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Abstract: In this paper, we detail the technical development of a conversation design that is sensitive
to group dynamics and adaptable, taking into account the subtleties of linguistic variations between
dyadic (i.e., one human and one agent) and group interactions in human–robot interaction (HRI)
using the German language as a case study. The paper details the implementation of robust person
and group detection with YOLOv5m and the expansion of knowledge databases using large language
models (LLMs) to create adaptive multi-party interactions (MPIs) (i.e., group–robot interactions
(GRIs)). We describe the use of LLMs to generate training data for socially interactive agents including
social robots, as well as a self-developed synthesis tool, knowledge expander, to accurately map
the diverse needs of different users in public spaces. We also outline the integration of a LLM as a
fallback for open-ended questions not covered by our knowledge database, ensuring it can effectively
respond to both individuals and groups within the MPI framework.

Keywords: human–robot interaction; large language model; social robot; multi-party interaction;
group–robot interaction

1. Motivation and Related Work

Social robots have the ability to engage in dialogues with humans using natural lan-
guage and find applications in various settings such as work, healthcare, travel, and the
service industries [1–4]. However, the prospect of widespread acceptance in these scenarios
remains dependent on the ability of robots to understand the nuances of human social
interactions, which are indispensable for the establishment of genuine communication
patterns [5–7]. Therefore, the development of systems that can adapt to individual prefer-
ences while navigating unexpected contextual challenges is essential [8–10]. One of the
challenges in developing such systems is that research in human–robot interaction (HRI)
has primarily focused on dyadic connections, such as the interaction between a single
human and a single robot, which resembles chatbots used in customer support scenar-
ios (e.g., [11]) or personal voice assistants such as Siri (Apple, Cupertino, CA, USA) or
Alexa (Amazon, Seattle, WA, USA) [12,13].

1.1. Natural Language Understanding in Human–Robot Interaction

Socially interactive agents, including chatbots, voice assistants, and social robots,
share a dependency on natural language understanding models (NLU) that are usually
trained using carefully curated datasets [14], as having a broad and varied set of training
phrases (i.e., potential user input) for each intent is crucial for precisely identifying diverse
human intentions. Training data are of the utmost importance to reflect the diversity
of potential users, in terms of factors such as gender, occupation, education, and age.
However, the acquisition of annotated datasets that exhibit 30 language variations within
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an intent-based system represents a costly and time-consuming process that is not easily
scalable due to the need for human input [14]. In previous instances, crowd workers
have been employed to categorize and provide annotations for datasets intended for the
training of NLU models [15]. This presents a challenge, as the expected quality level was
not consistently met [16], and is often associated with precarious working conditions,
insufficient compensation, and a lack of social protection for workers. Along with this,
attempts have been made to automate the process of generating NLU training data, using
intent-based techniques that involve the construction of sentences by selecting synonym
words from a predefined list such as ‘(hello|hi) (|mighty) world’, resulting in variations
like ‘hello mighty world’, ‘hello world’, ‘hi mighty world’, and ‘hi world’ [17]. However,
this approach requires a significant amount of manual effort and could lead to a lack of
diversity in the training data [16].

With the release of large language models (LLMs) and the emergence of models such
as GPT-4 (OpenAI, San Francisco, CA, USA) [18] and LLaMA 3 (Meta, Menlo Park, CA,
USA) [19], LLMs are increasingly being used in the field of human–machine interaction
(HMI), among many other aspects, with the aim of tackling challenges related to knowledge
representation [20] and to generate training data [21] for chatbots, voice assistants, and
social robots. In the latter case, the natural language processing (NLP) and generation
capabilities of LLMs are employed to generate training data that are more semantically
accurate, which accelerates the process and potentially necessitates less manual correction
in comparison to intent-based approaches. This is especially beneficial since large language
models (LLMs) are often impractical for real-time applications because of significant com-
putational expenses, as well as quality control and compliance requirements; however,
they can also serve in generating training data. One potential avenue for utilizing LLMs in
this context is to take advantage of their few shot learning capabilities, as demonstrated
by Rosenbaum et al. [21]. In this case, the LLM is provided with a single example of a
translation or paraphrasing task and is then able to sample a multitude of new and diverse
examples from this source. However, it is increasingly apparent that existing LLMs are
constrained by a number of challenges, including the generation of hallucinated data, the
introduction of prejudices, and the execution of intricate computations.

