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Abstract

A major limitation of current social robots is their dependence
on cloud-based dialogue pipelines, which restricts use in settings
with limited or unreliable connectivity. We present a lightweight,
fully local spoken-dialogue system that runs on consumer-grade
hardware and integrates open-source models for speech recog-
nition, dialogue generation, and text-to-speech. The pipeline was
deployed on Euclid, a non-commercial humanoid robot, across
several public engagement events, enabling extended real-world
interaction without internet access. We analyse over 5,000 dialogue
turns recorded during these dialogues to characterise system be-
haviour, user interaction patterns, and challenges arising in noisy,
multi-speaker environments. Our observations demonstrate the
feasibility of privacy-preserving, on-device conversational robotics
while highlighting limitations in turn-taking, response length, and
environmental grounding. We outline planned improvements to
support more robust and accessible social-robot interaction.
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1 Introduction and Related Work

The widespread use of commercial robots in HRI has increasingly
constrained research directions, limiting novelty in real-world con-
versational Al and modular social robotics [7]. This has prompted
researchers to design projects around the capabilities of commercial
robots, as opposed to building new robots to conduct more novel
and impactful research [6]. Furthermore, researchers are often un-
able to develop, test and deploy advanced Al systems because of the
restrictive nature of commercial robots, i.e. proprietary software,
outdated libraries, inbuilt hardware and cloud software limitations
[9]. This makes training and testing state-of-the-art large language
models (LLMs) using commercial social robots problematic, and
why Al simulation methods, such as the Wizard of Oz (WoZ), are
still commonplace in HRI [16]. Thus, there is a need to move into a
new research space where we build and test novel social robotics
and Al systems for HRI using cost-effective materials and methods.
In support, Google DeepMind Al released Gemini Robotics [3], a
Vision Language Action (VLA) model that operates offline, empha-
sising the importance of developing locally run systems for robots.
However, Gemini Robotics requires a high-performance computer
to operate efficiently, which may make it less suitable for novel
prototype robots, students or researchers with limited hardware
resources.

This presents a significant gap in HRI, and the need for light-
weight, low-resource and modular generative spoken dialogue sys-
tems for non-commercial social robots. The key contributions of
this paper are a dialogue management pipeline for social robots
that operates offline and on standard GPU laptops, a new dialogue
dataset containing four field tests of this system, analysing 5,161
dialogue turns.

2 Euclid the Humanoid Robot

Euclid (Figure 1) is a non-commercial social humanoid robot de-
signed for natural human-robot interaction. It features an expres-
sive face, microphone, and camera to support audiovisual tasks such
as user tracking. Euclid runs a series of Arduino and Raspberry Pi
microcontrollers that connect to a laptop or PC. These can be con-
trolled over USB serial ports, allowing the Al system to be updated
or adjusted in real time. Euclid has also been used as a test-bed
for prior research on hybrid generative and rule-based dialogue
systems trained on common-sense and object-centric datasets to


https://orcid.org/0009-0008-8519-7733
https://orcid.org/0000-0003-3294-8261
https://orcid.org/0000-0001-7910-9487
https://orcid.org/0009-0001-2234-3771
https://orcid.org/0000-0002-9377-4106

   → 


$\to $


$\to $


$\to $


$\to $


$\to $



https://doi.org/10.1145/3776734.3794421
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3776734.3794421

HRI Companion "26, March 16-19, 2026, Edinburgh, Scotland, UK

support domestic task guidance [19]. In our work, we use the same
humanoid robot, but run our dialogue pipeline locally and fully
offline.

Figure 1: Euclid the lifelike social humanoid robot

3 Conversational Al System

To address the limitations of cloud-dependent social robots, we
developed a modular, privacy-centric dialogue pipeline designed
to run entirely offline on consumer-grade hardware. This section
details the architecture, component selection, and optimisation
strategies used to deploy with Euclid.

3.1 Design Goals

The system was designed to allow the robot to operate reliably
without external infrastructure, avoiding the limitations of cloud-
based pipelines that depend on stable, high-bandwidth internet.
This enables deployment across public events, classrooms, outdoor
settings, and secure facilities with strict network policies. The key
goals were:

Infrastructure Independence: All components run fully on-device,
ensuring consistent operation without internet access or API keys.
Privacy by Design: Keeping all data local avoids transmitting
speech to third-party servers and protects users’ privacy.
Low-Latency Interaction: The system must prioritise fast re-
sponse times to maintain a natural conversational flow.
Modularity and Adaptability: Components can be swapped
or upgraded with minimal changes to the pipeline, and dynamic
prompting enables adjustments to persona, context, and safety
constraints at runtime.

