases vary
from entertainment [12] to education [10], and companionship [1].
In health care use cases, social robots have been demonstrated to be
avaluable source of support [4, 22, 27]. Robots have the advantage of
not getting tired or lacking the attention necessary for this audience.
They can also adapt to specific conditions, such as when interacting
with children who have special needs [8, 14, 25]. However, some
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aspects of the interaction between robots and humans still lack a
natural flow, e.g., regarding turn-taking [24] or non-verbal cues [5].
Especially with children, conversations can be challenging because
their ability to express themselves and to converse following social
norms is still developing [18]. Recent advances in Large Language
Models (LLMs) have begun to address these limitations [e.g., 15].
LLM-driven dialogue systems enable more fluid, context-aware
conversations and allow robots to engage in real-time interaction
without relying solely on predefined scripts.

In this paper, we describe our experience deploying the social
robot Haru [6] in a real hospital setting and the challenges we
faced and led to the need of transitioning from scripted dialogues to
more automated interactions. We report on the robot’s deployment
process. We also offer reflections aimed at broadening the discussion
on how social robots and LLMs should be integrated and evaluated
in a real-world setting.

2 Background

Achieving a more natural interaction between humans and robots
is usually done through different components. Social robots, more
specifically in use cases involving children, should have a pleasant
and friendly appearance. Moreover, the way they communicate —
verbally or non-verbally — also needs to be tailored to this target
audience.

2.1 Social Robots

Social robots have been deployed across a wide range of use cases
and are particularly valuable when human presence or attention is
limited. This is especially relevant in pediatric health care settings,
where compromised health conditions can isolate children from
their typical social environments. In such situations, social robots
may offer an alternative source of interaction that helps mitigate
this loss. As examples, PLEO [17], Arash [16], and Nao [2] have
been deployed in hospital settings to assist children. These robots
can not only serve as companions but also facilitate communication
between patients and staff, motivate children to establish a routine,
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and provide support in educational contexts. For this reason, involv-
ing stakeholders from different areas is important to understand
the role that a social robot can play in health care support [13].

2.2 Conversational Agents

In health care contexts, conversational agents show great promise,
yet experimental evidence of their benefit is still being assessed
clinically [11]. Conversational Agents (CAs) differ from text-based
chatbots. They require more than Natural Language Understanding
(NLU) and Natural Language Generation (NLG). A verbal dialog
between machines and humans also requires Automatic Speech
Recognition (ASR) and Text-To-Speech (TTS) capabilities to acquire
spoken utterances and utter replies. Embodied agents further bene-
fit from aligned non-verbal behavior; therefore, social cues such as
gaze and lip-sync, as well as motor control, are also required [26].
To orchestrate all these different components, a Dialogue Manager
(DM) is usually employed. It can be based on behavior trees, finite
state machines, or, as more recently explored, LLMs [21].

Still, background noise, different language accents, and the usage
of facial masks are a few of the factors that can impair the flow
of dialogues. In addition, generating the appropriate response also
requires context and awareness of the system. It does not only
require appropriate semantics, but also the timing of when it hap-
pens [24]. Because dialogues are not always linear, interruptions
should also be handled by the system. Since these steps require
context, generating a dialogue that feels natural, is appropriate for
the target audience, and has adequate latency is not a trivial task

[9].

2.3 Generative AI and LLMs

Recent advances in Generative Al (GenAl) models have been used in
all aspects of dialogue systems. In interactions with children, for ex-
ample, research has investigated the use of Al-powered chatbots to
support communication between health care professionals, patients,
and their relatives [23]. Generative models can be applied in various
ways. Voice synthesis and emotional tone adaptation are handled
by TTS models, which can clone voices and modulate prosody. ASR
models like Whisper [19] transcribe a speaker’s speech into text.
LLMs then interpret the transcribed text and generate appropriate,
contextually relevant responses. This response generation is a par-
ticularly significant advance. While scripted dialogues often result
in less engaging interactions, LLMs enable dynamic, automated
conversations. However, this capability comes with a major chal-
lenge: LLMs are prone to hallucinations, can be manipulative or
produce coherent but factually incorrect or contextually inappropri-
ate outputs in unpredictable ways, which is particularly critical in
health care contexts [20]. Future research must further investigate
methods to predict and prevent such errors. Therefore, especially
when engaging with vulnerable audiences, it is crucial to implement
robust safeguards to ensure these technologies are used safely.
Still LLMs, can also help in alleviating ASR failures, such as cor-
rectly interpreting wrongly transcribed utterances. Finally, they can
also automatically generate responses to the speaker. This is where
large-language models enable the automatic creation of scripts
within the context of the conversation. Scripted dialogues result
in a less engaging interaction, so having a way to automate this
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step efficiently represents a significant advance in this field. At the
same time they bring a big advantage, predicting the output of a
generated dialog line is not trivial. LLMs are prone to hallucina-
tions, meaning generated responses that are out of context in an
unpredictable way. Current research still needs to further investi-
gate methods to predict and prevent such mistakes. Therefore, in
the context of a vulnerable audience, it is crucial to ensure LLMs
are used safely.

