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Abstract. This study explores the integration of Large Language Mod-
els (LLMs) and speech-processing technologies in humanoid robots to 
support during university open days. We implemented an AI-driven assis-
tant on the Pepper and NAO robot to provide information to open 
day visitors. The system employs real-time speech recognition using 
OpenAI’s Whisper, dialogue validation with GPT-4, and a Retrieval-
Augmented Generation (RAG) approach to ensure accurate and context-
aware responses. An exploratory observational study revealed positive 
user engagement, with many participants expressing surprise at the con-
versational abilities of the rob ot. However, challenges such as background
noise, response latency, and user distrust were also observed. These find-
ings suggest that LLM-powered robotic assistants can enhance visitor
experiences in educational settings, suggesting areas for improvement in
responsiveness, non-verbal interaction, and trust-building.

Keywords: Human-Robot Interaction · Observational Study · 
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1 Introduction 

Recent advances in Natural Language Processing (NLP) [28] have enabled sig-
nificant progress in Human-Robot Interaction (HRI) [12], particularly through 
the integration of technologies such as large language models (LLMs), speech-to-
text (STT), and text-to-speech (TTS) systems. These developments make it pos-
sible to support natural, context-aware d ialogues between humans and robots,
expanding their applicability in domains such as education [6], healthcare [7,26], 
and visitor assistance [10]. 

In this paper, we explore the potential of combining these technologies to 
create embodied conversational agents in unive rsity open days. These events
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are key opportunities for institutions to inform and engage prospective students
[21], but high visitor volume and limited staff availability can make it difficult to 
offer consistent and personalized guidance. To address this challenge, we imple-
mented Artificial Intelligence (AI) assistants on the Pepper and NAO robots
(Softbank Robotics) [19], designed to assist prospective students visiting Breda 
University of Applied Sciences (BUas). The assistants are capable of understand-
ing natural language queries, retrieving relevant information from a structured 
knowledge base, and responding verbally in real time. This is achieved through 
an architecture that i ntegrates an LLM for natural language understanding and
generation, along with speech processing and context management strategies to
ensure coherent interaction in dynamic environments.

The objectives of this study are twofold. First, we aim to implement a robust 
system architecture for real-time human-robot interaction, exploring the gen-
erative capabilities of LLMs to enable natural dialogue. By integrating speech 
processing to handle environmental noise and overlapping speech, the system is 
designed to handle the complexity of a real-world open day env ironment. Second,
we conduct an exploratory observational study to assess the initial reactions and
engagement of prospective students during interactions with the AI assistants
at the open day.

The paper is organized as follows. Section 2 reviews related work. Section 3 
details the technical implementation of the system. Section 4 presents the user 
study and its results. Section 5 discusses the findings, and Sect. 6 concludes with 
final remarks and recommendations.

2 Related Work 

Robots have been explored in a variety of roles during university open days, 
including registration, navigation, a nd information delivery. For instance, Bel-
lotto et al. [1] developed a robot capable of automatically recognizing and reg-
istering visitors, while Nguyen et al. [17] implemented a guiding robot to help 
attendees locate specific rooms or presentations. More recent work has focused 
on enabling robots to pro vide spoken information to visitors through conversa-
tional interfaces [23]. Like Shanthakumar et al. [23], in this presented work we 
provide visitors with information. However, where their focus is on comparing 
the functionalities of different LLMs, our a im is to develop a complete architec-
ture and perform initial an user test.

Providing information through natural interaction is a common goal in many 
human-robot interaction studies. One example i s the work by Blair and Foster
[2], who developed a Pepper-based robotic assistant to offer guidance and sup-
port on a university campus. Their findings highlight the benefits of proactive 
robot behavior, such as initiating interactions, which improved user engagement. 
They identified several areas for improvement, including using signal process-
ing to detect user intent, integrating Retrieval-Augmented Generation (RAG), 
and adopting LLMs to enhance dialogue naturalness and diversity. Our system
addresses these challenges by incorporating RAG and LLMs to generate more
informative and context-aware responses.
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Recent studies have also explored the broader potential of LLM-powered 
social robots. Kim et al. [8] emphasized how LLMs enhance the expressive capa-
bilities of robots while also increasing users’ expectations regarding their con ver-
sational and social competence. Onorati et al. [18]  presented  a  system  in  which  
speech processing, an LLM, and TTS were integrated to create a responsive 
conversational agent, which was positively evaluated in user studies. However, 
they reported limitations related to cloud-based LLM latency, speech recogni-
tion performance in noisy conditions, and LLM hallucinations. In our system,
we address these issues through local speech processing, dialogue validation, and
knowledge-grounded response generation using RAG.