These challenges encompass elements such as a large number of parameters and
substantial memory needs, requiring adaptable approaches for robotics that do not depend
on hardware setups such as graphics processing unit (GPU) clusters for inference. Con-
sequently, the technique known as Post-Training Quantization for Generative Pre-trained
Transformers (GPTQ) has surfaced as a method to compress models and address these
challenges [22]. This development enables LLMs to function on individual consumer GPUs,
broadening their practicality in the realm of social robotics, for example in the improvement
of communication by the establishment of multi-turn and multi-party interactions (i.e.,
group–robot interactions) [12,23].

However, most NLU research focuses on the adequate implementation of dyadic
interactions (i.e., one agent with one human), as is common in many application scenarios
(e.g., chatbots), while research on improving the interactions, behavior, or communication
of social robots within groups has been less extensive. The latter is particularly evident in
languages other than English, which can be one reason why it has not been adequately
addressed. For example, certain languages, such as German (also Polish, French, Italian,
etc.), differentiate pronominal usage, i.e., ‘you’ (singular) and ‘you’ (plural), resulting
in different conversation flows in dyadic versus group interactions, since addressing a
group differs grammatically from addressing an individual, unlike in English [24]. As
illustrated in Figure 1, the greeting “Hi, I am your digital assistant. How can I help you?”
is identical for both group and individual interactions. In contrast, in German, there is a
clear differentiation like “Hallo, ich bin dein digitaler Assistent, wie kann ich dir helfen?”
versus “Hallo, ich bin euer digitaler Assistent, wie kann ich euch helfen?”. In these contexts,
group members are linguistically excluded through conversation design if this addresses
the persons exclusively in the singular and does not make any adaptations with regard to
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the interaction context. An illustration of inclusivity in the manner of addressing groups
in English is a salutation such as the greeting “Hey guys [. . .]”, which can be avoided with
greater ease than incorporating it into all the responses in the system. These preliminary
research and development activities indicate the potential for a paradigm shift, given the
limited attention previously devoted to the intricate dynamics of multi-party interactions.
Although earlier studies indicate that HRI arises jointly between several users and a
robot [8,25,26], the HRI research landscape was dominated mainly by the image of dyadic
relationships, that is, the assumption of one-to-one interaction scenarios [10,12,27].

Figure 1. Intended design for dyadic versus group interactions, illustrating linguistic nuances in
conversation design using the German language as a case study. Own illustration with AI-generated
background.

1.2. The Importance of Groups in HRI

It is crucial to recognize that group interactions and dynamics are complex aspects
of social interactions that should not be underestimated. The behavior of individuals in
the presence of robots differs when they are in a group setting. These scenarios have
a significant impact on the quality and dynamics of the interaction [28,29]. Although
interactions with individual users are generally robust, group dynamics can significantly
affect the robot’s ability to detect and engage with groups, as their members tend to talk
to each other or obscure each other [24]. These findings highlight the ongoing need for
research and development (R&D) on group interactions in HRI, particularly in fields such
as healthcare, hybrid team production, and public spaces, where collaborative HRI takes
place. Ultimately, well-functioning and resilient MPIs can offer benefits in improving HRI,
as group members are more inclined to engage with robots [28] and experience a greater
sense of ease [30].

1.3. Computer Vision in Group–Robot Interactions

One area where group dynamics are present in HRI is within navigation robots. These
robots play a crucial role in guiding people through museum exhibits and identifying
group relationships to prevent collisions [28,31]. Advanced systems have been developed
to identify group dynamics in real time in various environments using computer vision
techniques to analyze images or videos [32,33]. This capability has been further facilitated
by progress in the field of real-time object detection, which includes both convolutional
neural networks (CNNs) [34] and transformer architectures [35] that are capable of rapidly
identifying and/or tracking objects in different scenarios and use cases. For example, You
Only Look Once (YOLO) models [36] have also been used in the field of navigation robots
to test, through a simulation process, to what extent a mobile robot can automatically
recognize and navigate around people in unknown environments [37]. However, while
YOLO models achieve a good balance between speed and accuracy, these applications
still tend to emphasize the avoidance of interactions rather than improving the interaction
capabilities of social robots.
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In this work, we investigate the development and technical integration of a conver-
sation design that is sensitive to group dynamics and adaptable, taking into account the
nuances of linguistic differences between dyadic and group interactions using the German
language as a case study. We elaborate on how robust person and group identification
is achieved through the utilization of YOLO, as well as the enhancement of knowledge
repositories through LLMs to develop adaptive MPIs guided by person identification. In
the following, we will present the development of the linguistically nuanced conversa-
tion design along with results of the technical strategies presented through an exemplary
dynamic dialogue, before discussing hurdles and future directions.

