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Abstract

Long-term Human-Robot Interaction generates large amounts of conversational data, whose manual annotation
remains a major bottleneck for longitudinal analysis. This paper presents a research vision that explores the use
of Large Language Models as automated annotators of social attitude signals in human-robot dialogue.

The proposed framework combines a taxonomy of communicative signals with a prompt-based annotation
pipeline capable of assigning both categorical labels and a continuous social attitude score at the utterance level.
The approach is grounded in a realistic deployment scenario involving older adults interacting with a social
companion robot in domestic environments.

The paper further outlines a validation strategy based on expert annotation and discusses how scalable
annotation could enable the analysis of temporal dynamics in human-robot relationships. Finally, key challenges
and open questions are identified, including prompt design, contextual dependency, and annotation subjectivity.
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1. Introduction

Personal social robots are increasingly being introduced into domestic environments to support older
adults in everyday life, particularly in frailty, where continuous assistance and engagement are needed
[1]. Beyond functional support, these systems are expected to establish meaningful and sustained
interactions with users, making the understanding of relational and social dynamics a central challenge
in human-robot interaction (HRI).

Personal social robots are increasingly being introduced into domestic environments to support older
adults in everyday life, particularly in frailty contexts, where continuous assistance and engagement
are needed [1]. Beyond functional support, these systems are expected to serve as companions that
promote psychosocial well-being, reduce loneliness, and encourage cognitive and emotional stimulation
through regular interaction [2, 3, 4, 5], making the understanding of relational and social dynamics a
central challenge in HRI.

In such scenarios, the ability to analyze interaction dynamics over time is crucial for understanding
the effectiveness of robotic companions. The way users relate to a robot, through their openness,
the information they share, and their emotional and evaluative responses, can be described in terms
of their social attitude toward the robot. These attitudes are not static; rather, they evolve across
repeated interactions, reflecting increasing familiarity, the emergence of conversational routines, and,
in some cases, the formation of a perceived social bond [6]. Understanding these changes over time is
therefore essential for both theoretical research and the design of long-term interactive systems. In
this work, we adopt the term social attitude to denote the observable manifestation of this relational
stance, conceptualized along a continuum from openness (warmth, engagement) to closure (distance,
disengagement).
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To support the analysis of these relational dynamics in long-term Human-Robot Interaction (HRI), it is
necessary to adopt methodologies capable of handling large-scale conversational data while preserving
fine-grained interpretability.

In longitudinal deployments, interactions between users and robots may occur daily for weeks or
months, producing extensive dialogue corpora. Within these datasets, relevant phenomena, such as
expressions of affect, personal disclosure, or evaluations of the robot, are conveyed through subtle
linguistic and pragmatic cues that require detailed examination at the level of individual conversational
turns [7]. However, manual annotation at this scale is time-consuming, costly, and difficult to reproduce,
especially when multiple annotators are needed to ensure reliability [8]. As a result, existing studies are
often constrained to smaller samples or simplified analyses, limiting the ability to capture the temporal
richness of long-term interactions.

Recent progress in Large Language Models (LLMs) offers a potential way to address this limitation.
These models have demonstrated strong performance in natural language understanding and classi-
fication tasks, achieving levels of annotation reliability comparable to, or exceeding, those of human
annotators in several domains [9]. In addition, their ability to follow complex instructions expressed in
natural language makes them suitable for tasks that require nuanced interpretation, such as identifying
socially meaningful signals in dialogue.

This paper outlines a research vision that explores the potential use of LLMs as automated annotators
of social attitude signals in longitudinal human-robot dialogue. Rather than presenting a fully developed
system, the contribution aims to conceptualize a possible approach and motivate its relevance within
long-term HRI research. The discussion is grounded in a realistic deployment scenario, in which a social
companion robot is used by older adults in their homes over an extended period, producing naturalistic
interaction data.

The envisioned framework is structured around three main components: (i) the design of an LLM-
based annotation pipeline informed by an established taxonomy of social communicative signals; (ii)
a validation strategy based on comparison with expert annotations produced by psychologists; and
(iii) the longitudinal analysis of how social attitudes may evolve across repeated interactions. These
elements are presented at a conceptual level, to outline feasible research directions rather than provide
a complete implementation.

