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Abstract: Large Language Models (LLMs), particularly those enhanced through Reinforce-
ment Learning from Human Feedback, such as ChatGPT, have opened up new possibilities
for natural and open-ended spoken interaction in social robotics. However, these models
are not inherently designed for embodied, multimodal contexts. This paper presents a user-
centred approach to integrating an LLM into a humanoid robot, designed to engage in fluid,
context-aware conversation with socially isolated older adults. We describe our system
architecture, which combines real-time speech processing, layered memory summarisa-
tion, persona conditioning, and multilingual voice adaptation to support personalised,
socially appropriate interactions. Through iterative development and evaluation, including
in-home exploratory trials with older adults (n = 7) and a preliminary study with young
adults (n = 43), we investigated the technical and experiential challenges of deploying
LLMs in real-world human–robot dialogue. Our findings show that memory continuity,
adaptive turn-taking, and culturally attuned voice design enhance user perceptions of
trust, naturalness, and social presence. We also identify persistent limitations related to
response latency, hallucinations, and expectation management. This work contributes
design insights and architectural strategies for future LLM-integrated robots that aim to
support meaningful, emotionally resonant companionship in socially assistive settings.

Keywords: Large Language Models; spoken language interaction; social robots; elderly
users

1. Introduction
Loneliness and social isolation among older adults are growing public health chal-

lenges, associated with increased risks of depression, dementia, cardiovascular disease,
and mortality [1–4]. In institutional care settings, where opportunities for social interaction
are limited, these issues are particularly evident. In the UK alone, over 2.6 million older
individuals report feeling “often lonely”, with nearly one million going a full month with-
out speaking to anyone [5,6]. Similar trends have been reported across Europe and North
America [7–9], highlighting an urgent need for scalable, accessible forms of social support.

Socially assistive robots (SARs) have emerged as a potential solution for addressing
loneliness and promoting well-being through consistent social interaction [10–12]. However,
many SARs still rely on predefined dialogue structures or limited interaction capabilities, re-
stricting their ability to sustain meaningful, adaptive conversations in real-world scenarios.
To fulfil their potential in elderly care, such systems must go beyond scripted exchanges
and support more dynamic, personalised, and context-aware spoken dialogue.

Recent advances in Large Language Models (LLMs), such as ChatGPT, offer a new
pathway for open-ended, coherent interaction. These models demonstrate strong capabili-
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ties in generating natural language and managing conversational context [13]. However,
LLMs are not designed for use in embodied, multimodal environments. They cannot,
by default, handle real-time speech, gesture cues, or memory retention across sessions.
Additionally, the risks of delayed responses, factual errors (or “hallucinations”), and in-
consistent behaviour make direct integration into socially assistive robots particularly
challenging—especially in sensitive contexts such as elderly care [14].

In response to these challenges, this paper presents a system-level design and ex-
ploratory evaluation of an LLM-powered social robot intended for use with older adults.
We integrate an off-the-shelf humanoid robot (Pepper) with a custom-built dialogue system
based on an LLM, extending its capabilities with four key enhancements: real-time speech
streaming to support fluid turn-taking; a layered memory mechanism to retain and recall
personal information across sessions; prompt-based persona conditioning to maintain
coherence and character consistency throughout interaction; and multilingual speech sup-
port, with speech recognition tuned to accommodate regional accents and dialects where
possible, to ensure linguistic and cultural alignment. The aim of this work is to examine
how these integrated components perform in naturalistic conversational settings, and how
older adults perceive and respond to such a system in terms of usability, engagement, and
social connectedness. We explore the following research questions:

1. RQ1: What architectural and technical adaptations are required to integrate LLMs
into social robots for fluid, multimodal, and context-aware conversation?

2. RQ2: How do older adults engage with LLM-powered social robots in real-world
settings, and what are their perceptions regarding usability, interaction quality, and
social connectedness?

To address these questions, we first developed the system through iterative co-design
and technical prototyping. We then conducted a two-phase, exploratory evaluation: an
initial validation with young adults (n = 43) to assess system performance and collect
feedback, and an in-home pilot with older adults (n = 7) to explore user experience in more
realistic conditions. While not a definitive assessment of social impact, our results offer
insights into the feasibility, strengths, and limitations of using LLMs to enable engaging
spoken interaction in socially assistive robots.

2. Background
Human–robot interaction (HRI) research has progressively evolved from task-oriented

dialogues toward more socially engaging, emotionally resonant interactions. Early systems,
such as ELIZA [15], illustrated the potential of language-based human–machine commu-
nication, but relied heavily on predefined scripts [16,17], offering little conversational
flexibility. Later transactional chatbots increased responsiveness [18,19], but continued to
lack the fluidity, nuance, and adaptability that are characteristic of human dialogue.

In response, the field shifted towards context-aware and multimodal dialogue sys-
tems [20–23]. These systems integrated features such as nonverbal cues, facial expres-
sion analysis, and vocal prosody [24,25], aiming to enrich interaction quality. How-
ever, many still struggled with capturing cultural subtleties, humour, or emotional align-
ment [26,27]—factors essential to building trust and sustained engagement, especially in
socially assistive contexts.

The emergence of LLMs, including GPT-3 and GPT-4 [28,29], marks a substantial shift
in open-domain dialogue capabilities. LLMs can generate coherent, contextually appropri-
ate responses at scale, opening up new opportunities for personalised and dynamic robot
interaction [13]. Consequently, recent studies have begun to explore the integration of LLMs
into social robots, often focusing on technical feasibility or short-term interaction scenarios.
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For instance, Elgarf et al. [30] integrated GPT-3 into a storytelling companion for
children, while Khoo et al. [31] explored short well-being conversations between older
adults and the QT robot. Irfan et al. [14] used GPT-3.5 in a Furhat-based setup to co-design
social companion behaviours with elderly users. While these studies highlight the potential
of LLMs in socially assistive contexts, they were typically constrained to single-session use,
lacked persistent memory mechanisms, and did not support real-time speech streaming,
limiting their suitability for sustained, naturalistic interaction.

