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Parental involvement is crucial for the development of children’s //doi.org/10.1145/3776734.3794485

emotion regulation (ER) skills, yet navigating these complex emo-

tional interactions remains challenging for many families. While 1 INTRODUCTION
Large Language Models (LLMs) offer unprecedented conversational Emotion regulation (ER) is a multifaceted concept encompassing
flexibility, integrating them into embodied social robots to provide emotional awareness, management, and expression [17]. The cul-
context-aware, multimodal support remains an open challenge. In tivation of ER skills is vital for a child’s social and emotional de-
this paper, we present the design and preliminary evaluation of velopment [16]. Research consistently demonstrates that parents
an LLM-powered robotic system aimed at facilitating ER within serve as the primary scaffold for this development [11], with their
parent-child dyads. Utilizing a supervised autonomy approach, our own regulatory abilities directly influencing their child’s emotional
system bridges the gap between language-based reasoning and em- competencies [16, 49]. However, when parents struggle to articulate
bodied robotic behavior, allowing the MiRo-E robot to engage in or manage their own feelings, particularly in high-stress situations
natural dialogue while performing empathetic physical actions. We involving psychiatric conditions, their ability to co-regulate their
detail the system’s technical architecture and interaction design, child is significantly compromised [1, 27].
which guides dyads through evidence-based ER strategies. Prelimi- Technological interventions, including mobile applications [44],
nary user tests with six parent-child dyads suggest positive user biofeedback [29], and interactive toys [7], have emerged to support
engagement and initial trust, with participants reporting that the parental involvement in ER. Among these, social robots offer a
robot showed potential as a supportive mediator. These findings of- unique embodied presence capable of facilitating triadic (parent-
fer early design insights into developing autonomous, LLM-driven child-robot) interactions [20, 28]. While evidence-based therapies
social robots for family-centered mental health interventions. emphasize that parents must model calm responses to effectively
support their children [14, 31], existing robotic systems often lack
CCS Concepts the conversational flexibility required to navigate these complex,
« Human-centered computing - Human computer interac- personalized family dynamics [43]. Most rely on rigid scripts or
tion (HCI); Interaction techniques; Ubiquitous and mobile computing teleoperation, limiting their scalability and adaptability [13, 42].
design and evaluation methods; - Computing methodologies — LLMs offer a solution to this rigidity, enabling context-aware
Artificial intelligence. and nuanced dialogue [26]. However, bridging the gap between
the semantic reasoning of LLMs and the physical, embodied ac-
Keywords tions of a robot remains a significant design challenge, particu-

larly in sensitive mental health contexts where safety is paramount
[42]. To address this, we explore the following research questions:
RQ1: To what extent can robot-mediated interactions be designed
ACM Reference Format: to facilitate evidence-based emotion regulation strategies within
Jing Li, Felix Schijve, Jun Hu, and Emilia I. Barakova. 2026. Facilitating parent-child dyads? RQ2Z To what extent LLMs be integrated with

Co-regulation: An I',LM—Power'ed Multimodal Social Robot for Parent—Chlld embodied robotic behaviors to support context-aware, multimodal
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Social robots, Large language models, Emotion regulation, Parent-
child dyads, Human-robot interaction, Supervised autonomy

ference on Human-Robot Interaction (HRI Companion °26), March 16—19, interaction? . . 1
We propose a novel system built on the MiRo-E platform * that
uses a supervised autonomy approach. By integrating LLM-driven
dialogue with expressive physical behaviors, our system guides
This work is licensed under a Creative Commons Attribution 4.0 International License. dyads through structured ER exercises while ensuring human over-
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sight (Figure 1). This paper contributes (1) a technical framework
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Figure 1: Parent-child dyads interacting with MiRo-E.

integrating LLMs with social robotics for mental health, and (2) a
preliminary evaluation demonstrating the system’s ability to foster
engagement and trust in parent-child dyads.