3 Technical Implementation 

3.1 System Overview 

To support real-time natural language interaction in the context of university 
open days, we developed a modular architecture for embodied AI assistants that 
integrates LLMs, speech processing, and robot control. The system is designed 
to operate across two main components: the BUas AI Assistant Platform and 
the Robot Interaction Application, each responsible for distinct stages of the
interaction pipeline. An overview of the full architecture is shown in Fig. 1. 

Fig. 1. Architecture of the propo sed system.

The BUas AI Assistant Platform is a web-based system that manages chatbot 
interactions by defining the system prompt, providing access to a structured
knowledge base, and processing user queries. The platform supports both open
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and proprietary LLMs and employs a RAG approach [11] using LangChain1 to 
enhance response accuracy. The chatbot’s responses are generated based on the 
conversation history and additional con textual information retrieved from the
knowledge base.

Speech processing and dialogue validation are handled by the Robot Interac-
tion Application, which runs locally on a laptop. This application captures audio
input through a microphone and applies speaker diarization [20] and overlap 
detection [3] to identify the presence of multiple speakers. Once a single speaker 
is detected, the spoken input is transcribed using OpenAI’s Whisper model.2 
The transcribed text is verified for coherence using an LLM (GPT-4o) before 
being forwarded to the AI assistant for response generation. This local execu-
tion of speech processing ensures reduced latency and improves the real-time 
performance of the system. Once a response is generated, the Robot In teraction
Application transmits the corresponding response text to the robot, which then
synthesizes and vocalizes the response using its onboard text-to-speech engine.

Communication between system components follows a structured protocol 
to ensure seamless data exchange. The Robot Interaction Application communi-
cates with the BUas AI Assistant Platform via HTTP API calls, sending tran-
scribed user input and receiving chatbot-generated responses. Once a response 
is received, the Robot Interaction Application forwards the corresponding text 
command to the robot via a TCP socket connection, instructing it to synthesize 
and vocalize the response. To prevent interference, the rob ot sends a “speech
done” confirmation message back to the Robot Interaction Application once the
speech output is completed. This mechanism ensures that speech recognition
remains inactive while the robot is speaking, resuming only after the confirma-
tion is received.

3.2 Speech Processing Pipeline 

The speech processing pipeline is responsible for capturing user input, segment-
ing and transcribing speech, and preparing the transcribed text for further dia-
logue processing. Since the open day environment contains background noise 
and multiple conv ersations occurring simultaneously, the pipeline is designed to
ensure robust speech recognition while minimizing erroneous inputs.

The pipeline begins with the audio capture process, where a microphone con-
nected to the laptop continuously records incoming speech signals. The micro-
phone is positioned close to the robot to maximize the clarity of the recorded 
voice while minimizing interference from surrounding noise. Incoming audio is 
processed in real-time, using a continuous r ecording approach that captures
speech in small segments and stores them in a queue. The system applies an
energy threshold of 1000 to detect when a speaker is actively talking,3 ensuring

1 https://www.langchain.com/langchain. 
2 https://github.com/openai/whisper. 
3 The energy threshold defines the minimum amplitude level required to distinguish 

speech from background noise.

https://www.langchain.com/langchain
https://github.com/openai/whisper
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that background noise does not trigger false detections. A phrase timeout of two 
seconds is used to determine when a sp eech segment has ended, marking the end
of a spoken utterance before further processing.

To determine whether the recorded speech originates from a single speaker or 
multiple overlapping voices, the system employs speaker diarization and ov erlap
detection. Speaker segmentation is performed using Pyannote’s speaker diariza-
tion model v3.1,4 which assigns different time segments to distinct speakers [4]. 
Meanwhile, Pyannote’s segmentation model v3.05 detects overlapping speech 
segments. Both models are executed locally on a GPU to minimize processing 
delays. A speech segment is only passed to the transcription stage if exactly 
one sp eaker is detected and no overlap occurs, preventing the AI assistant from
responding to unintended or mixed conversations.