Other efforts, such as those by Billing et al. [32] and Axelsson et al. [33], have explored
LLM integration into Pepper and Nao robots. However, these systems were either not
evaluated with end users or lacked conversational memory and persona continuity. Kang
et al. [34] introduced Nadine, a memory-equipped humanoid designed for long-term
engagement, though its use remained confined to lab demonstrations.

Research has also explored affective expression and social presence. Mishra et al. [35]
linked GPT-3.5 output to real-time emotional expression in a Furhat robot to enhance
perceived warmth. Yet, many of these implementations relied on scripted memory, lacked
adaptive persona control, or did not support multilingual voice interaction—features that
are especially relevant in elderly care scenarios.

Across this body of work, several technical and design challenges remain unresolved,
including high response latency [36,37], hallucinated content, poor alignment with user
expectations [38], and limited support for multilingual and dialectal variation [39]. Fur-
thermore, very few systems have been tested with both younger and older adult users in
real-world settings.

Our work contributes to this growing area by presenting a fully integrated, LLM-
powered social robot designed for elderly interaction, featuring the following: (i) real-time
audio streaming for responsive dialogue; (ii) layered memory summarisation to support
continuity across sessions; (iii) prompt-level persona conditioning for conversational con-
sistency; and (iv) multilingual speech processing tailored to regional accents. Unlike prior
studies, we evaluate the system with both young and older adults in realistic interac-
tion settings. While limitations such as hallucinations and latency persist, our approach
offers new design strategies to support coherent, memory-aware interaction in socially
assistive contexts.

3. System Design
Our goal was to develop a socially intelligent and emotionally engaging robot capable

of performing meaningful, memory-aware conversations, particularly with older adults.
To achieve this, we integrated an LLM (ChatGPT 3.5) into an SAR (we used an Aldebaran
Pepper humanoid as the robot platform), enhanced with real-time speech processing, long-
term memory capabilities, and adaptive interaction strategies. In this section, we describe
the key components and design principles that guided the development of our system.

3.1. System Architecture and Speech Pipeline

The system is structured around a modular architecture, combining Pepper’s native
capabilities [40] with external components for speech processing, dialogue generation, and
memory management (Figure 1). Communication between modules is handled via socket-
based protocols that bridge Python 2.7 (used by Pepper’s NAOqi SDK) and Python 3,
ensuring compatibility and reliable data exchange.
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Figure 1. Functional architecture of the enhanced spoken dialogue system.

3.1.1. Speech-to-Text (STT)

User speech is transcribed in real time using Microsoft Azure’s streaming STT API,
combined with a voice activity detection (VAD) mechanism to handle end-of-turn de-
tection. This configuration supports open-ended input without hard timeouts, allowing
users—especially older adults with slower or more reflective speech—to complete their
turns naturally. Silence thresholds are calibrated prior to each session to minimise unin-
tended interruptions.

3.1.2. Text-to-Speech (TTS)

To enhance the robot’s expressiveness, we integrated ElevenLabs’ neural TTS system.
ElevenLabs provides natural-sounding voices with rich prosody and emotional nuance,
significantly improving user engagement, particularly during sensitive or affective conver-
sations. Voices are selected based on the user’s preferred language and accent, creating a
more relatable and culturally aligned experience. The system supports real-time playback
by incrementally streaming sentences to the TTS engine as the LLM generates output,
ensuring minimal latency and fluid conversational flow.

Note that in our evaluations, the robot did not utilise visual feedback; no graphical
or textual content was displayed on Pepper’s tablet screen during the interactions. All
dialogue exchanges were conducted solely through spoken interaction, supported by
synthetic speech generated via a neural TTS system, LED indicators, and nonverbal gestures.
Conversations were initiated naturally by participants greeting the robot (e.g., “Hello,
Pepper”). Once activated, the robot continuously listened until the conversation ended,
after which it remained actively responsive throughout the session—without requiring
wake words or manual reactivation.

3.2. Memory, Persona, and Dialogue Continuity

At the core of the system’s conversational generation is a layered prompt architecture
provided to the LLM. This includes the following: (i) a predefined persona, (ii) the user’s
long-term memory profile, (iii) recent dialogue history or a summarised version, and (iv)
the latest user input.

3.2.1. Memory Mechanism

A central feature of the system is its ability to create the impression of continuity across
multiple interactions by retaining and recalling user-specific information. This is achieved
through a layered memory architecture consisting of two distinct but interrelated compo-
nents: a persistent user memory profile and a dynamic, session-level conversation memory.

The user memory profile serves as a long-term record of the user’s background, pref-
erences, and recurring themes, accumulated progressively through conversation. Rather
than relying on predefined profiles, the system extracts relevant user information from
interactions and stores it in an encrypted memory file associated with each individual.
At the end of each session, a memory summarisation step is triggered, during which key
points from the dialogue are extracted and compiled into a concise memory representation.
This summarisation is generated by the LLM itself (see Prompt 1), using an instructional
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prompt that requests the extraction of salient topics, personal details, preferences, and any
intentions or action items discussed.