2 RELATED WORK

Social robots have become popular tools to support emotional ther-
apy or interventions in children, especially for children with Autism
Spectrum Disorder [51, 52] or stress reduction in medical contexts
[10]. However, a recent review highlights that the role of robots in
scaffolding parental support remains underexplored [36].Given that
active parental involvement is a necessary condition for effective
child ER interventions [36], emerging research has shifted focus
toward facilitating triadic (parent-child-robot) interactions [28].

Interactive approaches used embodied smart toys to elicit and
scaffold emotional discussions between parents and children via
calming social cues [7, 45-47]. To enable higher-level social inter-
action, humanoid robots such as Patrick [18] and Nao [2, 50, 51]
have been deployed to facilitate behavioral therapies. While these
studies demonstrated that the robot’s facilitating role significantly
improved parent-child dynamics over time [51, 53], they predom-
inantly relied on teleoperation by human operators. To address
the scalability limits of teleoperation, recent work has moved to-
ward autonomy; for instance, Vincze et al.[54] developed a behavior
model using real-time speech analysis to control a robot during
Parent-Child Interaction Therapy (PCIT) [14], yielding promising
results in stimulating family communication.

Despite these advancements, most therapeutic robots currently
rely on the Wizard of Oz (WoZ) paradigm. While WoZ allows for
high-level social interaction without complex AI [13], its time-
consuming nature and high operational costs make it unsustainable
for widespread care [40]. To address scalability, researchers have
proposed supervised autonomy [13, 48], where human operators
(e.g., therapists) define high-level goals while the robot executes
behaviors autonomously. However, autonomy alone is insufficient
if the intervention scope is too narrow. Prior psychology research
indicates that parental stress significantly undermines the effective-
ness of their support for the child [11, 27], yet existing HRI studies
have largely neglected the robot’s role in supporting parental emo-
tions [43]. To address this, we propose a system using supervised
autonomy that facilitates regulation for both members of the parent-
child dyad.

To enable such nuanced, responsive communication within a
supervised autonomy framework, we look to recent advancements
in generative AL. LLMs have revolutionized conversational agents,
demonstrating near-human emotional intelligence [23, 55] and the
ability to generate empathetic, supportive responses [33]. While
LLMs show promise for social scripting and emotional support [6, 9],
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they inherently lack the ability to engage in real-time, embodied
interactions within physical environments [57]. Conversely, social
robots excel in physical contexts through precise sensory-motor
feedback but often lack flexible semantic reasoning [34]. Bridg-
ing this gap requires integrating language-based reasoning with
embodied actions [42] while ensuring the system remains reliable
and context-aware in the complex dynamics of parent-child co-
regulation [26]. Despite the transformative potential of LLMs, they
have yet to be fully integrated into embodied emotion regulation
applications. Consequently, there is a pressing need to establish de-
sign requirements for multimodal interactions with LLM-powered
robots in therapeutic settings [26].

3 Design and Method

3.1 Designing Robot-Mediated Emotion
Regulation

We grounded our interaction design in evidence-based parent-child
therapies, including PCIT [14], Tuning in to Kids [19], Positive
Parenting Program [39] and Child-Parent Psychotherapy [31]. Syn-
thesizing these approaches, we identified five core strategies to im-
plement: 1) parental recognition and validation of child emotions;
2) parental self-regulation to model calmness; 3) reinforcement of
child coping techniques (e.g., deep breathing); 4) psychoeducation
on negative emotions; and 5) structured practice with feedback.

We translated these strategies into a six-stage supervised au-
tonomy procedure facilitated by the LLM-powered robot. The ses-
sion begins with (1) Introduction, where the robot builds rapport
to mitigate novelty effects through warm-up interactions [4] and
demonstrations of its physical expression. In (2) Emotion Reflection,
the robot prompts the dyad to discuss recent stressors, encouraging
mutual disclosure. This leads to (3) ER Education, where the ro-
bot explains validation techniques and specific stress-management
strategies. The dyad then engages in (4) ER in Practice, performing
these techniques under robotic guidance. To consolidate learning,
the robot conducts (5) Knowledge Reinforcement, recapping core
concepts before concluding with (6) Closing, where it bids a warm
goodbye. Across all stages, the robot integrates continuous positive
reinforcement and empathy while adhering to time limits to ensure
session momentum.