3 Case study

We investigate the deployment of the social robot Haru in a highly
sensitive health care environment. We worked with health care
professionals and social scientists and developed a use case with
patients in the pediatric oncology and stem cell transplant unit at
the Charité Hospital in Berlin. We tested a simple interaction with
a few patients with one parent/caregiver attending. We selected
the pediatric oncology ward as the deployment site due to the
availability of staff and hospital infrastructure. This setting also
allowed for prolonged interactions with patients, who typically
undergo treatment for several weeks, and remain isolated from
their normal routine. While these patients can benefit the most from
technological solutions to alleviate their social isolation, they are
also very vulnerable users. With this use case, we hoped to uncover
the challenges of introducing a social robot in such a sensitive
environment, considering not only interactions with patients but
also acceptance from staff, parents, and family members. In this first
step, we opted to implement a semi-scripted dialogue to investigate
the impact of Haru’s embodiment and emotional expressions on
such patients, to guarantee the appropriateness of the interaction.

3.1 Haru’s introduction

The interaction we developed was simplified, focusing on introduc-
ing the robot in the pediatric ward. We started by interviewing the
hospital staff to understand their needs and expectations. We col-
lected data from social workers, nurses, doctors, and psychologists
through semi-structured interviews. Their feedback was positive re-
garding having a social robot as a companion for children patients.
One of the concerns raised was privacy and data protection, and
the importance of ensuring the patient’s safety. After reviewing
the interview results, we developed an introduction to the robot
for staff, parents, and patients. We distributed flyers to the parents
showing pictures of Haru and explaining how it would interact
with the patients. This step was important for setting expectations
and preparing all parties involved.

3.2 Interaction

To tailor the interaction to our audience, we started by scripting
dialogue and creating age-based branches, featuring jokes and rid-
dles. We had one branch for younger children (up to 10 years old)
and another one for older ones. Considering our target group, the
interaction was designed to be relatively brief and shallow, to en-
gage children of different ages while still providing a glimpse of the
possible scenarios with such a robot. To provide a realistic impres-
sion and collect honest feedback from patients and their caregivers,
the interaction was designed to be autonomous (no Wizard-of-Oz)
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but follow a pre-determined flow. Based on the patient’s response,
the dialog automatically proceeded to the intended branch.

Haru’s response was conveyed through emojis displayed on the
eyes, vocalizations, and neck and eye movements [6, 7]. Both verbal
and motor reactions were aligned with the recognized intent of
the patient’s input. After asking about name and age, all children
would go through some questions-and-answers-based chit-chat
(e.g., "What’s your favorite season?"). Depending on the branch,
Haru then offered different entertainment options. Children aged
10 and above were offered scientific facts and/or riddles to guess.
Children up to 10 could choose to listen to a short story. Finally, both
dialog branches concluded in the same way: greeting the patient
by name and asking if they had fun. The whole conversation was
carried out in German. In total, we observed Haru interact with 8
patients aged 5 to 17 years old, and each interaction lasted about
15 minutes.

In terms of logistics, making sure the robot could be easily relo-
cated to each of the rooms was important, especially while assuring
that the connectivity with the server computer was not hampered.
Within our immunocompromised patient group, we also ensured
that the equipment was properly sanitized after each round of
interaction.

3.3 Technical implementation

To perform speech recognition, we used the Whisper model. For en-
tity recognition (e.g., favorite season, color, superpower,..), we struc-
tured the dialogue flow so that the system could rely on appropriate
replies considering the recognized entity, or on generic reactions
whenever an expected entity could not be made out throught the
ASR. This avoided interrupting the conversation flow. For critical
branching points (name, age, yes/no to offered service) questions
would be repeated, in case the answer was not correctly acquired.
For example, when asking the patient’s age, the script expected a
number as an answer and handled it accordingly. For riddles, we
stored the correct responses in advance and compared the patient’s
answer to the predefined solution. Haru’s voice was created based
on a teenage voice model, to have an appropriate and genderless
voice, fitting its character.