For speech-to-text processing, the system uses OpenAI’s whisp er-large-v3
model running locally.6 Whisper was chosen for its robustness in handling diverse 
accents, background noise, and spontaneous speech patterns, making it well-
suited for an open day environment. The transcribed text is subsequently for-
warded to the next stage of the pipeline, where it undergoes dialogue validation
and processing.

3.3 Dialogue Validation and Response Generation 

Once the speech-to-text processing is completed, the next stage involves validat-
ing the input and generating a response. This stage ensures that only relevant 
user input is processed and that appropriate responses are generated in align-
ment with the system’s conversational goals. When generating a response, the
system also retrieves accurate information from a structured knowledge base to
ensure factual accuracy.

The validation step filters the transcription to ensure it is coherent, complete, 
and directed at the AI assistant. Since the system continuously captures audio 
from its environment, there is a risk that unintended speech or background con-
versations may be transcribed and processed as part of the user interaction. To 
prevent the system from responding to irrelevant or fragmented utterances, each 
transcribed message is evaluated by an LLM (GPT-4o). The validation mech-
anism verifies whether the input is a clear and complete statement or question
directed at the AI assistant, taking into account the conversation history. This
is achieved using a validation prompt (Prompt 1), which instructs the LLM to 
classify the input as either valid or invalid. In the prompt, {H }  represents  the  
conversation history, {M } refers to the user message, and {A} stands for the 
assistant’s name. If the model determines that the message is incoherent, frag-
mented, or likely part of an external conversation, it is discarded, ensuring that
only relevant inputs proceed to the response generation step.

4 https://huggingface.co/pyannote/speaker-diarization-3.1. 
5 https://huggingface.co/pyannote/speaker-segmentation. 
6 https://huggingface.co/openai/whisper-large-v3. 

https://huggingface.co/pyannote/speaker-diarization-3.1
https://huggingface.co/pyannote/speaker-segmentation
https://huggingface.co/openai/whisper-large-v3


Prompt 1: Conversation History: {H} 
Message to Evaluate: USER: {M} 
Instructions: Determine if the above message appears to be a coherent 
and complete question or statement directed to {A}, based on the ongoing 
conversation. Review the message in relation to the context, checking if 
it logically aligns with a clear request or question for {A}. Respond with:
- [YES] if the message appears clear, coherent, and likely directed to {A}, 
even if it changes the subject.
- [NO] if the message is incomplete, fragmented, incoherent, or appears 
to contain mixed speech, suggesting it may not be a direct question or
statement intended for {A}.
Respond only with [YES] or [NO]. No further explanation is needed.
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Once validated, the transcribed input is processed for response generation 
using a combination of a predefined system prompt and retrieval-augmented gen-
eration. An LLM (GPT-4o) constructs responses based on the system prompt, 
which defines the assistant’s role, personality, and interaction guidelines. Addi-
tionally, the RAG mechanism, implemented via LangChain, queries a structured 
knowledge base to retrieve relevant and factually accurate information, ensuring
that responses are both informative and contextually appropriate. This response
generation process is executed within the BUas AI Assistant Platform, which
serves as the central module for managing chatbot interactions and conversa-
tions.

For our experiments, two distinct AI assistants were deployed, each operating 
with a specific system prompt that aligns with their objectives. NAO, function-
ing as a general assistant, provides information on all BUas programs, campus 
facilities, and general university information. In contrast, Pepper is designed to 
assist prospective students specifically interested in the Applied Data Science 
& Artificial Intelligence (ADS&AI) bachelor program. Despite their differences,
both assistants utilize the same structured approach for response generation,
combining the system prompt with retrieval-augmented generation. The com-
plete system prompts for NAO and Pepper are provided in our supplementary
material at: https://edirlei.com/buas/aioda-sup-material-1.pdf. 