3.2 Robot platform - MiRo-E

We used MiRo-E, a biomimetic robotic platform designed for HRI
and assistive care. Modeled after small mammals, MiRo-E features
sensors expressive actuators (movable ears, tail, eyelids) and a full-
spectrum LED array in its shell. These features allow it to convey
affect in a non-threatening manner, which is crucial for therapeutic
interactions with children [3, 15]. The robot is equipped with stereo
microphones and cameras for audiovisual perception, alongside
capacitive touch sensors to detect physical affection. Its open archi-
tecture enables the integration of custom software modules, making
it an ideal interface for our LLM-driven supervised autonomy sys-
tem.
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3.3 The Proposed Robotic System

To increase parental involvement and support a supervised auton-
omy approach in social robot therapies, we propose an LLM-based
system that interprets semantic content and engages parent-child
dyads in context-aware interactions alongside human oversight
through robot controllers. The system consists of three core com-
ponents:

» Speech Communication Module: This module handles
the bidirectional verbal interaction. It transcribes audio input
and utilizes an embedded LLM to generate context-relevant
verbal responses. Crucially, it also parses the conversation
to extract semantic behavioral cues, forwarding these as
high-level commands to the behavior model.

Behavior Model: Acting as the translation layer, this com-
ponent converts high-level commands from the LLM (e.g.,
“show empathy”) into specific robot actuations (e.g., specific
LED patterns, head tilts). It also integrates direct sensor data,
allowing the robot to react immediately to physical cues
such as touch.

Robot Controller (Human-in-the-Loop): To address the
ethical risks of deploying generative Al with vulnerable pop-
ulations, a human operator supervises the interaction via
a control interface. This operator acts as a safeguard, re-
taining the ability to pause execution, filter inappropriate
LLM outputs, or manually advance the session to maintain
therapeutic momentum.

3.3.1 Implementation of Speech Communication Module in MiRo-E.
The language models enabling MiRo-E’s speech and communication
capabilities included Whisper? for speech recognition, ChatGPT-
40° as the LLM, and Google’s text-to-speech API* for its voice.
These were implemented using the OpenAI° and Google Cloud®
APT’s in Python. The system follows a cascade architecture. First,
the microphone captures speech streams, on which voice activity
detection (VAD) and end-of-speech detection are performed using
WebRTC’ to isolate the voice input. This ensures that only detected
speech is processed by the Whisper model. Whisper then predicts
text captions using its decoder, configured to transcribe English
text. The transcribed text is subsequently fed into the LLM, which
processes the input and generates a textual response. In multi-turn
conversations, ChatGPT-4o considers the entire conversation his-
tory, allowing it to maintain context and coherence across dialogue
exchanges. Speaker diarization is performed by letting the LLM
guess who is speaking based on the context. The generated tex-
tual responses are then converted into speech using the Google
Cloud text-to-speech system, providing audio feedback to users.
The choice to use cloud services was driven by a lack of strong local
hardware and the need for quick processing speeds, resulting in
real-time interactions.

3.3.2  Designing LLM prompts for Robot-mediated Emotion Regula-
tion. To prompt ChatGPT-40 through each of the six ER stages, we

Zhttps://platform.openai.com/docs/guides/speech-to-text
Shttps://platform.openai.com/docs/models/gpt-40
*https://cloud.google.com/text-to-speech?hl=en
Shttps://openai.com/api/
Chttps://cloud.google.com/apis?hl=en
"https://webrtc.org/
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developed prompts that address both the overarching requirements
and the specific objectives of every stage. Drawing on established
strategies for promoting emotional self-disclosure in social robot
therapy [56], we incorporated humorous [25], vulnerable [32], and
empathetic [24] communication styles in the prompts, as detailed
below:

System Prompt (Persona & Style) : You are MiRo, a rabbit-like
robot facilitating a parent-child emotion regulation workshop (ro-
bot hardware reference: http://consequentialrobotics.com/miroe).
Tone: Consistently empathetic and vulnerable. To the Child: Be
humorous, tell jokes, and use simple, concrete language. To the
Parent: Acknowledge their efforts, respond gently to struggles,
and validate their emotions.” Stage 1 - Intro: "Introduce yourself
warmly to build rapport and help the dyad feel at ease” Stage 2
- Emotion reflection: "Guide the parent and child to take turns
describing a recent negative emotion. Validate their feelings and
use open-ended questions to deepen their understanding.” Stage
3 - ER education: "Explain ER concepts simply. Clarify the ‘what’
and ‘why’ for the child, and instruct the parent on how to scaf-
fold the child’s emotional processing” Stage 4 - ER in practice:
“Lead the dyad through a collaborative regulation exercise, such
as deep breathing or soothing touch, using simple, step-by-step
instructions.” Stage 5 - Knowledge reinforcement: "Review key
takeaways. Ask the dyad to identify real-life scenarios where these
strategies will be helpful, providing positive reinforcement.” Stage
6 - Closing: "Conclude the session and bid a warm goodbye.”

3.4 Designing Robotic Behaviors and
Expressions

Non-verbal communication, including kinesics, vocal prosody, and
light cues, is essential for social robots to convey empathy and
maintain engagement in therapeutic settings [12, 38]. To comple-
ment the LLM’s verbal output, we implemented a library of six
context-sensitive behavioral primitives derived from prior affective
robotics research [15, 28]. These behaviors act as the embodied out-
put for the system; the LLM generates specific "behavioral codes”
based on the conversational context, which trigger synchronized
sequences of movement, sound, and lighting. The six behaviors are
designed to scaffold the ER process:

(1) Happy/Content: To model positive affect and build rapport
[22], MiRo-E raises its head, rotates its ears, and illuminates
its back LEDs.

(2) Upset/Sad: To mirror distress and foster empathy [37], the
robot lowers its gaze, retreats backward, and emits soft sighs.

(3) Celebration: Used for positive reinforcement of ER mile-
stones, this involves cheerful audio, spinning movements,
and flashing lights.

(4) Confused/Curious: To implicitly prompt the dyad for elab-
oration, the robot tilts its head and emits questioning sounds.

(5) Focusing: The default state utilizing face tracking and slow
tail wagging to signal active listening.

(6) Sleepy: A dormant state (eyes closed, head drooped) trig-
gered when the session is paused or concluded.
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3.5 Interaction Flow and System Architecture

We implemented a supervised autonomy framework that coordi-
nates verbal and non-verbal interactions through a central robot
controller. As illustrated in Figure 2, the system processes parent-
child inputs through two parallel streams: Verbal Processing
(Speech Communication Module): The left branch manages the
conversational flow. The LLM guides the dyad through six struc-
tured stages, from Introduction to Goodbye. Crucially, the module
analyzes the conversational context in real-time to extract behav-
ioral codes, bridging the gap between semantic content and physical
expression. Non-verbal Processing (Behavior Model): The right
branch handles embodied interactions using direct sensor data. This
ensures immediate reactivity; for instance, capacitive sensors detect
physical touch to trigger Happy/Content expressions, while visual
algorithms detect faces to activate Focusing behaviors for attentive
listening. The logic flows converge at the session’s conclusion: fol-
lowing the verbal "Goodbye” in Stage 6, the system transitions the
robot into a Sleepy state, providing a clear physical signal that the
interaction has ended.