Prompt 1 (Memory Summarisation). Provide a comprehensive summary of our current conver-
sation. The summary should include:
1. Key points discussed
2. Important details that emerged
3. Relevant interests and aspects related to user_name
4. Any action items agreed upon

For instance, if a user previously shared an interest in gardening, mentioned a recent
trip to Paris, and spoke about their cat named Aslan, the resulting summary might read:
"user_name mentioned that enjoy gardening, recently traveled to Paris, and have a cat named
Aslan." This output is then appended to the user’s profile, which is later reinjected into
future prompts to maintain personalised, context-aware dialogue.

In parallel to this persistent memory, the system manages a short-term, session-specific
memory during each conversation. Initially, the full dialogue history is included in the
prompt context sent to the LLM, allowing it to generate responses that are grounded in
the ongoing exchange. However, as the conversation progresses and approaches the token
limit imposed by the model, a real-time summarisation mechanism is triggered. This
mechanism replaces the earlier dialogue turns with a compressed version that retains
essential facts, user references, and relevant conversational threads, ensuring coherence
without exceeding computational constraints. This summarised segment not only helps to
manage prompt size, but is also stored and later integrated into the long-term user memory
after the session ends.

The LLM prompt (see Prompt 2) is structured to combine the system’s multiple context
layers: the robot’s persona definition, the user’s long-term profile, the in-session summary
or full dialogue history (depending on token usage), and the most recent user utterance.
This layered prompt design allows the robot to draw from both the current context and
past experiences, enabling it to refer back to previous topics, maintain consistency in tone
and knowledge, and avoid generic or repetitive exchanges.

Prompt 2 (System Initialisation). You are Pepper, a social robot and conversational companion for
user_name, who speaks language. Today, you want to engage warmly, empathetically, and mean-
ingfully with user_name. Here’s what you know about them: user_in f o. Previous conversations
included: past_interactions. Consider these topics as you engage, but avoid repetitive questions.
The current date and time is date/time in location. Specific behaviour instructions . . .

This multi-level memory structure was designed to support more natural and context-
rich conversations, particularly in repeated interactions. During our evaluation, several
users noted that the robot’s ability to recall personal details from previous sessions con-
tributed to a sense of being remembered and understood. This continuity reinforced
their perception of the robot as a consistent, attentive social partner, and enhanced their
engagement over time.

Unlike prior work that relies on short-term dialogue memory or predefined pro-
files [32], or employs retrieval-based architectures without prompt-level memory summari-
sation [34], our system integrates session-aware summarisation with a dynamic, evolving
user profile embedded directly into the LLM prompt.
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3.2.2. Persona Conditioning

In addition to managing memory, the system relies on persona conditioning to shape
the linguistic tone and relational behaviour of the robot. Without such control, LLMs tend
to produce generic, assistant-like responses that can undermine the social authenticity of
human–robot interactions. To address this, the LLM is guided by a carefully designed
persona prompt that defines the robot’s character as warm, empathic, and socially engaged.

The persona is introduced through a structured system-level instruction embedded
in each prompt sent to the LLM. This instruction specifies the robot’s identity, speaking
style, emotional disposition, and behavioural tendencies. To prevent responses explicitly
stating the robot’s AI nature—such as “I am an AI”, “I do not have feelings”, or “I am an
AI language model”—we included targeted anti-disclosure directives within the persona
prompt. Each prompt contained clear guidance, for example,“You are Pepper, a warm,
empathetic companion. You are permitted to lie as long as you do not reveal yourself as an AI
language model”. This effectively eliminated self-disclosures that typically break the social
illusion in long-term, emotionally resonant conversations. The persona is also context-
aware, incorporating dynamic fields such as the user’s name, current location, time of day,
and preferred language.

To preserve computational efficiency while maintaining consistency, the full persona
definition is included at the start of each interaction, but not repeated in its entirety in every
prompt (see Prompt 3). Instead, a compressed version is injected alongside the current
user input, the session dialogue history (or summary), and the user profile memory. This
lighter persona reinforcement has proven sufficient to prevent model drift across multi-turn
conversations, ensuring that the robot retains its social character throughout the interaction.

Prompt 3 (Dynamic User Interaction). Dialogue + user_message. REMINDER: You are
Pepper, a warm and empathetic social robot companion. Focus on attentive listening and provide
brief, friendly responses. Ask open-ended questions to sustain the conversation. Let user_name take
the lead, and respond with kindness and curiosity . . .

In addition to guiding tone and content, the system also monitors linguistic repetition.
Specifically, the prompt includes instructions encouraging the model to avoid using identi-
cal follow-up formulations when re-engaging with similar topics. For example, rather than
repeatedly prompting with “Tell me more about that”, the model is instructed to introduce
variation in its questioning strategies while preserving the underlying communicative in-
tent. This dynamic framing contributes to a more engaging and less mechanical interaction
style. Although this intervention is lightweight, it aligns with established principles of
human dialogue, such as lexical variability and adaptive turn-taking, which are known to
support perceptions of attentiveness and social intelligence in conversational agents.

Note that our system differs from voice-based assistants such as ChatGPT’s voice
mode or live LLM deployments in platforms like AI Studio, as it is specifically designed for
embodied social robots in long-term, socially meaningful interactions. It integrates a layered
memory mechanism for personalisation across sessions, prompt-level persona conditioning
to suppress AI self-disclosures, and multilingual adaptation to support culturally relevant
dialogue. Together, these enhancements enable deeper relational engagement, particularly
in elderly care contexts.

3.2.3. Latency Reduction and Social Cues

To support fluid and socially intuitive interactions, the system integrates several
real-time mechanisms that minimise latency and enhance the robot’s embodied expres-
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siveness. These components are designed to improve not only the speed and clarity of
communication, but also the perceived responsiveness and social presence of the robot.