2. Materials
2.1. The Use Case

Our goal is to enable empathetic interactions between users and socially interactive
agents, including social robots in public spaces. This work focuses on integrating a social
robot designed to function as a multilingual interactive assistant to provide real-time sup-
port and information, helping users navigate administrative processes, offering directions
within public buildings, and responding to a variety of inquiries. In this research, we
designed and evaluated our system within a German city administration, aiming to aid
citizens with diverse requirements in both individual and group interactions with the social
robot, Furhat (Furhat Robotics, Stockholm, Sweden). By utilizing computer vision (CV),
advanced NLU, and large language models (LLMs), our social robot can engage in context-
aware dialogues, adjusting in real time to dyadic and group settings. At the beginning of
the R&D efforts for this project, a workshop was conducted involving city administration
staff from multiple departments.The objective of this workshop was to identify visitors’
needs by leveraging the expertise of employees from various departments within city
administration, such as citizen services, the immigration office, the youth welfare office,
and the registry office. Additionally, the workshop included an overview of knowledge
generation and data creation for socially interactive agents to tailor the system to meet
the unique demands of the use case and for the co-creation of a knowledge database with
the experts in the areas on site. Subsequently, the employees themselves compiled the
knowledge in a knowledge database, focusing particularly on the insights of employees
who regularly interact with citizens (i.e., users), mirroring the emphasis of the workshop.
The information on navigation (e.g. the location of restrooms) and specific knowledge
on departments was collected from the employees, containing a few training examples
and a single response each. After the knowledge was scrutinized for formal inaccuracies,
it was linked to an existing foundation knowledge database, which contained small talk,
information on robotics, AI, jokes, and additional connections, such as a weather applica-
tion programming interface (API). Following the merging of the datasets, the knowledge
database consisted of 222 potential user intents. In the autumn of 2023, we conducted
usability and system tests within the town hall, engaging actual users—citizens with gen-
uine issues. For the tests, the robot was placed in the entrance area of the city hall. The
following dialogue provides an example of an interaction between the robot, MIRA, and a
user in the context of a city administration. Each block represents a dialogue turn, with
the speaker and system specifications noted at the top. German statements are provided
in black, while their English translations are in gray below. This exemplary dialogue will
be further elaborated upon in the paper as part of the discussion on designing nuanced
conversational designs for multi-party interactions (Figure 2).
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Figure 2. This is a conversation between a user (red) and a social robot (orange) in a city administration
setting. Each speech bubble is bilingual (German/English). Icons next to the robot indicate a knowledge
database response and single user mode. The dialogue continues in Section 3.1.

2.2. The Social Robot

As detailed in Section 2.1, the social robot is required to fulfill several criteria for
successful deployment in public areas. It should operate in various languages and recognize
people within its interaction range, allowing it to distinguish between single and group
interactions. Furthermore, the robot must provide scripted responses to specified intents
and also produce impromptu reactions.

We incorporated the social robot Furhat as the front end, interfacing with three largely
autonomous, self-developed subsystems functioning as the back end (for a detailed view
of the architecture, refer to Figure 3):

1. Robot front end: This subsystem serves as the user interface, managing most necessary
interaction functions, including automatic speech recognition (ASR), person detection,
and text-to-speech (TTS) output. It also manages some dialogue management tasks,
such as initiating and concluding conversations, and managing speaker turns. The
front end is connected to a tablet with flag buttons that allow users to select the
system language. In this work, we used a Furhat robot, which provides essential
components such as ASR, person detection, and TTS. However, the Furhat robot’s
built-in person detection had limitations, particularly when individuals were not
facing the robot directly or were looking in different directions, which often disrupted
dialogue. To address this issue and improve the robot’s ability to detect multiple users
simultaneously, we integrated a YOLO model for more robust multi-party detection.

2. Intent-based back end: This core subsystem includes a NLU model and a related
knowledge database. The database stores predefined subject areas (intents) set by
example user queries, along with fixed, preformulated responses. These intents
address specific user inquiries, such as identifying the right contact for an issue,
providing directions to the nearest restrooms, engaging in small talk, and integrating
APIs like a weather forecast.