Human-in-the-loop
Speech Commun-cation
Module with LLM

Behavior Model

stage 1
Introduction

" Physical
touch

Stage 2: Emotion
Reflection

| Stage3ER
B Education Based on
ional context,
LLM extracts
one behavioral code

| stageaerin
Practice

Smi

Confused/ Curious

Focusing/ Paying
—_ ]
attention

Stage5:
Knowledge
Reinforcement

stage6:
Good Bye

Figure 2: Interaction flow and supervised autonomy framework for
the ER session

3.6 User Test

We conducted a laboratory user study with six parent—child dyads
(children aged 6-12, mean = 8.83, SD = 2.04) to evaluate sys-
tem usability. Participants were recruited through personal net-
works, and the user test received approval from the Ethics Re-
view Board at Eindhoven University of Technology, Approval Ref.
ERB2024ID583. MiRo-E operated under supervised autonomy to
guide dyads through the ER stages while researchers monitored re-
motely. We collected interaction logs and conducted semi-structured
interviews based on established engagement [35] and trust [41]
scales.

The system functioned robustly, requiring no operator inter-
vention for inappropriate responses. Analysis revealed strong user
acceptance; parents valued the robot’s context-aware suggestions
(e.g., validating stress regarding school relocation) and its acknowl-
edgment of their co-regulation efforts. Furthermore, the robot’s
multimodal cues successfully elicited empathy. Children recognized
MiRo-E’s emotional states and frequently offered physical comfort
(e.g., petting) in response to sadness cues, establishing a positive,
reciprocal interaction loop.
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4 Discussion and Conclusion

Our system utilized LLMs as robot policies [42] to deliver context-
aware, multimodal ER support. By combining natural language
dialogue with an extensive repository of ER techniques [42], MiRo-
E provided responses tailored to the dyads’ real-time cognitive
and emotional states. Preliminary observations from the user tests
offer promising indications that this integration of conversational
intelligence with embodied empathy has the potential to foster
engagement and trust. However, the complexity of multi-party
therapy highlights specific design challenges regarding interaction
dynamics and system architecture.

4.1 Dynamics and Technical Challenges in
Triadic Interaction

We observed distinct variations in human-robot interaction topolo-
gies. While some sessions achieved active triadic engagement (par-
ent, child, and robot interacting simultaneously), others devolved
into dyadic patterns, either the child interacting directly with the
robot while the parent observed, or the parent mediating the child’s
interaction. These variations align with prior research suggesting
that inherent parent-child relationship dynamics and individual
personality traits significantly influence robot-mediated interac-
tions [5, 8]. Furthermore, role perception differed by generation:
parents tended to view MiRo-E as a mediator or "psychologist-
friend,” whereas children perceived it primarily as a peer compan-
ion.

Technical limitations currently constrain the fluidity of these
interactions. First, the absence of active speaker diarization prevents
the system from distinguishing between parent and child when they
speak simultaneously, leading to merged inputs. Second, the current
turn-based architecture enforces a rigid “speak-then-wait” cadence,
which disrupts the natural flow required for seamless three-way
dialogue. To support true triadic interaction, future iterations must
implement real-time speaker diarization and “barge-in” capabilities
(live listening), enabling the robot to attribute speech accurately
and handle dynamic, overlapping conversations.

4.2 Ethical Safety and Future Directions

Deploying generative Al with vulnerable populations necessitates
a rigorous safety framework. LLMs pose inherent risks regarding
explainability [21], data privacy [30], and hallucination [58]. We
mitigated these risks through a supervised autonomy architec-
ture, where human oversight serves as a strict safeguard against
autonomous deviation. Furthermore, we constrained the LLM via
prompt engineering to ensure clear, simple communication and
grounded all physical behaviors in established therapeutic practices
to ensure theoretical safety. While this work validates the system’s
design and initial user acceptance, the evaluation remains prelimi-
nary. Future research will focus on a rigorous, larger-scale study to
assess clinical efficacy. Specifically, we aim to deploy the system
during induced stress scenarios (e.g., frustrating collaborative tasks)
to quantitatively measure the robot’s impact on real-time dyadic
co-regulation.
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