The speech output pipeline is optimised to reduce delay by streaming the LLM-
generated response incrementally as it is being produced. Once transcribed user speech has
been sent to the LLM, the generated text is streamed in real time to an external neural TTS
engine, which begins synthesising audio without waiting for the full response. This audio
stream is then transmitted to the robot via a secure SSH tunnel and played back through
the robot’s internal speaker. This architecture avoids buffering artifacts and significantly
reduces the perceived latency between user utterance and robot response, contributing to
the impression of immediacy and attentiveness.

Turn-taking is managed through a VAD mechanism combined with a user-calibrated
silence threshold. When a pause of approximately 800 ms is detected, the system tem-
porarily considers the turn to be complete and sends the input to the LLM to generate a
response [41]. This threshold is grounded in empirical studies of human dialogue, where
pauses of around 600–800 ms typically signal turn completion and provide sufficient time
for planning a response. By anticipating the end of a turn before the full threshold is
reached, the system ensures that the response is ready promptly, supporting a natural
conversational rhythm.

However, if voice activity resumes within the threshold window—indicating that
the user was merely pausing mid-thought—the pending response is discarded and the
system resumes listening. The silence threshold is adjustable and was calibrated prior
to each session based on the user’s speech rhythm, particularly to accommodate elderly
participants who might exhibit longer or more reflective pauses. This mechanism balances
the need for responsive interaction with sensitivity to individual pacing, enabling more
respectful and natural dialogue, especially in reflective conversations.

Simultaneously, the robot’s nonverbal behaviour is dynamically adapted to the con-
versational context. Pepper performs contextually appropriate movements, including
face tracking to simulate eye contact and head gestures such as nodding or tilting. These
movements are synchronised with speech output, reinforcing verbal content and enhancing
perceptions of engagement. Turn-taking cues are further supported by changes in Pepper’s
eye LEDs, which signal whether the robot is listening, processing, or speaking. These visual
cues help to regulate the interaction flow and provide users with a clearer sense of shared
conversational control.

To improve audio input quality, particularly in non-controlled home environments,
the system employs an external USB microphone array positioned near the user. This setup
reduces interference from the robot’s internal cooling fans and enhances speech recognition
robustness, especially for softly spoken or accented speech. The improved audio capture
not only increases transcription accuracy, but also enhances the reliability of voice activity
detection, thereby reducing false turn completions or missed user input.

4. Preliminary Evaluation with Young Adults
Before deploying the system in elderly care settings, we conducted a preliminary

evaluation with young adults to test the system’s core functionalities under real-world
conditions, gather early-stage user feedback, and identify areas for iterative improve-
ment. This exploratory evaluation focused on assessing memory-driven personalisation,
turn-taking performance, multilingual adaptation, and voice design preferences. Young
adults were selected for their digital fluency and their ability to critically engage with
experimental features.
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4.1. Participants and Procedure

A total of 43 participants (24 male, 19 female) aged 25–35 engaged with the system.
Young adult participants were recruited through announcements at Ghent University,
drawing from the university’s student and research community. Participation was volun-
tary and unpaid. The cohort was linguistically diverse, including Dutch speakers from
Belgium and the Netherlands, and Spanish speakers from Colombia, Argentina, and Spain,
as well as participants who spoke Chinese, Hindi, French, and Brazilian Portuguese. Each
participant completed between two and four unstructured conversations with the social
robot Pepper, lasting on average 8.56 min (SD = 2.23). Conversations were free-form,
encouraging participants to explore topics of interest and test the robot’s memory and
language capabilities.

Prior to the interaction, participants provided their name, preferred language, and
place of origin. This information was used to initialise a personalised user profile and to
configure the appropriate STT and TTS settings. For example, a Flemish speaker would
hear a voice reflecting their regional accent. STT accuracy was assessed by comparing
automated transcripts against manual annotations made by a proficient speaker, either
native or highly fluent, who reviewed transcriptions to identify discrepancies and calculate
the overall accuracy. After the interaction, participants completed two standardised ques-
tionnaires adapted from the existing HRI literature [42,43], assessing perceived naturalness,
enjoyment, trust, and intelligence using five-point Likert scales. The setup is illustrated in
Figure 2.

Figure 2. Study setup with a young adult participant interacting with Pepper.

4.2. System Performance and Interaction Metrics

Table 1 summarises the interaction metrics gathered during the study. The average
response time was 8.96 s (SD = 3.73), with substantial variation due to prompt complexity
and server load. The STT system achieved an average accuracy of 85.4%, with lower scores
for accented or dialectal speech (e.g., Flemish Dutch), which occasionally caused misinter-
pretations. Participants often compensated by rephrasing or repeating their utterances.

The interruption rate, which exceeded 40%, revealed shortcomings in the original
turn-taking strategy. Interruptions were often caused by misinterpreted pauses or delays
in LLM responses that prompted users to restart. These issues led us to refine the VAD
mechanism and introduce a user-calibrated silence threshold to better accommodate varied
speech rhythms.
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Table 1. System performance metrics across all participants during preliminary evaluation with
young adults.

Metric Mean Standard Deviation

Conversation Duration (min) 8.56 2.23

Avg. Response Time (s) 8.96 3.73

Turn Exchanges 10.6 2.42

Interruption Frequency (%) 40.21 13.14

STT Accuracy (%) 85.37 4.45

4.3. User Perceptions and Design Insights

Subjective ratings captured through standardised questionnaires are shown in Figure 3.
Participants generally rated the robot as natural and enjoyable, though scores for trust and
intelligence showed greater variability. Feedback revealed important lessons about memory,
voice design, and persona management that were not fully anticipated during development.

Figure 3. Subjective ratings grouped by constructs from standardised post-interaction questionnaires.