3.2 Architecture Overview

The conversational pipeline follows a sequential Speech-to-Speech
architecture executed entirely on-device: Audio Capture — Voice
Activity Detection (VAD) — Automatic Speech Recognition (ASR)
— Large Language Model (LLM) — Text-to-Speech (TTS) — Queued
Audio Player.

Hardware Deployment Environment: To demonstrate the sys-
tem’s viability on accessible hardware, the pipeline was deployed
on a standard laptop equipped with an NVIDIA RTX 2000 Ada Gen-
eration Mobile GPU (8 GB VRAM). This configuration represents
a realistic baseline for modern consumer-grade laptops. Although
this serves as our reference setup, the design is flexible: systems
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with more powerful GPUs or greater VRAM can run larger models
without modification to the pipeline.

3.3 Audio Capture and ASR

For automatic speech recognition, we use OpenAI’s Whisper V3
Large Turbo [14], a distilled Whisper model that offers a strong bal-
ance of accuracy and computational efficiency. Whisper models are
known to hallucinate transcriptions on short or non-speech inputs,
to mitigate this, the audio pipeline incorporates a two-stage gating
process. We first estimate the root-mean-square (RMS) energy of
incoming audio to filter quiet segments unlikely to contain speech.
For segments above this threshold, we apply Silero VAD [18] to
confirm the presence of human speech. Only audio that passes both
checks is forwarded to the Whisper model for transcription.

We note that converting speech to text discards prosodic cues
such as intonation and affect, which may influence conversational
dynamics, incorporating paralinguistic information remains future
work.

3.4

The conversational logic is handled through a local OpenAI compat-
ible API, hosted using LM Studio’. Hosting the LLM in a dedicated
backend abstracts away tokenisation details and chat-templating
differences (e.g., Harmony, ChatML, Alpaca, Llama-3 formats), al-
lowing the Python pipeline to remain agnostic to model-specific
formatting. This design enables models to be swapped without
modifying the dialogue manager, and the standardised API en-
sures compatibility with alternative local engines such as Ollama
or vVLLM.

For deployment, we used a 4-bit quantised Qwen 2.5 7B model
[21], selected for its instruction-following performance and effi-
ciency; the weights require roughly 4.36 GB of VRAM (excluding
chat context). Preliminary tests with the newer Qwen3 4B [20]
indicate comparable or improved performance under the same
hardware constraints.

A custom Prompt Controller dynamically assembles the system
prompt at each turn. A stable template defines the robot’s persona
(e.g., an “old robot with rusty circuits” who is “helpful, kind, chatty,
and wise”), conversational style (e.g., speaking casually and avoid-
ing disclaimers), and safety rules (e.g., maintaining PG-friendly
content), while the controller injects limited real-time information
(e.g., date and time) to guide the model’s responses.

Modular Dialogue Management

3.5 Text-to-Speech (TTS) Synthesis

To minimise GPU load, we use the Kokoro v1.0 TTS model (82M)
[5], based on StyleTTS2 [10] and iSTFTNet [8], executed via ONNX
Runtime [2] on the CPU. Running a compact TTS model on the
CPU enables true parallelism with GPU-based LLM inference and
avoids the overhead of large expressive TTS systems when their
benefits are not required. Despite its small size, Kokoro provides
more natural prosody than traditional rule-based synthetic voices
while remaining far smaller than expressive models such as CSM-1
(1B) [17], Dia2 (2B) [13], or VibeVoice 7B [12], which can offer richer
expressiveness but are generally impractical to run alongside an
on-device LLM on consumer hardware. The pipeline is modular,

LM Studio, https://Imstudio.ai
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however, and could support such models on multi-GPU systems or
devices with greater compute capacity.

Kokoro includes multiple language packs and voice presets, offer-
ing flexibility across deployment contexts. In practice, compact TTS
models often struggle with non-Latin scripts or context-dependent
pronunciations (e.g., Japanese particles), requiring additional G2P
(grapheme-to-phoneme) preprocessing. Achieving acceptable pro-
nunciation in another language typically also requires switching
to a language-specific voice embedding, which can break vocal
consistency and weaken the robot’s vocal identity and weaken the
intended character illusion. We additionally apply light text pre-
processing to remove emojis and certain special characters, which
can produce undesirable artefacts in small TTS models.

To minimise “Time-to-First-Audio” (TTFA), the TTS module uses
a sentence-level streaming queue: once the LLM finishes gener-
ating, the text is segmented into sentences and synthesised asyn-
chronously so the robot can begin speaking the first sentence while
later sentences are still being produced. A planned optimisation
is to stream tokens directly from the LLM backend and initiate
synthesis as soon as the first sentence boundary appears, allowing
speech to begin while the LLM is still generating the remainder of
the response.