3. LLM back end: In the event that queries are not aligned with the predefined pa-
rameters, this subsystem is engaged. The intent-based back end forwards the user’s
statement, dialogue history, user count, and language to the LLM server, which then
generates an appropriate prompt to produce a free response to the current user query.
For this, LLaMA 2 (Meta, USA) [38] in its 13 billion-parameter quantized version,
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designed to run on consumer-grade graphics cards [22], was integrated and used as
a fallback. The selection of LLaMA 2 was made according to the Open LLM Leader-
board [39], where the LLaMA 2 model was ranked the top in summer 2023, just prior
to the execution of the field system assessments.

Figure 3. Architectural sketch of our social robot, with the corresponding subsystems. Own illustration.

The speech-to-text (STT) module of the front end transcribes spoken language into
written text. This textual representation is then relayed to the intent-based back end.
The intent-based back end coordinates the conversation and includes modules for NLU,
dialogue management, and natural language generation (NLG). For NLG, the system
has access to the knowledge database. The overall latency of the social robot is crucial
for conducting real-time dialogues with users. The intent-based back end is equipped
with a Google Dialogflow NLU model that deciphers the user’s intent by evaluating the
input against a response database. In parallel, the LLM back end (LLaMA 2) serves as a
secondary back end, stepping in to provide alternative responses when the intent-based
AI’s confidence level does not meet a predefined threshold, ensuring that the social robot
remains effective even when faced with out-of-knowledge queries. To determine whether
the response from the intent-based back end or the LLM back end is chosen, the confidence
level of the NLU model is decisive. Knowledge database responses are prioritized as they
are site-specific, co-creatively developed with employees, and have been human-reviewed
for relevance and accuracy. The selected response is then converted back to speech (TTS)
and transmitted to the user by the robot, aiming for a natural and intelligible voice output.
The way responses are generated in the social robot’s architecture varies greatly between
the intent-based and the LLM back end. While the intent-based back end adopts a data-
driven approach, using predefined responses that match the identified user intents, the
LLM operates on a prompt-driven methodology. This approach necessitates the integration
of all essential system information, such as the robot’s name or behavioral norms, directly
into the LLM’s prompts. In contrast, in the intent-based back end, this system information
must be embedded within the predefined responses that correlate with the recognized
intents. To ensure that the social robot delivers coherent responses across both platforms, it
is imperative that these two back end systems are meticulously aligned and synchronized.

This modular design allows each component to be optimized independently, as de-
scribed in the following chapters, while ensuring that they function cohesively to meet the
diverse and dynamic needs of users in public spaces.

3. Development and Results of the Multi-Party Dialogue Management
3.1. Integration of Multi-Party Person Detection

Although interactions with individual users are generally robust, group dynamics can
significantly affect the robot’s ability to detect and engage with humans [24]. The Furhat
robot features person detection that is based on facial recognition. However, in scenarios
where users face or obstruct each other without making eye contact with the robot, there
can be challenges, as this often results in disruptions during multi-party interactions, where
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individuals may obscure each other or engage in side conversations, leading to errors in
person detection.

Therefore, we used the YOLOv5m model [40]. In contrast to facial recognition systems,
the YOLOv5m excels in detecting individuals, whether fully or partially visible, from
various camera angles (i.e., egocentric and exocentric from the robot [31]). Using CNN
architecture, the YOLO models are capable of making bounding-box and class probability
predictions in a single network pass. This design feature renders YOLO models particularly
well suited to edge computing applications, where the minimization of latency and the
processing of data locally are of paramount importance. Among the various YOLO models,
the YOLOv5m model emerged as the most suitable option due to its ability to deliver
optimal performance at a processing speed of 60 frames per second (FPS) [40]. This
decision was also influenced by hardware constraints, specifically the limitation to edge
hardware with only 4GB of GPU VRAM. The YOLOv5m model could effectively operate
within these parameters while prioritizing human detection.