2. Related Works

Socially Assistive Robotics (SAR) has been widely explored to support older adults in everyday life by
combining functional assistance with social interaction. In domestic and care settings, social robots
have been shown to promote engagement, support daily routines, and improve well-being [10, 11, 3, 2].
However, their long-term effectiveness depends on the ability to establish meaningful and adaptive
relationships with users, which remains an open challenge.

Long-term deployments provide valuable insights into how users develop relationships with robots,
including trust, engagement, and self-disclosure. Recent work has highlighted how repeated inter-
actions can foster the emergence of meaningful human-robot relationships (HRRs), characterized by
evolving social behaviors and increasing familiarity over time [12]. Similarly, broader reviews on robot
companionship have outlined the role of sustained interaction in shaping users’ emotional and social
responses to robotic systems [13]. Despite these advances, empirical studies remain limited by the
difficulty of analyzing large-scale longitudinal interaction data.

In parallel, a growing body of work has explored the use of social robots in elderly care and domestic
environments. In these contexts, robots are designed to support not only daily activities but also
psychosocial well-being, by promoting engagement and reducing loneliness [14, 15, 16]. Studies
conducted in home settings have shown that older adults can develop meaningful forms of interaction
with social robots, often involving conversational exchanges and expressions of personal experiences
[1, 17]. However, the analysis of such interactions is often based on relatively small datasets or qualitative
methods, which limits the ability to capture fine-grained temporal dynamics.



Recent advances in Natural Language Processing have explored the use of LLMs as automated
annotators for text analysis tasks, showing promising results in terms of scalability and cost-efficiency.
In particular, LLMs have been found to achieve performance comparable to, and in some cases exceeding,
that of human annotators in classification and labeling tasks [9, 18, 19]. At the same time, their reliability
in subjective and context-dependent annotation remains debated, as performance can vary depending
on prompt design and task complexity [20, 21].

Despite these developments, limited work has investigated the use of LLMs for the annotation of
socially meaningful signals in HRI, particularly in longitudinal and real-world settings. Existing HRI
studies still rely largely on manual annotation or small-scale analyses, which limits the possibility
of systematically investigating how social attitude evolves over time. This paper addresses this gap
by proposing a research vision that combines LLM-based annotation with longitudinal analysis of
user—robot dialogue in ecologically valid environments.

3. Interaction Setting and Motivating Context

The research vision presented in this paper is situated within a concrete, yet still exploratory, application
scenario that serves to illustrate the potential context of use and the type of data that could support the
proposed approach.

This work has been carried out in the context of the SISTER project (Soclal robotS to support
biopsychosocial frailTy) [22]. This project focuses on the use of socially assistive robotics to support
frail elderly populations in Italy. In the proposed setting, participants are individuals over 65 years of age
who interact with the robot in a natural and unstructured way over an extended period (several weeks
or months). Besides reminders and daily questionnaires, no strict interaction schedules or predefined
tasks have been imposed to preserve ecological validity and encourage spontaneous use of the system
in everyday life. Such a design is expected to generate rich and naturalistic conversational data, where
social attitude signals may emerge in a more authentic and meaningful manner.

The robotic platform considered in this scenario is described in Pixie [23] and it has been integrated
on the UBTECH Alpha Mini humanoid robot.! The system is equipped with multimodal interaction
capabilities, including microphones, speakers, motorized joints, and LED-based facial expressions. Its
architecture is designed to support both task-oriented interactions and open-ended conversations,
allowing users to engage in dialogue during daily routines. In the envisioned setup, interactions would
be automatically recorded and stored as timestamped textual logs through a back-end infrastructure,
thus forming a longitudinal dialogue corpus suitable for subsequent analysis.

To better illustrate the type of interaction that could arise in such a context, a short dialogue example
is reported below. It is important to note that this excerpt does not correspond to real collected data, but
represents a plausible interaction that could potentially occur in a real-world deployment of this kind:

2026-02-19T08:33:43

User: Hey Pixie, good morning.

Robot: Good morning Maria! I’'m here, ready to help you and keep you
company. How are you feeling this morning?

2026-02-19T08:34:16

User: This morning I’m fine, I’'m feeling good. I’ve just had
breakfast and then I’1l get started on the housework.

Robot: I’m glad you’re feeling well! Was breakfast good? If you’d
like , we can chat a bit while you do the housework.