Once the response is generated, it is transmitted to the Robot Controlling 
Application, which is responsible for delivering the final output to the user. The 
response is sent as a text string and converted into speech using the robot’s 
built-in text-to-speech engine. While NAO and Pepper utilize different hard-
ware configurations, both robots rely on their onboard systems to synthesize
speech and vocalize responses. Additionally, to maintain a lifelike presence during
interactions, the robots continuously perform idle movements and facial tracking,
ensuring that they remain visually engaged with users while delivering responses.

3.4 Ambient-Aware Reactions 

To improve the overall user experience, the system incorporates a set of ambient-
aware reactions designed to attract attention and respond to environmental con-

https://edirlei.com/buas/aioda-sup-material-1.pdf
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ditions, making the robot appear more socially aware, proactive, and respon-
sive. Three types of reactions are i mplemented: welcome reactions, conversation
starters, and noise reactions.

Welcome reactions are activated at the beginning of an interaction session, 
either during system initialization or following a reset of the conversation con-
text. These short messages are designed to provide context about the robot’s role, 
encourage user engagement, and establish the assistant’s persona. For example, 
Pepper may say, “Hello and welcome! I’m Pepper, your friendly AI assistant for
the open day”, while NAO might greet visitors with, “Welcome! I’m Nao, an
AI assistant robot here to help you explore all that Breda University of Applied
Sciences has to offer.”

Conversation starter reactions are used to proactively invite interaction when 
the robot is idle. These utterances are triggered at predefined intervals during 
periods of inactivity to attract the attention of nearby visitors. The content 
is varied and informal in tone, ranging from informative remarks about study 
programs to humorous comments that reflect the robot’s persona. For instance, 
Pepper might say, “Some call me a robot; I like to think of myself as a digital
tour guide for data science and AI! ”, while NAO could prompt with, “Did you
know our students work on real-world projects across various programs? Just ask
if you’d like to know more.”

Noise reactions are designed to address situations in which the robot detects 
overlapping speech or elevated background noise, both common in dynamic pub-
lic environments. When the system identifies failed or invalid user input – typ-
ically due to multiple concurrent speakers or environmental interference – it 
marks the event as a likely result of ambient noise. At predefined intervals, 
the robot may respond with a noise reaction to acknowledge the surrounding 
activity. These utterances help maintain the robot’s social presence and reassure 
visitors that temporary lapses in responsiveness can occur. For example, the
assistant might say, “Oops! Lots of voices make it tricky for me to focus. Could
you say that one more time? ” or “With all this excitement, my sensors get a
little overloaded – don’t hesitate to give me a nudge if I seem lost! ”

4 User Study 

As previously mentioned, the proposed architecture was deployed on two 
humanoid robots: Pepper and NAO. During the open day, the Pepper robot was 
positioned indoors to assist visitors with information specific to the ADS&AI 
bachelor program, while the NAO robot was placed outdoors to provide general 
information about BUas and its full range of academic programs. Each robot was
accompanied by a researcher who conducted the observational study described
in the following subsections.

4.1 Methods 
Participants. We observed a total of 22 interactions with the NAO robot and 
12 with the Pepper robot, involving 47 participants in total. Group sizes ranged
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from one to three active participants per interaction. All participants engaged 
with the robot voluntarily, with minimal prompting from the researchers. Most 
were prospective students of the university, often accompanied by p arents or
friends. Five interactions involved current BUas students or staff members.

Materials and Set-up. Each robot was accompanied by a laptop positioned 
nearby, which served both as a status display and as the input device for audio 
processing. The screen displa yed the university logo along with a simple sta-
tus message, as illustrated in Fig. 2. The laptop’s proximity to the robot was 
necessary due to its r ole in capturing audio via an external microphone.

Fig. 2. Setup of the robots during the open day: (a) NAO, serving as a general assis-
tant; and (b) Pepper, assisting p rospective students in the Applied Data Science & AI
program.

Both robots were stationed in relatively quiet areas to reduce background 
noise. Researchers remained at a distance to avoid influencing participant be hav-
ior or diverting attention away from the robot.

Procedure. Visitors who showed interest in the robots could approach and initi-
ate interaction. In most cases, the robot initiated the conversation. Occasionally, 
the researcher provided m inimal encouragement to begin the interaction, after
which conversations progressed naturally.