Expanding upon the YOLOv5m architecture, we developed a real-time person de-
tection system tailored to accurately discern the number of people within the robot’s
interaction space and determine their participation in the conversation. To further enhance
the effectiveness of the social robot, the person detection simultaneously evaluates three
camera angles to accurately determine the presence of individuals. In initial testing, person
detection errors were primarily due to people in the background, who were not involved
in the conversation, being mistakenly counted as users. In compliance with the General
Data Protection Regulation (GDPR), we carefully selected a location within the city admin-
istration to effectively minimize any background presence. We rigorously adhered to the
principle of data minimization, aligning both with legal requirements and ethical guide-
lines. Although it was not always possible to completely remove background elements,
we made every effort to centralize them to the lowest extent possible, incorporating this
approach into our framework. Therefore, adjustments were required depending on the
deployment environment, mainly involving fine-tuning the interaction radius and adapting
the person detection to ambient lighting conditions. To address lighting issues, we adjusted
the brightness, gain, and exposure settings of each camera to ensure consistent image
quality, minimizing over- and underexposure across different lighting conditions. This
iterative calibration process improved the detection accuracy. These modifications ensured
optimal performance, maintained high accuracy in person detection in different settings,
and contributed to the overall effectiveness of multi-party interactions. This capability
strengthens the robustness of the social robot, especially in scenarios involving groups
where individuals may be partly obstructed by others. Our system analyzes the area of the
bounding boxes of detected individuals to assess whether they are actively involved in the
interaction. Adjustable threshold parameters define the minimum area size required for
a person to be considered part of the conversation. Figure 4 illustrates the multi-camera
person detection system. In the left camera view, three individuals are detected; two are
marked in blue, indicating that their bounding-box areas exceed the threshold and are
thus considered users of the system. The third individual is marked in red, signifying a
smaller area and classification as a non-user. The middle camera accurately detects both
participants, and the right camera view further validates the detections, with one partic-
ipant marked in red due to a smaller bounding box area, indicating background status.
This feature plays a crucial role in adapting interactions to fit the social context, allowing a
distinction between one-on-one and group interactions, thereby influencing the design of
the conversation. The robot’s person detection relies primarily on its egocentric camera for
this task, which is further supported and confirmed by exocentric cameras, enabling it to
adapt its conversational framework in response to the dynamics of the group.



Appl. Sci. 2024, 14, 10316 8 of 16

Figure 4. Detection of individuals at the city hall through multiple cameras evaluates engagement
by examining the area of bounding boxes. Blue boxes represent engaged individuals, while red
boxes signify either non-users or background objects. Exocentric camera outputs are shown in the
left and right images, and the center video is from Furhat’s egocentric camera. Participant faces are
anonymized to safeguard their privacy.

The system continuously transmits the number of detected users to our front end.
This information is relayed to both the NLU and the LLM whenever a complete user
utterance is detected. This concurrent data acquisition is crucial as it allows the back
ends to adapt responses to the evolving dynamics of the interaction. For example, the
social robot can seamlessly alternate between responses tailored for individuals and those
designed for groups if another person enters the interaction space during a session. This
fluidity in response is essential, as it mirrors the natural ability of humans to adapt their
communication based on social context, ensuring that the robot can similarly maintain a
natural flow of conversation and provide a personalized and engaging user experience.

In the sample conversation provided below, the robot switches to MPI mode after
recognizing multiple users. The dialogue example highlights that the concept of group-
sensitive conversation design is applied not only in German but also in English. In contrast
to the frequent use of personal pronouns (such as ‘ihr’/‘euch’) in the German dialogue,
the English conversation design refers to the group with, e.g., ‘guys’. While in German,
the group is addressed directly using personal pronouns, in English, there is a noticeable
distancing effect when terms like ‘children’ are used. Only the formulation ‘guys’ again
refers to the address of the group (Figure 5).

Figure 5. This is the continuation of the dialogue from Section 2.1, where a second user joins the
interaction space, prompting the social robot to switch to MPI mode. The second users intents are
shown in purple. Icons beside the robot indicate MPI mode and a knowledge database response. The
conversation will be continued in Section 3.3.
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When our system was evaluated within the city administration using actual users,
who naturally exhibited demographic and physical diversity, it was found that the (group)
person detection system functions reliably across multiple scenarios. To optimize perfor-
mance, we adjusted the interaction radius and fine-tuned the person detection thresholds
based on the bounding box areas. These parameters are adaptable for each deployment
environment. Using the egocentric camera (i.e., the middle one) and using the side cameras
for confirmation, we improved detection accuracy. The system reliably distinguished users
from non-users by analyzing the size of the detected bounding boxes and validating detec-
tions across multiple camera views. This multi-perspective analysis significantly reduced
errors caused by background individuals being mistakenly counted as users.

3.2. Development of the Knowledge Expander

Unlike a pre-trained LLM, the NLU model within the intent-based back end requires
an initial training phase to function effectively. This variability is crucial because it relies
on word embeddings to determine intents, which helps achieve high confidence in intent
recognition. We developed a LLM-based synthesis tool, the knowledge expander, to
accurately map the various needs of different users in public spaces. This ensures sufficient
variation in NLU training while reducing the required manual effort. Generally, at least
20 training examples per user intent and language are needed to train the NLU model
effectively. Ideally, this would mean that, with knowledge expander, only one human-
written example sentence per user intent would be required to generate at least 20 training
examples for it [41]. In a multilingual setting, a single English example sentence could also
be used to generate 20 training examples in different languages.