Even in an illustrative example of this kind, it is possible to identify several types of social attitude
signals that are expected to be relevant in the proposed analysis. These may include the expression of
emotional states (e.g., “I'm fine, I'm feeling good”), the spontaneous sharing of aspects of daily life (e.g.,

'https://www.ubtrobot.com/en/consumer/humanoid-robots/alpha-series/alpha-mini


https://www.ubtrobot.com/en/consumer/humanoid-robots/alpha-series/alpha-mini

Longitudinal

Dialogues i i
og Annotations Analysis
Logs
* Comparison
é A ig Q
TXT

Expert-Based LLM-Based

Figure 1: Overview of the proposed LLM-based annotation pipeline for longitudinal human-robot dialogue.

references to breakfast or housework), and the use of the robot’s name as a form of personal address.
Such signals are not presented here as empirically observed findings, but as representative instances of
the phenomena that could reasonably be expected in naturalistic human-robot dialogue.

4. Proposed Annotation Framework and Validation

An overview of the proposed framework is presented in Figure 1. The process begins with raw HRIs,
where conversational exchanges are collected and stored as textual logs. These data are then used as
input for an annotation stage, where both expert-based and LLM-based approaches are considered in
parallel. In the expert-based setting, human annotators label the data according to predefined social
communicative categories, while in the LLM-based setting, annotations are automatically generated
through prompt-based interaction. The outputs of the two processes are subsequently compared to
assess the reliability of automated annotation. Finally, the resulting annotations are used to support
longitudinal analysis, enabling the investigation of how social attitude signals evolve over time and
giving rise to interpretable interaction trajectories.

4.1. Annotation Scheme

The annotation approach considered in this work is conceptually grounded in the taxonomy of commu-
nicative signals introduced by De Carolis et al. [7], which has been used to describe and model social
attitude in human-agent interaction. In the context of the present research, this taxonomy is adopted
as a reference framework to illustrate how social attitude signals could be systematically identified and
categorized at the level of individual utterances.

At a fine-grained level, the scheme includes several pragmatic signal categories taken by De Rosis et
al. [24] as described in 1.

While the linguistic signals reported in Table 1 are grounded in prior work, they are not intended to
exhaustively represent all aspects of social attitude. In particular, additional conversational phenomena
such as personal address, feeling expressions, social motivators, and social sharing are also considered, as
they capture relevant aspects of how users express relational and social meaning during interaction
with a robot.

Rather than being treated in isolation, these low-level signals can be conceptually aggregated into
broader performative dimensions, including the degree of self-disclosure, the level of familiarity, the
presence of explicit evaluations of the robot, and the overall intensity of conversational engagement.
Together, these dimensions provide a structured way to describe the user’s relational stance throughout
the interaction.

In addition to categorical annotations, the framework includes the assignment of a continuous social
attitude score to each user utterance, ranging from —1 (indicating disengagement or negative attitude)
to +1 (indicating positive and socially engaged behavior), with intermediate values representing neutral
or task-oriented interaction. The choice of a continuous score, rather than a discrete categorical label,
is motivated by the need to capture gradations of relational stance that binary or ordinal classifications
would fail to represent. This design is consistent with established frameworks in affective computing



Table 1

Linguistic Signals of Social Attitude.

Signal

Example

Linguistic Features

Friendly self-Introduction

Good morning, nice to meet you.

My name is...
”» 33

Greetings and self-introduction expres-
sions

Colloquial style

“Better safe than sorry”, “Let me
think about it”, “Alright, let’s try.”

Paralanguage, spoken language terms,
dialectal forms, idiomatic expressions,
diminutive or expressive forms

Talks about self

| adore sweets, | like vegetables,
When | was young, | was very
sporty...

First-person pronouns and verbs ex-
pressing knowledge, attitudes, abilities,
preferences, or desires

Questions about the agent

Do you have preferences? What do
you think about sport?

Second-person pronouns and verbs ex-
pressing knowledge, attitudes, abilities,

preferences, or desires
Agreement/disagreement expressions,
evaluation of agent’s politeness, com-
petence, repetitiveness, and under-
standing ability

Expressions of farewell and thanking

You are very nice! / It’s very kind of
you /You are a rude robot...

Positive/Negative comments

Friendly farewell Thank you and see you soon

that model emotional and attitudinal states along continuous dimensions, such as the valence-arousal
space model introduced by Russell [25] and the PAD model proposed by Mehrabian and Russell [26].