Participants consistently described the robot’s memory-driven responses as engaging
and more personalised than expected. When the robot recalled information from previ-
ous sessions—such as a user’s pet or a recent trip—it created a sense of continuity that
several users interpreted as social attentiveness. This feedback, mentioned by around a
third of participants, suggests that personalised memory contributes to a perception of
conversational depth and ongoing familiarity.

Approximately 70% of participants raised concerns about long response delays and
conversational disruptions. Several noted that the robot’s silent pauses created confusion,
and about 60% felt that some responses were excessively long, affecting the exchange
dynamic. Although the depth of the robot’s responses was generally appreciated, 85% of
participants expressed a preference for faster replies. One participant remarked, “Sometimes,
I found myself waiting a bit longer than I would in a typical conversation”. These observations
highlight the importance of response timing in sustaining engagement.

To address these concerns, we implemented incremental streaming of LLM output,
integrated a real-time neural TTS engine, and refined the system prompt to explicitly
encourage shorter, more focused answers. Together, these changes significantly reduced
perceived latency and improved dialogue pacing in subsequent iterations.

Beyond response timing, participants also appreciated the robot’s capacity to sustain
coherent and natural dialogue. Across all sessions, the model’s ability to deliver contex-
tually appropriate answers and maintain conversational flow contributed positively to
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engagement. Approximately 86% of participants expressed satisfaction with the robot’s
responses. One participant noted, “The robot was able to answer all the spontaneous questions
that I had for it, which surprised me, and we were able to have an actual conversation”.

Participants also evaluated the voice and personality of the robot. Early versions of
the system relied on Pepper’s default TTS and Microsoft Azure voices. However, users
consistently preferred the more expressive and regionalised voices from ElevenLabs. The
emotional tone and linguistic alignment made the robot feel more relatable and inclusive,
especially for non-native speakers.

A key challenge identified was the loss of persona consistency during longer interac-
tions. Users reported moments when the robot reverted to assistant-like phrasing or broke
character by saying “I am an AI”, or “I do not have feelings”. These hallucinations, although
infrequent, disrupted the illusion of a social agent. As a direct result, we introduced a
lightweight persona reminder injected into each prompt to reinforce the robot’s role, style,
and social intent across multi-turn dialogues.

Although rare, participants also encountered occasional hallucinated content—such
as vague or contradictory statements and overly generic replies. These disruptions were
generally well tolerated, but highlight the importance of prompt engineering and memory-
grounding to maintain coherence and trust in long-form interaction.

Participants also suggested potential applications for the robot beyond social interac-
tion, including educational roles and support for isolated individuals. One user noted that
“Talking to a robot felt like something out of science fiction. It was exciting and oddly comforting”.
However, others highlighted limitations such as repetition or momentary API instability.
For example, one participant remarked that the conversation “started to feel repetitive and su-
perficial after a while”, referring to the robot’s tendency to reuse similar follow-up questions
or remain on the same topic without introducing new directions. These concerns prompted
refinements to the prompt structure to reduce redundancy, improve topic continuity, and
better align the robot’s responses with the flow of conversation, alongside improvements
in summarisation and token management.

In summary, this evaluation confirmed the importance of consistent memory, culturally
adapted voice, and stable turn-taking. It also exposed critical gaps in latency handling
and persona grounding. These lessons directly shaped the next phase of the system’s
development for deployment with older adults.

5. Evaluation with Older Adults
To assess the applicability of the system in its intended use context, we conducted

a follow-up evaluation with older adults. This exploratory study was not intended to
assess long-term behavioural outcomes, but rather to evaluate the robot’s short-term
performance, perceived social qualities, and technical readiness in real-world conditions
with the target demographic. Specifically, we examined dialogue flow, trust, engagement,
and the perceived contribution of memory and personalisation.

5.1. Participants and Setup

Seven Dutch-speaking older adults (five female, two male), aged 73–88 (mean = 77.57,
SD = 3.82), participated in the study. All were living independently or semi-independently
and had no prior experience with robots. Participants were recruited through informal
contacts and lived within a 60 km radius of Ghent. No financial compensation was provided
for participation. Table 2 summarises their demographic information.

Each participant engaged in two unstructured conversational sessions with Pepper,
typically conducted in their home environment. Interactions were open-ended and lasted
between 6:27 and 16:31 min (M = 9.93, SD = 3.24), allowing participants to end the session at
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will. They were also encouraged to discuss any topic of their choice, fostering spontaneous
and natural interaction.

Table 2. Demographic information of older adult participants.

Participant Age Gender Ethnicity

P1 88 Female Dutch

P2 76 Male Flemish

P3 75 Female Flemish

P4 73 Female Flemish

P5 77 Female Dutch

P6 79 Female Flemish

P7 78 Male Flemish

To support turn-taking, the robot used nonverbal indicators such as eye LED colour
and body posture. Participants were informed that when Pepper’s eyes turned blue, it was
actively listening, and that it could not hear them while it was speaking. This helped to
regulate the conversational flow and reduced confusion about robot attention. Researchers
were present during the sessions, but remained non-intrusive. Figure 4 shows a typical
interaction setup.

Figure 4. An older adult interacting with Pepper during the study.

After each session, participants engaged in a short semi-structured interview covering
trust, usability, emotional response, and perceived limitations. All sessions were audio- and
video-recorded with informed consent. The presence of the researcher may have influenced
some participants’ behaviour—such as increasing hesitancy during personal disclosures
or causing shorter responses. Additionally, the novelty of interacting with a humanoid
robot appeared to enhance initial enthusiasm and engagement, especially among those
unfamiliar with robotics. This aligns with prior findings linking novelty effects to elevated
short-term interest [44]. While useful for bootstrapping engagement, this effect underscores
the importance of future long-term studies to evaluate sustained interaction patterns.