4 Public Engagement

Euclid was exhibited in a number of public-facing events, carrying
out 5,161 conversations, some of which were open to the general
public, including adults and children from a variety of nationalities,
genders, cultures, languages, and educational levels (AI for Good
Summit, United Nations, Geneva, July 2025; New Scientist Live,
London, September 2025), while others were directed at academics
in broadly understood STEM fields, such as robotics (The UK Ro-
botics Expo, National Robotarium Edinburgh, September 2025) and
engineering (Scottish Partnership in Energy and Engineering Re-
search & Innovation, SPEERI; Edinburgh, November 2025). In one
special event, Edinburgh Fringe "The Provocateurs” (Edinburgh,
August 2025), Euclid was presented to the audience at a comedy
show; however, he only interacted with the selected presenter.

4.1 General Public Interactions

In all but the last event, the environmental conditions were chal-
lenging, with large spaces distorting the sound, high levels of noise,
multiple speakers, and general echoes of surrounding conversa-
tions.

A significant challenge was the system’s ’always-on’ micro-
phone design in these noisy environments. Users often hesitated
or ’froze’ due to the pressure of the interaction, creating natural
pauses that the VAD misinterpreted as turn-endings, leading to
premature response generation, interrupting the user. Furthermore,
the open microphone frequently triggered on background chatter or
inquiries directed at the operators. To mitigate these false triggers
and maintain conversational flow, operators had to manually mute
the system whenever the robot was not being directly addressed.

Another interesting observation was the audience’s reaction
to the robot’s perceived personality and playful exchanges, but
also the flexibility of responses; some participants noted that they
expected Al-like, ChatGPT responses (definitions, precise data, and
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hard facts), rather than contextualised and sometimes “cheeky”
conversations. This added to a general sense of human-like dialogue
and enhanced Euclid’s characteristics.

4.2 Academic Engagement

The engagement involving members of academia was only different
insofar that the environment was smaller and more self-contained.
It was noticeable, however, that the audiences would be more likely
to talk about the robot with the operators, without addressing it,
rather than take part in an active conversation with Euclid.

At the UK Robotics Expo, where many other robots were exhib-
ited, conversations revolved around comparing different Al systems
(both in terms of conversational skills and appearance). Whilst at
SPEERY, although the audience was more neutral and curious about
the robot, without referring to other machines, the questions were
largely addressed to the operators, rather than the robot itself.

4.3 Performance Scenarios

The final event at the “The Provocateurs” show at The Edinburgh
Fringe tested Euclid’s capacity for scripted performance. The robot
participated in a stand-up comedy routine discussing the ethics of
robotics and the utility of hands, a topic chosen to satirise Euclid’s
own lack of hands. The show’s script was based on the current
landscape of robotics, as well as research and anecdotal evidence
regarding instances when robots have caused accidents and harmed
people due to working arms. Subsequently, the audience was en-
couraged to ask questions via the presenter, who would relate them
to Euclid.

This interaction took place on two occasions. In the first perfor-
mance, the robot suffered a configuration issue where the system
prompt retained context from the UN event; consequently, it hallu-
cinated that it was still at the conference, requiring the operator to
step in and readjust. Whereas on the second attempt, the dialogue
was more focused and representative of the topic at hand.

4.4 Data Collection and Ethics

The study involved voluntary public-engagement interactions. Par-
ticipants were informed on-site that the robot was operating au-
tonomously and that anonymised, text-only dialogue logs would be
analysed for research. No audio, video, or demographic data were
stored. For interactions involving children, guardians were present
and dialogue was limited to public, non-sensitive content. All logs
were manually screened to remove identifying information, stored
on encrypted drives, and transferred to university-managed cloud
storage, with no attempt to link data to individuals.

5 Interaction Analysis

To explore performance and user interaction patterns across these
diverse settings, we performed analysis on the recorded dialogues.

5.1 Data Overview & Pre-processing

The analysis is based on raw JSON dialogue logs generated by the
system across five events. In these logs, assistant denotes Euclid’s
generated responses and user the human participant, following
standard LLM chat conventions. After filtering empty files and
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single-turn fragments (e.g., isolated “hello” inputs without an as-
sistant reply), a total of 5,161 dialogue turns were retained, with
the breakdown by venue shown in Table 1. The text data then
underwent standard NLP pre-processing using SpaCy, including
normalisation, stopword removal, and lemmatisation, to optimise
the corpus for topic modelling.