This combination of discrete labels and a scalar score is intended to support both qualitative inter-
pretation of individual conversational turns and quantitative analyses over time. It should be noted,
however, that in the current work this scheme is not yet applied to real data, but is proposed as a
structured basis for future annotation efforts.

4.2. LLM-Based Annotation Pipeline

Building on this annotation scheme, an annotation pipeline based on LLMs is outlined at a conceptual
level. The general idea is to leverage prompt-based interaction with an LLM in order to approximate
the annotation process that would otherwise be carried out manually by human experts.

In this pipeline, the model will be provided with a structured prompt containing a description of the
notion of social attitude, detailed definitions of each signal category, and a set of illustrative examples
demonstrating the expected annotation format. For each target utterance, the LLM will then be asked to
identify the relevant communicative signals and assign a corresponding social attitude score, returning
the output in a structured and machine-readable form.

A central aspect of this design concerns the role of conversational context. Social signals are often
highly dependent on surrounding dialogue, and their interpretation may change significantly when
considered in isolation versus within a broader exchange. For this reason, the inclusion of a local
dialogue window around the target utterance is expected to play an important role in the quality of
the annotations. At the same time, longitudinal interaction scenarios introduce an additional layer
of complexity, as users may refer to shared experiences or previously established routines across
multiple sessions. The extent to which such long-range context can be effectively incorporated into the
annotation process, and whether LLMs can leverage it in a meaningful way, remains an open question
that this research aims to address in the future.

4.3. Validation Against Expert Annotation

A further component of the proposed framework concerns the validation of LLM-generated annotations
through comparison with human expert judgments. While no validation study is presented in this
paper, a possible experimental design is outlined to clarify how the approach’s effectiveness could be
assessed in future work.



In such a study, a subset of the dialogue data, collected over an approximately two-month deployment
period involving five participants, would be independently annotated by a team of clinical psychologists
with expertise in social communication and HRI, following the same annotation guidelines provided to
the LLM. The selected subset would be chosen to ensure representativeness across interaction phases
(early, middle, and late sessions) and across different participants.

Inter-rater agreement among the experts would be evaluated using established reliability measures,
such as Cohen’s k for categorical signal annotations and intraclass correlation coefficients (ICC) for the
continuous social attitude score. These metrics would serve both to assess the internal consistency of
the expert panel and to provide an upper bound for the expected performance of the automated system.

The comparison between LLM-based and expert annotations would serve multiple purposes. On the
one hand, it would provide an indication of whether automated annotation can reach a level of reliability
comparable to human agreement, which is a necessary condition for its use in large-scale longitudinal
analyses. On the other hand, discrepancies between model outputs and expert judgments could offer
valuable insights into the limitations of the approach, as well as into the intrinsic ambiguity of certain
communicative signals. To handle annotation uncertainty explicitly, low-confidence model outputs
could be flagged for human review, enabling a hybrid annotation workflow in which automation is
selectively complemented by expert judgment on ambiguous cases. In this sense, validation is not only
conceived as a benchmark for performance, but also as an opportunity to better understand the nature
of the annotation task itself.

5. Longitudinal Analysis: Potential Insights

The annotation pipeline outlined in the previous section is intended as a means to enable forms
of longitudinal analysis that would otherwise be difficult to conduct at scale. By automating the
identification of social attitude signals at the level of individual utterances, it becomes possible to
explore how these signals evolve over extended interaction periods.

A first line of investigation concerns the temporal dynamics of social attitude throughout the deploy-
ment. It is reasonable to expect that certain communicative behaviors may change as familiarity with the
robot increases. For instance, users may gradually engage in more self-disclosure, refer more frequently
to shared experiences, or adopt a more informal and personalized interaction style. Similarly, the overall
social attitude score may exhibit different trajectories over time, potentially reflecting varying levels of
engagement, trust, or relational closeness.

These temporal dynamics are not merely quantitative phenomena, but they reflect deeper relational
processes that have been theorized in the literature. The gradual increase in self-disclosure, for instance,
is consistent with social penetration theory [27], which describes how interpersonal closeness relation-
ships develops through progressive layers of personal sharing. Similarly, the emergence of trust and
perceived social presence in repeated interactions with robots has been documented in longitudinal
studies [12, 6], suggesting that users can develop meaningful relational bonds even with non-human
agents. By grounding the longitudinal analysis in these theoretical constructs, the proposed framework
aims not only to describe interaction patterns but also to interpret them in terms of the underlying
relational dynamics they may reflect.