However, training our NLU model with generated examples based on one human-
created example per intent was not successful. This is attributed to the fact that, in training
a NLU model, not only is the number of training examples critical, but also the quality,
the variance between the examples, and the conceptual distance between different user
intents. In our case, the training examples generated with the knowledge expander were
not sufficiently diverse, leading to numerous errors during NLU training that could not be
manually corrected. By analyzing these errors, we observed that the examples generated by
the LLM based on a single human-written example sometimes differed by only one word,
such as “Can I use the toilet?” versus “Can I use the toilets?”. This issue was addressed
by providing three manually created examples per intent in knowledge expander, which
varied more significantly in phrasing. In this manner, the LLM was able to more accurately
comprehend the intent’s meaning, consequently producing a greater degree of diversity in
the training examples.

Taking into account the hardware conditions, the GPT-3.5 [18] API was used, given
the substantial quantitative need for the generated training data. The knowledge database
utilized in the context of the city administration included 222 different intents. After
expansion, we received 19,621 (M = 88.38) training examples per language in German,
English, French, Italian, Spanish, Polish, Russian, and Turkish. This expansion resulted in
a total of 156,864 training examples across all eight languages. Given the GPU memory
constraints, the locally running model LLaMA 2 could not be parallelized, which would
result in the generation of these examples lasting several days. Although the generation
speed of a single training example via the GPT-3.5 API does not significantly exceed that of
LLaMA 2, using GPT-3.5 allows for parallelization. Since user intents could be expanded
independently, we utilized an arbitrary number of threads to generate training examples.
As a consequence of the limitations of the API in terms of the number of requests that can
be made per unit of time, this generation method still required several hours to complete.

When creating the 156,864 training examples in eight languages, some conflicts still
required manual resolution during the NLU model training. The aforementioned conflicts
were attributable to the existence of intents that were inherently analogous, such as “Reisep-
ass_abholen” (pick up passport) versus “Reisepass_beantragen” (apply for passport). This
resulted in the generation of analogous training examples that could be applied to both



Appl. Sci. 2024, 14, 10316 10 of 16

intents, thus precipitating errors during NLU training. It was also observed that the train-
ing instances generated sometimes lacked sufficient variability or were even identical. To
mitigate this problem, we increased the number of generated training instances and em-
ployed post-processing to filter out examples that were too similar, using the Levenshtein
distance with a threshold of lev(a, b) ⩾ 0.9, thus enhancing the diversity and relevance of
the training dataset.

A manual check of the training examples showed that some phrases were unusual.
Although this generated sentences similar to those used by children or non-native speakers,
it led to errors when translated into other languages. For example, the English sentence
“Are you able to understand me?” was incorrectly translated into German as “Hörst du
meine Ansprache?” (“Do you hear my speech?”), which was then erroneously expanded
as “Kannst du meinen Vortrag hören?” (“Can you hear my lecture?”). To address this, we
found that better results were achieved by translating the manually created seed sentences
first and then expanding them in the target language, rather than expanding the original
sentences and translating the entire set. This approach ensured that the nuances of each
language were better captured during the expansion process. It is evident that, when using
the knowledge expander for translations and responses, manual corrections are necessary
to ensure quality. Addressing these challenges is crucial to ensure accurate and consistent
interaction with the social robot.

3.3. Development of Linguistically Nuanced Intent-Based Responses

To provide linguistically nuanced responses in dyadic and group interactions, the
knowledge expander was also used to generate variations of system responses (i.e., to
achieve variation in conversation design) and responses for groups, since the hand-crafted
foundation responses within the knowledge database were oriented toward individual
users. We synthesized plural responses by instructing the GPT-3.5 to address a group of
people based on singular responses (Figure 6):

Figure 6. The GPT 3.5 prompt to generate multiple English synonyms for plural sentences, addressing
a group.

For example, the German sentence “Du kannst mich MIRA nennen” (“You can call
me MIRA”) was expanded into different paraphrases such as “Mein Name ist MIRA”
(“My name is MIRA”) as well as different languages and into the plural for MPIs: “Ihr
könnt mich MIRA nennen.” (“You can call me MIRA”) (see example dialogue below). In
total, the expanded knowledge database responses consisted of 1764 responses for the 222
intents with M = 7.25 different responses per intent, language, and context of dialogue
(dyadic versus group). However, the challenge lies in crafting high-quality responses
that accurately reflect the desired system behavior and transmitted information. The
responses generated were carefully examined to ensure quality. However, we will address
the challenges encountered in the following dialogue (Figure 7).