3.4 Technical issues

Regarding technical issues, we experienced problems with the net-
work connection between the robot and the computer running the
dialogue server. The delay particularly affected the ASR system’s
response time, which disrupted the natural flow of the interaction.
Specifically, the slow processing of spoken input led to interruptions
in turn-taking, making the system appear less responsive. These
connectivity issues directly impacted the overall user experience,
highlighting that introducing additional components also requires
areliable, low-latency communication infrastructure. This becomes
even more important as the number of components required to
create these dialogues increases, including the use of LLM models.

Besides the delays, we also noticed that the ASR model some-
times did not parse numbers consistently: it would transcribe them
as numerals or as words. This problem would then affect the choice
of the branch of the dialogue.
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Because this first experience provided insights across the differ-
ent stages of the deployment, we decided to address the main issues
identified before proceeding to more complex interactions.

4 Open questions

While ethnographic observations and interview results are still
being analyzed, on the basis of this experience, we could reflect on
several questions. Feedback from teenage patients suggested that
the interaction was rather mechanistic and for such older audience
the overall experience was less engaging than for smaller children.
While the population in pediatric wards span a 0-18 range, it needs
to be considered that an engaging interaction should factor in age-
appropriate modifications. In this LLMs could great improve the
conversation. Still, other issues have to be tackled [20].

4.1 Patient’s safety

First of all, how can we ensure that LLMs are safe to interact with
children, particularly when dealing with vulnerable patients? This
includes concerns re be addressed in the integration of LLMs in dia-
logues is avoiding sensitive topics, and making sure hallucinations
can be prevented. This may vary according to different cultures,
but conversations about illness and death, for instance, would need
to be prevented at all costs, especially depending on the state of
the patient. The present interaction was conducted only by voice
(through a microphone), to gain trust from the ward personnel
and parents, no camera was used, utterances were transcribed but
not recorded, and all NLP processing happened locally. Still, this
limited the responsiveness of the robot to the child reactions. So
far, we can use a few strategies to prevent that certain topics are
discussed by LLMs, such as prompting the model to avoid them at
the start of each dialogue. There is no guarantee, so far, that this is
enough to completely prevent inappropriate behavior, and further
research needs to investigate alternative solutions. The strategies
to prevent unwanted topics might also be useful to tackle hallucina-
tions that might appear during interactions. We acknowledge that
children might even find certain out-of-the-context answers funny,
and answer questions with creative answers themselves, so there
is a room for flexibility, as long as the patient’s safety is ensured.
Another approach that could provide more safety is implementing
a list of key words that are banned from the conversation, filtering
every dialog generated line according to it.

4.2 Data protection

In this respect, another important point is how to ensure that stake-
holders understand that the data collected and analyzed during
these interactions is protected and handled appropriately. In such
situations, the parents or guardians of the patients need to consent
to their participation in the studies. Moreover, the ethical board of
hospitals also needs to be sure that no sensitive information is be-
ing used in a commercial or malicious way. In particular, questions
regarding the storage and processing of audio and video recordings,
as well as the handling of transcribed data, become relevant. The
trade-off between data collection and user safety warrants further
discussion to ensure privacy while still enabling research advances.
The acceptance of data collection varies across cultures, potentially
introducing bias into future research. We argue that, as a starting
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point, future research needs to raise awareness and provide infor-
mation about these topics to ensure that experiments remain safe
and accepted.

5 Conclusion

We reported on the first impressions of deploying Haru in a pedi-
atric oncology ward. We implemented an interaction based on a
semi-scripted dialogue, and tested it with 8 patients. Our experience
brought us awareness of the potential issues that can arise when in-
tegrating GenAl models in multiple conversational Al components.
While patients enjoyed the interaction, especially regarding the
embodiment, the dialogues were still superficial, and the technical
issues we faced made the turn-taking difficult at times. Expressions
and non-verbal cues could only be produced after or before the
verbal response, thus replies and non-verbal reactions were a bit
disconnected. The interaction would be more engaging if the ro-
bot could be sensitive to the partner’s gaze, face/voice expression.
While this is technically feasible, it needs to be mediated with hospi-
tals’ regulations about patients’ privacy. This use case provided us
insights into the acceptability of social robots in such settings and
prepared us to consider the next steps into more dynamic dialogues,
while preserving the user’s well-being and safety.
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