During each session, a researcher documented the participant’s background 
(e.g., prospective student, parent), the duration of the interaction, discussion 
topics, perceived user satisfaction, any technical issues, and additional observa-
tions. Conversations varied in length from 10 s to 6 min, with an average duration
of approximately 90 s. After each interaction, participants were asked about their
experience with the robot.
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4.2 Results 

Topics Discussed. The two robots served distinct roles during the open day. 
The NAO robot acted as a general assistant for all visitors, while the Pep-
per robot was dedicated to providing information ab out the ADS&AI bachelor
program. This distinction was reflected in the topics covered during their inter-
actions.

Approximately half of the conversations with NAO focused on general infor-
mation about BUas study programs. Other frequently discussed topics included 
directions to buildings or presentations, and general information about the uni-
versity. A smaller number of interactions addressed broader subjects such as 
student life or housing in Breda. In contrast, interactions with Pepper primarily 
revolved around the ADS&AI program. Participants asked questions r elated to
the curriculum, such as the level of programming and mathematics, the struc-
ture of the first year, and examples of student projects. Some conversations also
included more general university-related topics.

In both cases, occasional interactions included playful or exploratory dia-
logue. Visitors sometimes asked the robots about their names, abilities, or 
prompted them to perform actions like dancing or giving high-fives. Despite these 
unscripted requests, the assistants were able to engage meaningfully, showcasing 
the flexibility of the system. Overall, the knowledge base and system prompts
were effective in supporting accurate and contextually appropriate responses.
The AI assistants successfully answered the majority of questions posed by vis-
itors.

Technical Issues. The most frequent technical challenge encountered was 
related to ambient noise. This was particularly noticeable for Pepper, which 
operated indoors in a highly active area. In some cases, the system struggled 
to isolate the speaker from background conv ersations. While many interactions
proceeded without issue, in some instances participants needed to repeat their
questions for the robot to process them correctly.

Speech recognition limitations were also observed with short or context-
dependent responses such as “Yes” or “No”. These inputs often lacked sufficient 
information for the system to produce a relevant response, especially when deliv-
ered too early, too quietly, or before the system was ready to process new input.
Additionally, the system occasionally failed to recognize abbreviations for uni-
versity programs.

Another issue was response latency. Although the system was optimized for 
real-time interaction, the time required to process input and generate a response 
using the LLM introduced occasional delays. In a few instances, this delay
appeared to confuse or frustrate participants, consistent with prior findings in
LLM-based HRI [18]. 

Overall User Satisfaction. Participants generally responded positively to 
their interactions with the robots. Of the 34 observed conversations, 23 included
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clear indications of positive user satisfaction. Very often participants even indi-
cated to be pleasantly surprised with the capabilities and knowledge of the robot. 
In cases where feedback was neutral or negative, the cause was typically related 
to technical issues such as p oor speech recognition caused by the environment
noise or delayed responses. These problems occasionally disrupted the flow of
the interaction.

A small number of visitors appeared hesitant or skeptical about interacting 
with the robots. In a few cases, participants preferred to speak with human 
assistants instead. However, some initially hesitant users chose to engage and 
were often positively surprised by the quality of the responses. Understanding
the factors behind initial reluctance remains an interesting direction for future
research.

5 Discussion 

This study demonstrated the feasibility of deploying AI-powered embodied assis-
tants to support prospective students during open days. By integrating LLMs 
with a robust speech-processing pipeline a nd proactive interaction strategies, the
system facilitated fluid and informative conversations in a real-world setting.

One of the notable strengths of our implementation was the use of RAG 
to enhance the factual reliability of responses. Prior research has highlight ed
the risk of hallucinations when using LLMs in conversational agents [8,18]. By 
grounding responses in a structured knowledge base, our system effectively mit-
igated this risk, and no hallucinated or incorrect responses were observed. Par-
ticipants responded positively to the interaction, often expressing surprise a t the
robot’s conversational abilities and depth of knowledge. This reinforces findings
from Kim et al. [8], who noted that LLMs significantly enrich robot dialogue 
and increase user engagement. Our results suggest that combining RAG with 
LLMs not only improves accuracy but also contributes to a more natural and
satisfying user experience.