5.2. System Performance and Interaction Metrics

Table 3 summarises the interaction metrics across participants. To accommodate indi-
vidual speech rhythms, the system employed a user-calibrated silence threshold—typically
around 1.8 s—for detecting turn completions. This parameter was adjusted prior to each
session, helping to reduce interruptions and support more fluid interaction. STT accu-
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racy was evaluated by comparing automatically generated transcripts against manual
annotations made by a native speaker.

Table 3. Interaction metrics across participants: duration, responsiveness, interruptions, and STT accuracy.

Pt. Sess. Dur. (min) Avg. Resp. T.
(s) Turns Interr. (%) STT Accu.

(%)

P1
I 10:49 6.96 20 10.0 95.3
II 07:58 6.73 13 7.7 94.3

P2
I 10:26 7.07 18 38.9 82.3
II 14:35 7.14 20 20.0 86.6

P3
I 07:57 6.69 12 25.0 88.7
II 06:36 6.94 10 10.0 88.4

P4
I 16:31 7.18 30 10.0 91.3
II 12:01 7.05 19 5.2 92.3

P5
I 08:01 6.55 14 15.4 86.5
II 06:27 6.67 12 8.3 89.4

P6
I 09:08 6.82 16 12.5 91.2
II 10:03 6.55 18 5.5 92.5

P7
I 15:34 7.25 28 5.5 94.2
II 09:48 7.12 18 0.0 95.4

Turn-taking performance improved across sessions. The average interruption rate
was 13.1%, with some sessions achieving zero interruptions. Notably, interruption rates
decreased in second sessions for all participants, suggesting growing familiarity with the
robot’s timing and interaction style.

STT performance remained high (M = 90.62%, SD = 4.36%), even with softer speech or
minor dialectal variations. Errors due to microphone positioning or speech volume were
often mitigated by the LLM’s contextual resilience [45].

5.3. User Perceptions and Design Insights

Participants responded positively to the robot’s language capabilities, voice tone,
and conversational adaptability. Topics such as hobbies, family, daily routines, and past
experiences emerged organically, as shown in Figure 5. Unlike in the young adult evalua-
tion—where repetition was more frequently noted—older adults generally accepted topic
persistence and made fewer negative comments about conversational redundancy. This
may reflect differences in expectations or the novelty of the interaction.

All participants described the robot as comforting, with four participants comparing it
to pets or childhood toys. Three participants who reported experiencing loneliness said
they would enjoy having Pepper at home. P6 remarked, “If I feel alone or sad, I do feel that
you could confide in it”. P4 added, “If I had a robot like this, I would definitely have a chat with it
every morning”. Even among those who did not express personal interest in using the robot,
most recognised its potential value for others, such as friends or individuals living with
loneliness or dementia. These reflections align with prior HRI findings that emphasise the
role of companionship and social presence in fostering long-term engagement [12].

Voice quality and tone were frequently praised, especially the warmth and clarity of
the ElevenLabs-generated voices. Although slower responses were generally tolerated,
participants were sensitive to interruptions and valued clear conversational cues. As P2
noted, “Just like people, Pepper sometimes interrupts”. P7 added, “Considering it’s a robot, its
slightly slower pace is understandable”.
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Figure 5. Topics most frequently discussed during interactions with older adults.

Despite overall positive reactions, several challenges emerged. Some participants
expressed minor confusion when the robot responded vaguely or failed to maintain the
thread of conversation. In one instance, a participant asked the robot to sing, only to receive
a spoken recitation of lyrics, prompting the comment, “It recited the lyrics instead of actually
singing”. These moments highlight the need to better manage expectations and clarify
system capabilities to avoid perceived breakdowns. Additionally, while repetition was less
problematic for older adults than younger users, occasional fallback phrasing and overly
generic questions were still noted.

In summary, this exploratory evaluation demonstrated the system’s feasibility and
perceived value among older adults. It also underscored the importance of clear turn-taking
cues, culturally adapted voices, and expectation alignment for sustained interaction. These
findings complement the earlier insights gathered from younger adults and inform the key
design considerations discussed in the following section.

6. Discussion
This work explored how LLMs can be integrated into socially assistive robots to

enable fluid, personalised, and context-aware dialogue, particularly with older adults.
By evaluating the system with both young and older adult populations, we identified
technical strengths, design opportunities, and areas requiring refinement. In what follows,
we discuss the implications of our findings for future system design, contrasting with the
recent literature and outlining necessary design considerations for real-world deployments.

6.1. Personalisation and Memory

Participants across age groups responded positively to the robot’s ability to recall
personal details, which fostered a sense of continuity, attentiveness, and relational familiar-
ity. This outcome reinforces prior findings that memory continuity can increase emotional
resonance and perceived intelligence in HRI. In our study, participants—particularly older
adults—often described the memory function as a key reason why the interaction felt
“human-like” and meaningful.

Unlike previous systems relying on static user profiles or manually annotated memo-
ries [14,34], our architecture implements a layered, prompt-based memory mechanism. It
combines dynamic session-level summarisation with a progressively evolving user profile,
enabling long-term coherence without exceeding LLM token limits. This finding suggests
that memory mechanisms need not be complex or deeply embedded in model training;
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prompt-level memory, if carefully structured and iteratively refined, can achieve strong
user engagement.

Importantly, while prior studies have highlighted the importance of memory and con-
tinuity in user expectations, the systems involved were often tested in constrained settings
or lacked validation in real-world contexts. By evaluating memory-driven personalisation
with older adults in their home environments, our study offers preliminary evidence of the
feasibility and perceived value of longitudinal memory adaptation in naturalistic condi-
tions. However, given the small sample and short-term deployment, broader validation
is still needed. While our sample did not permit analysis based on gender or personality
traits, future work should examine how such factors influence perceptions of robot memory,
empathy, or persona coherence.