Appl. Sci. 2024, 14, 10316 11 of 16

Figure 7. This is the continuation of the dialogue from Section 3.1. Icons beside the robot indicate
MPI mode and knowledge database responses. The conversation will be continued in Section 3.4.

As evidenced by the exemplary dialogue, certain translations and extensions were
erroneous, resulting in difficulties in generating responses aligned with the intended
intentions. For example, the response to the question about the gender of the robot was
sensibly translated from German into English but was not transferred to MPI mode in
German. Here, “In my passport, it says digital information system” in German MPI mode
became “In euren Pässen steht, digitales Informationssystem.” (“In your passports it says
digital information system.”). We discovered the same issue with the German no-input
phrase (see Section 2): “Ich werde zuhören, wenn ich grün leuchte” (“When my light is
green, that means I’m listening.“) was incorrectly transferred to MPI mode as “Wenn ihr
grün leuchtet, höre ich zu” (“If you light up green, I’m listening”).

3.4. Development of Linguistically Nuanced LLM Responses

The prompts used for the integration of LLaMA 2 were customized to the handcrafted
knowledge database to ensure that the responses from the LLM matched those from the
intention-based back end. The prompt describes an interaction between a (group of) user(s)
and a social robot called MIRA. MIRA is designed as a helpful assistant and responds
briefly and precisely, in a maximum of two sentences. Based on the person detection results,
we used variant prompts for dyadic and group interactions. This prompt would guide the
LLM to generate responses that are helpful, precise, and still prevent the effect of ‘too long
did not listen’.

Based on an average response length of two sentences, which corresponds to about
24 to 40 words, the reference implementation of LLaMA 2 13B with ∼8 words per second
takes 3–5 s to generate a response. To shorten the response time, the model was quan-
tized using the exl2 algorithm [22], improving performance to ∼50 tokens per second.
EXL2 allows for mixed-precision quantization, meaning that different quantization levels
(2 to 8 bits per weight) can be applied to various parts of the model, optimizing for both
memory efficiency and performance. For our system, we used the 13B version of LLaMA 2
with 6 bits per weight, which reduced memory usage while maintaining response quality.
EXL2 automatically selects the optimal quantization settings by minimizing the quantiza-
tion error, ensuring that the model performs well even with reduced bit precision. This
approach allowed us to reduce the original size of the 13B model from approximately 26 GB
to 10.5 GB, allowing us to run the model on a single GPU while still achieving stable outputs
within the constraints of our hardware. Furthermore, the generation process was modified
with a beam search, further increasing the performance to ∼100 tokens per second. After
testing the system in a real-world environment, the average response time for the LLM-
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based system was found to be 1.04 s (SD = 0.41), with a minimum response time of 0.34 s
and a maximum of 1.89 s. For the whole system, including the LLM, the mean response
time was 1.57 s (SD = 1.02), with a minimum response time of 0.46 s and a maximum of 4.98
s. In order to facilitate a cohesive dialogue, the LLM was provided with the preceding con-
versation. As the responses were generated in real time, it was not possible to assess their
quality in advance, in contrast to the approach used with the knowledge database. How-
ever, the generation of responses was guided in the desired direction by our LLM prompt
to avoid the production of excessively lengthy responses. Additionally, the beam search
was supplemented with a series of stopwords, which constrained the model and prevented
the hallucination of user input. As can be seen in the following dialogue (Figure 8), it was
also necessary to use the LLM prompt to limit hallucinations when errors occurred in the
NLU model.

Figure 8. This is the continuation of the dialogue from Section 3.4. Icons beside the robot indicate
MPI mode vs. single user mode as well as LLM vs. knowledge database responses.

As detailed in Section 3.2, some of the intents were very close to each other (such as
collecting/applying for an ID card). Combined with unusual phrasing or faulty speech
recognition, this could result in questions that the intent-based system was supposed to
answer being passed on to the LLM, leading to unhelpful responses. Although maintaining
a brief LLM prompt was essential to ensure quick response times, we determined that, in
this specific scenario, it was necessary to make the prompt more restrictive to prevent such
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errors. Consequently, we added an additional sentence to the prompt to direct users to staff
members, which led to the following final prompt (Figure 9).