However, the use of LLMs and RAG introduced a common challenge: response 
latency. While the assistants were generally well received, some participants 
expressed confusion or frustration during longer pauses betw een user input and
system response. Similar issues have been observed in prior work; for example,
Onorati et al. [18] addressed this by adding filler utterances such as “Let me 
think about this” to maintain conversational flow. In future work, we aim to 
explore similar s trategies to mitigate the impact of latency and further enhance
the perceived responsiveness.

In addition to RAG, the speech processing pipeline contributed to the sys-
tem’s robustness in the noisy real-world environment of the open day. Techniques 
such as speaker diarization, overlap detection, and coherence validation helped 
reduce the likelihood of misinterpreting background conversations as user input. 
While challenges such as noise interference and delayed responses were occasion-
ally observed, the overall stability and accuracy of the speech recognition system
improved the user interaction.
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Proactive behaviors, such as welcome and starter reactions, played a key role 
in attracting user attention and initiating conversations. These mechanisms align 
with prior findings suggesting that socially proactive robots are more likely to
engage users [2]. Nevertheless, our study also revealed instances in which users 
hesitated to engage with the robot. Some visitors appeared uncertain about the 
assistant’s ability to address their questions, indicating a potential mismatch 
between user expectations and perceiv ed robot competence. This observation
echoes earlier findings about the influence of task sensitivity and user trust in
HRI [22]. 

A limitation of the current implementation is the need to manually reset 
the conversation context between interactions. Although the robot greets each 
new visitor with a welcome message, the system itself does not autonomously 
detect when one interaction has ended and another has begun. As a result, 
researchers occasionally intervened to reset the conversation history when a new 
participant approac hed. This limitation originates from the assistant’s lack of
situational awareness regarding multiple users. Future iterations could address
this by integrating real-time engagement estimation techniques – such as gaze or
depth-based tracking [27,30] – to help the system distinguish between separate 
interactions and trigger appropriate transitions more naturally [25]. Such mech-
anisms would also contribute to a more socially aware behavior model, enabling 
the robot to initiate context-appropriate reactions – suc h as greetings or farewells
– based on the presence or departure of visitors.

Another important direction for future work concerns the integration of non-
verbal behavior. While the robots currently perform idle movements and use 
face tracking to conv ey a sense of responsiveness – techniques known to enhance
user engagement [5,9,16] – they do not yet incorporate meaningful gestures dur-
ing speech. Prior studies have shown that LLM-driven conv ersations raise users’
expectations for socially expressive behavior [8]. To address this, we are exploring 
the integration of gesture generation into the interaction pipeline. Preliminary 
tests have shown promising results, and future research will involve a compara-
tive study evaluating user expe riences with and without dynamic gesture capa-
bilities. Furthermore, emerging approaches that enable LLMs to control robot
gestures directly [29] present promising opportunities for achieving synchronized 
verbal and non-verbal communication.

While the exploratory nature of this study limits the generalizability of the 
findings, it provides a solid foundation for advancing socially intelligent robotic 
assistants in real-world settings. By demonstrating the feasibility and positive 
reception of LLM-driven interactions during open d ays, this work opens opportu-
nities for more extensive studies related to the use of AI assistants in educational
environments.

6 Conclusion 

This study explored the use of AI-powered assistants integrated into humanoid 
robots to support prospective students during open days. Through the implemen-
tation of a modular architecture and an observational user study, we investigated
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how LLMs, combined with speech processing and ambient-aware behaviors, can 
enable real-time and natural interactions in dynamic environments.

The implementation demonstrated that LLMs and RAG can effectively mit-
igate hallucinations, while proactive behaviors and context-aware validation 
strategies enhance user engagement and interaction quality. Observational find-
ings revealed that visitors generally responded positively to the robot’s c onver-
sational capabilities. Nevertheless, the study also identified limitations such as
response latency and sensitivity to background noise.

Overall, the findings highlight the feasibility and potential of deploying 
LLM-based embodied assistants in real-world scenarios, aligning with broader
advances in conversational AI for educational contexts [15,24] and generative AI 
applications [13,14]. Future work will focus on enhancing interaction natural-
ness through gesture integration, automated visitor detection, and b roader user
studies to assess trust and usability across diverse audiences.
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