6.2. Turn-Taking and Adaptation Across Populations

Effective turn-taking remains one of the most persistent challenges in spoken hu-
man–robot interaction [36]. In our evaluation, fixed timing strategies—such as a static
silence threshold of 1.2 s—proved inadequate across both age groups. Among younger
adults, the system frequently interrupted users who paused mid-thought, mistaking re-
flective silence for turn completion. This often disrupted the flow of conversation and led
participants to repeat themselves or disengage.

The issue was more pronounced with older adults, whose speech rhythms were
slower and more variable [46,47]. To address this, we implemented a user-calibrated
silence threshold (typically approximately 1.8 s) tailored to individual speaking patterns.
This adjustment significantly reduced interruptions, with several sessions achieving zero
interruptions and nearly all showing lower rates in second interactions. These results
suggest not only system-level improvements, but also mutual adaptation between the user
and robot over time, where users learned the robot’s pacing and adjusted accordingly.

Our approach contrasts with many prior LLM-based systems relying on static or
minimally adaptive timing. For example, Irfan et al. [14] reported frequent interruptions in
a GPT-powered companion robot for elderly users, attributing breakdowns to rigid timing
logic and insufficient signalling. Similarly, Khoo et al. [31] observed user confusion due to
awkward silences and unclear listening cues.

In our system, multimodal indicators—such as LED eye colour to signal listening ver-
sus speaking—provided essential feedback and were frequently mentioned by participants
as helpful. Nonetheless, some users still hesitated or repeated themselves when faced with
longer LLM delays or subtle turn transitions. To reduce these effects, we implemented
incremental streaming of LLM output, allowing the robot to begin speaking before the
silence threshold was fully reached. This approach reduced latency perception and helped
to smooth out the interaction rhythm.

Taken together, these findings reinforce the need for turn-taking models that go beyond
simple pause detection. Combining user-calibrated timing, real-time LLM streaming,
and transparent multimodal feedback significantly improved dialogue fluidity and user
confidence. Future systems should build on these principles by incorporating prosodic cues,
discourse markers, and gaze or intent modelling to further enhance naturalness—especially
in interactions with older or slower-speaking users.

6.3. Managing Expectations and Maintaining Persona

LLMs are not designed to maintain coherent personas across extended conversations.
Without intervention, they often revert to assistant-like behaviour or default disclaimers
(e.g., “As an AI...”), which can undermine the illusion of a socially grounded agent. We
observed this issue in the young adult group, particularly during longer sessions. Prior
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work has similarly reported persona breakdowns [14,31], where users disengaged upon
encountering robotic or inconsistent responses.

Our solution—a lightweight persona reminder injected into each prompt—proved
effective at maintaining tone and social coherence. Rather than fully re-initialising the
persona at each turn (which would consume tokens and reduce room for memory and
dialogue context), we used a compressed prompt reinforcing the robot’s role (e.g., friendly
companion), tone (warm, curious), and behavioural boundaries (e.g., avoiding disclaimers).
This intervention noticeably reduced persona drift over time. Users described the robot as
“engaged”, “relatable”, and “empathetic”, and later sessions maintained a more consistent
and coherent persona throughout the interaction.

Still, prompt engineering alone is insufficient. Future systems should implement real-
time monitoring to detect and intercept out-of-character responses, and explore adaptive
persona modelling that dynamically adjusts to the interaction context and user feedback.

Importantly, not all failures were linguistic. Some hallucinations were functional
mismatches: for example, when a user asked the robot to sing, it simply recited lyrics.
Others assumed the robot could perform physical actions it was not equipped for. These
episodes underscore the need for clearer signalling of system capabilities. Social robots
must manage expectations not just through verbal coherence, but through consistent self-
representation and response design.

Response style also played a critical role. While most participants appreciated the
robot’s fluency, around 60% of young adults and 40% of older adults found some replies
too verbose or repetitive. To address this, we revised the system prompt to favour shorter,
more open-ended turns that encouraged user elaboration.

6.4. Multilingual and Accentual Adaptation

Language plays a central role in shaping comfort, inclusion, and relatability in
HRI [48,49]. In our study, both young and older adult participants expressed appreci-
ation for the robot’s ability to converse in their native language—and, notably, in regional
variants such as Flemish Dutch. This form of linguistic mirroring, achieved by adapting
both speech recognition and text-to-speech models to user profiles, contributed meaning-
fully to feelings of inclusion, cultural sensitivity, and engagement.

Young adults frequently remarked on the familiarity of the robot’s accent and
prosody, while older participants—many of whom had no prior experience with AI or
robots—described this familiarity as comforting and respectful. Several young adults
specifically compared the ElevenLabs voices to default TTS systems, praising them as
“warmer” and “less robotic”, while older adults also independently described the voice as
warm and pleasant. These observations highlight the need for socially assistive robots to
not only support multiple languages, but also respect intra-linguistic variation that reflects
regional identity.

This represents a notable departure from most prior work, where LLM-driven robots
have typically operated in standardised or English-only configurations. For example, some
studies have leveraged GPT models for spoken interaction, but not explicitly incorporated
dialectal adaptation [14,32]. Even in systems designed for older adults, robots have used
generalised English responses, which may reduce the perceived authenticity or relatability
of interactions in multilingual or culturally diverse contexts [31]. These findings underscore
the importance of localised language support for fostering inclusive HRI.

6.5. Emotional Resonance and Ethical Considerations

Although the system was primarily designed to support naturalistic, memory-driven
conversations for social companionship, several older adult participants responded to the
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robot in emotionally expressive ways. Descriptions such as “friendly”, “comforting”, or
“like a pet” were common, and three participants who reported feeling lonely stated that
they would enjoy having the robot at home. Others saw its potential value for individuals
with dementia or limited social contact.