Figure 9. Final LLM prompt.

4. Conclusions, Limitations, and Future Directions

This work outlines the development of an adaptive conversation design system aimed
at improving the capabilities of social robots in managing multi-party interactions (i.e.,
group–robot interactions) and addressing their linguistic nuances, particularly the distinc-
tion between singular and plural forms of address, which is necessary in many languages,
such as German.

A significant capability of our system is its ability to discern between individual and
group interactions through the utilization of a robust person detection system, based on
the YOLOv5m model. This feature enables the social robot to adapt its conversational
strategy in accordance with the number of users, which is a crucial capability in public
spaces where robots frequently interact with multiple individuals simultaneously. The
social robot’s approach to handle the social dynamics of group settings represents a step
forward compared to systems that focus on one-to-one interactions.

The knowledge expander tool, developed as part of this work, leverages LLMs, like
GPT-3.5, to automate the generation of diverse training examples for NLU models. This
approach significantly reduces the manual effort involved in the creation of the dataset
while ensuring that the social robot can handle a wide range of user intents in different
languages and interaction contexts. By dynamically expanding responses, also in both
singular and plural forms, the knowledge expander plays a crucial role in enhancing
the social robot’s ability to handle interactions with both individuals and groups. This
expansion ensures that the social robot can generate contextually appropriate responses
tailored to the specific social dynamics of the interaction.

The modular architecture of the system, comprising a robot front end, an intent-based
back end, and a LLM back end, enables independent optimization of each component
while ensuring that they work effectively. The front end manages key interaction functions,
the intent-based back end handles predefined responses and NLU tasks, and the LLM
back end generates real-time responses for out-of-knowledge queries. The interaction
among these components is critical to the social robot’s overall performance. For example,
person detection provides real-time data to both the NLU and LLM back ends, allowing
the social robot to adjust its response strategy based on the detected number of users.
The intent-based back end addresses predefined knowledge with high accuracy, while
the LLM back end supplements this by providing contextually appropriate responses for
out-of-knowledge queries, thereby maintaining responsiveness in dynamic interaction
scenarios. It is particularly important to ensure that prompts fed to the LLM back end
are carefully aligned with the knowledge of the intent-based back end. Since the LLM
serves as a fallback, it should avoid answering queries already covered by the intent-based
system to minimize the risk of generating hallucinated responses. However, when testing
the system in the wild, we still discovered the limitation of LLM hallucinations: if the
answers were not within the scope of the knowledge database and could not be clearly
assigned by the LLM, the LLM would sometimes give supposedly inexplicable answers.
This was mostly due to incomplete STT phrases, when the system did not capture the
whole user intent, likely to happen when there was a lot of ambient noise in the city hall.
Although we tried to counteract this factor with fallbacks, where the system admits not to
know the answer, in some cases there were still hallucinations generated by the LLM, a
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topic that needs to be explored more deeply at a broad interdisciplinary level of science. A
constraint of our research so far is our focus on English and specifically German as a case
study. This choice is important due to our project’s involvement with robotics and socially
interactive agents in public service environments in Germany and to advance research in
conversational design beyond English. German is particularly suitable because it has more
complex grammar and syntax than languages like English. Nevertheless, the diverse nature
of languages and the current limitations in the ability of generative artificial intelligence
(AI) to handle many other languages, particularly low-resource ones, restrict the broader
applicability of our findings.

Several areas offer the potential for further development. Enhancing the social robot’s
ability to distinguish between different speakers (speaker diarization) in group settings
could improve its management of multi-party interactions. The integration of advanced
voice recognition and turn-taking algorithms may facilitate the generation of more accurate
and contextually appropriate responses. It is of the utmost importance to guarantee that
these improvements are implemented in a manner that adheres to the strictest standards of
user privacy, particularly when handling sensitive voice data in public settings.

Furthermore, the integration of LLM-based turn-taking mechanisms has the potential
to markedly enhance the social robot’s responsiveness by more accurately determining
when a user has concluded their utterance. By leveraging the capabilities of large language
models, the social robot can better predict the natural end of a user’s utterance, allowing
for quicker and more fluid transitions in conversation. This not only enhances the robot’s
ability to engage in real-time interactions but also reduces the likelihood of interrupting
the user or causing awkward pauses.

Further research could also explore more sophisticated prompting techniques for LLMs
to improve the quality and coherence of responses, particularly in multi-turn dialogues
where context may change rapidly. These improvements could help maintain the continuity
of conversations, especially in complex scenarios.
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