Table 1: Distribution of Dialogue Turns by Venue and Role

Event Venue Assistant  User Total
Edinburgh Fringe (2025) 58 58 116
New Scientist Live (2025) 947 947 1,894
Robotarium Expo (2025) 214 214 428
United Nations (Al for Good) 1,360 1,363 2,723
Total 2,579 2,582 5,161

5.2 Topic Modelling

To characterise the dominant themes in the corpus, we applied
BERTopic [4] separately to user and assistant utterances. Each
utterance was encoded using the all-MiniLM-L6-v2 sentence-
transformer model [15], followed by UMAP [11] for dimensionality
reduction and HDBSCAN [1] for density-based clustering. This
combination allowed us to group semantically similar utterances
into topics while treating unrelated items as outliers.

In total, users produced 3,942 utterances and Euclid produced
13,225. BERTopic assigned 72% of user utterances and 66% of Euclid
(assistant) utterances to a topic cluster, with the remainder clas-
sified as outliers. For users, the most common words and topics
centred on greetings and polite interaction (e.g., “hello”, “thank”,
“Buclid”, “introduce”, “robot”, “could”), indicating short, hesitant
turns focused on meeting the robot and asking simple questions.

In contrast, the assistant’s topics were more varied and content-
rich, with frequent references to robotics and Al (e.g., “robot”, “AI”,
“technology”, “innovation”), event framing (e.g., “conference”, “Al
for good”), and engagement prompts (e.g., “chat”, “feel free”, “ques-
tion”). Notably, one topic cluster contained persona-related terms
such as “circuit”, “rusty”, and “buzz”, indicating that the model fre-
quently reflected elements of the “old robot” character described in
the system prompt.

These patterns mirror the conversational asymmetry observed
during deployment. While users tended to contribute brief, single-
sentence turns, the assistant produced longer, multi-sentence re-
sponses to maintain the event context. Qualitatively, this occasion-
ally manifested as excessive verbosity, where the model shifted into
an overly instructional tone that, while informative, sometimes
disrupted the natural pacing of social dialogue.

5.3 Sentiment Analysis

To estimate the emotional tone of the interactions, we applied
a DistilBERT-based sentiment classifier (distilbert-base-uncased-
finetuned-sst-2-english) to each utterance. The model assigns a
positive or negative label with an associated confidence score.
Overall, the corpus was skewed towards positive sentiment: 79%
of user utterances and 75% of assistant (Euclid) utterances were
classified as positive. The analysis indicates that both roles are
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Table 2: Illustrative topics and keywords.

Source ‘ Ilustrative topic keywords

User hello, thank, Euclid, tell, say, like, introduce, robot, yeah,
could

Assistant robot, Al technology, innovation, conference, Al for

good, chat, feel free, fantastic, pretty cool, circuit, rusty

predominantly positive, though user utterances were slightly more
strongly and consistently positive than Euclid’s. This likely aligns
with the public engagement context, where users typically greet the
robot enthusiastically and the intentionally friendly, encouraging
persona defined for the robot.

6 Lessons, Limitations and Future Work

The deployments demonstrate that a fully local, offline spoken-
dialogue pipeline can run reliably on a single consumer-grade GPU
laptop and support hours of real-world public interaction with-
out internet access, providing a viable path for privacy-first social
robots.

Limitations remain clear: our analysis is based on text-only logs
and operator observations, which may introduce observer effects,
with no direct user feedback or visual context. Turn-taking fre-
quently broke down in noisy, multi-party settings; responses were
often too long or lecture-like; and the absence of scene awareness
occasionally led to replies that did not align with the immediate
interaction or environment. Furthermore, the analysis was based
on all events rather than exploring the individual instances, which
limited the depth of topic modelling, over contextualisation of the
overall data.

Future work focuses on four concrete directions: (1) more ro-
bust turn-taking via interruption (barge-in) detection and optional
push-to-talk; (2) distilling concise, characterful personalities using
collected data and manually authored responses; (3) adding light-
weight visual grounding (e.g., presence or gaze detection) to anchor
responses in the environment; and (4) running formal user stud-
ies with standard HRI questionnaires, interviews, and controlled
local-vs-cloud comparisons to quantify effects on trust, warmth,
and perceived intelligence.

In parallel, we plan to explore optional on-device tool access
(e.g., for simple real-time information queries) while maintaining
the same privacy-preserving, fully local design.

7 Conclusion

We demonstrated a lightweight, fully local conversational pipeline
running on a single consumer GPU laptop and deployed it on a
life-like social robot across four public events. The approach re-
duces dependence on cloud services, protects privacy, and increases
robustness in settings where connectivity is unreliable or restricted.
Our analysis of 5,161 turns shows largely positive interactions but
highlights the need for better turn-taking, concision, and light vi-
sual grounding. This work supports HRI Empowering Society by
making capable, privacy-preserving, and environmentally mind-
ful social robots more accessible to researchers, educators, and
practitioners without proprietary dependencies.
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