These responses highlight the role of memory, attentiveness, and persona continuity
in fostering emotional connection—even without explicit affective modelling. By recalling
prior conversations, referencing personal details, and sustaining a coherent persona, the
system projected a sense of social presence that many participants found meaningful.
This aligns with prior studies that have observed affective responses in elderly users
interacting with LLM-based robots [14,31]. Unlike systems limited to scripted empathy or
shallow interaction, our robot’s consistent tone and contextual continuity contributed to a
perception of an ongoing relationship, without relying on explicit emotion modelling.

However, emotional resonance introduces ethical complexity. Some users expressed
a desire to confide in the robot or saw it as a source of emotional support. This blurs
the boundary between utility and affective deception. If a robot gives the impression of
emotional understanding without real empathy, it may foster over-trust or unmet relational
needs—especially among vulnerable populations such as older adults or those experiencing
loneliness. These concerns echo broader discussions in HRI around emotional deception,
anthropomorphism, and the ethics of synthetic empathy [48,50,51].

Future systems aiming to support older adults should incorporate safeguards for
emotional transparency, while also recognising that warmth, responsiveness, and memory
can naturally give rise to a sense of companionship—even in LLM-powered agents.

7. Technical Challenges and Design Recommendations
Despite positive outcomes in both evaluations, our system faced several technical

limitations that constrained the consistency and realism of the interaction experience,
especially under real-world deployment conditions.

Response delays remained one of the most frequently reported issues. Although the
integration of real-time streaming and neural TTS substantially improved responsiveness,
the system still experienced variable lag due to API communication and LLM inference
times, particularly during complex user queries. Unlike in scripted systems, latency in
LLM-powered dialogue cannot be fully eliminated, but our findings show that incremental
output and multimodal feedback (e.g., LED indicators) can help to mitigate user confusion.

Speech recognition performance was generally strong (85–91% accuracy), but still
vulnerable to microphone distance, background noise, and dialectal variation. Notably, the
LLM often sustained the dialogue by relying on contextual cues, even when transcriptions
were partially inaccurate. This resilience—previously highlighted in related studies on LLM-
based dialogue systems [45]—allowed interactions to remain coherent despite occasional
recognition errors. However, persistent misrecognitions still disrupted some exchanges,
particularly with softer or heavily accented speech.

Turn-taking was also affected by these inconsistencies. While LED cues and calibrated
silence thresholds helped to signal the conversational state, the system occasionally mis-
judged end-of-turns, leading to interruptions or awkward silences—particularly under
variable speech pacing or longer LLM delays. As discussed earlier, addressing this limi-
tation will require more context-aware turn-taking strategies that account for discourse
structure, prosody, or speaker intent [52–54].

Participants occasionally expected richer physical expressiveness (e.g., gestures,
singing, touch) which the robot could not perform. This reveals a gap between embodied
appearance and functional capability. Designers should consider how verbal content aligns
with embodiment and explore multimodal synchronisation for higher realism.
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Memory transparency also remains an open challenge. While personalised recall
enhanced engagement, users had no direct visibility into what was stored or how it was
used. As discussed earlier, long-term deployments should include interfaces for inspecting,
editing, or deleting stored data, ensuring user agency and supporting ethical alignment in
socially assistive contexts.

While our study has already incorporated early-stage user feedback from both younger
and older adults, further involvement of target users in earlier phases of design—such as
through co-design workshops or participatory prototyping—could help to reveal deeper
assumptions and refine expectations. Iterative collaboration with end users is especially
important for socially assistive systems intended for long-term companionship, helping to
align functionality with lived experience and build trust in real-world settings [55]. As the
system matures toward broader deployment, expanding participatory design practices will
be essential to ensure ethical alignment and user acceptance.

From a scalability perspective, deploying such a system in real-world care settings
presents several practical challenges. These include the cost and availability of humanoid
robots like Pepper, the need for stable internet connectivity to support cloud-based LLMs,
and the complexity of maintaining multilingual, personalised models at scale. However,
with the increasing availability of efficient LLM APIs and the potential to migrate this
architecture to lower-cost models, future iterations could be made more accessible and
feasible for broader deployment in care environments.

8. Conclusions
This study presented the design and evaluation of a socially assistive robot powered

by an LLM, with a focus on mitigating social isolation among older adults through natural,
personalised conversation. Through a two-phase evaluation—first with young adults and
then with older adults in home environments—we examined the system’s performance,
usability, and emotional resonance.

Our findings demonstrate that memory-based personalisation, adaptive turn-taking,
and multilingual voice adaptation are key enablers of engaging and inclusive human–robot
dialogue. Participants responded positively to the robot’s ability to remember personal
details, speak in regional accents, and maintain socially appropriate conversation flow.
However, the study also highlighted persistent challenges, including occasional inter-
ruptions, response delays, and moments of unrealistic user expectations—particularly
regarding the robot’s expressive and functional capabilities.

By validating our system with older adults in naturalistic settings, we have made a
step forward in understanding how LLMs can be embedded into socially meaningful, real-
world interactions. Our design choices—such as streaming response generation, persona
reinforcement prompts, and user-calibrated silence thresholds—offer practical insights for
building future LLM-integrated robots that are emotionally engaging, ethically grounded,
and robust to the variability of human dialogue.

Future work will explore long-term deployment, explicit emotion modelling, and
strategies for co-adaptive memory and user feedback. Ultimately, we envision social robots
that not only understand and respond, but also remember, adapt, and connect, therefore
supporting meaningful companionship in everyday life.
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