Indeed, analyzing these trajectories at the level of individual participants would make it possible to
characterize different patterns of interaction. Some users may show a steady increase in engagement,
while others may maintain a stable but neutral attitude, or even display decreasing interest over time.
Such variability is particularly relevant, as it may reveal the presence of distinct relational styles in HRI.

These differences may in turn be associated with user-specific factors, such as personality traits,
prior familiarity with technology, individual communication preferences, or aspects of the social and
psychological context in which the interaction takes place. Although these factors are not directly mod-
eled in the present work, their potential influence highlights the importance of adopting a longitudinal
perspective when studying HRR.

In addition to gradual trends, longitudinal data may also reveal more abrupt changes in interaction



patterns. Specific moments in which a user’s behavior shifts noticeably, for example, a transition from
task-oriented dialogue to more socially expressive interaction, or a decrease in engagement following
repeated unsatisfactory exchanges, may provide particularly informative insights into the development
of the relationship. The possibility of identifying such transitions relies on the availability of fine-grained
annotations over large amounts of data, which the proposed pipeline is intended to support.

Beyond analysis, the annotated data could also serve as training material for learning a model of
social attitude, enabling the robot to adapt its behavior over time in order to foster a better long-term
relationship with the user.

To illustrate the type of analytical output that the proposed pipeline is expected to produce, consider
a hypothetical deployment involving a single participant over eight weeks of interaction. The social
attitude score assigned to each utterance could be aggregated at the session level (e.g., as a weekly
mean) and visualized as a temporal trajectory. Such a representation would allow the identification of
gradual trends, such as a progressive increase in score reflecting growing familiarity, as well as more
abrupt shifts potentially associated with specific interaction events. Although no empirical results
are presented at this stage, this type of visualization constitutes the primary expected output of the
longitudinal analysis and will be the focus of future experimental work.

6. Challenges and Open Questions

Despite its potential, the research direction outlined in this paper raises several challenges that remain
to be addressed.

First of all, the effectiveness of LLM-based annotation depends strongly on the formulation of the
prompt. Designing prompts that consistently produce accurate and well-calibrated annotations across
all signal categories requires careful refinements. In addition, there is a risk that prompts become overly
tailored to specific examples, which may limit their robustness when applied to new interaction data.

Then, the interpretation of social signals is often highly dependent on the conversational context.
While the inclusion of a local dialogue window may improve annotation quality, determining the
appropriate amount of context to provide remains an open issue. This challenge is further complicated
in longitudinal scenarios, where references to past interactions may span multiple sessions and exceed
the effective context capacity of the model.

Finally, the collection and analysis of conversational data in domestic environments raises important
ethical concerns. Even if anonymized, such data may include sensitive information related to users’ daily
lives, emotional states, and personal experiences. Besides anonymization, additional considerations
regarding informed consent, data storage, and responsible use of automated analysis tools are equally
important.

7. Conclusions

This paper presented a proposal for the use of LLMs as automated annotators of social attitude signals
in longitudinal HRI. The proposed framework combines an established taxonomy of communicative
behaviors with a prompt-based annotation pipeline, and is situated within a realistic deployment
scenario involving social companion robots in domestic environments.

Although no empirical results are provided at this stage of research, the proposed approach could
enable the large-scale analysis of conversational data that would otherwise be difficult to annotate
manually. In particular, it has been argued that fine-grained, utterance-level annotation may support
the investigation of temporal dynamics in HRRs, including gradual trends, individual differences, and
moments of change in user engagement.

At the same time, several challenges have been identified, highlighting the exploratory nature of the
proposed direction. Issues related to prompt design, contextual interpretation, annotation subjectivity,
and ethical considerations remain open and require systematic investigation.



Future work will focus on the implementation and empirical evaluation of the proposed pipeline,
including validation against expert annotations and application to real-world interaction data. More
broadly, this research aims to contribute to the development of scalable methodologies for studying the
evolution of social attitudes in long-term HRI and learning a model to be used by a social robot to adapt
its behavior accordingly.

Declaration on the use of Generative Al
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