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Fig. 1: We introduce an adaptive human-robot interaction framework building on hybrid (implicit and explicit) feedback
signals designed to adjust the robot’s behavioural style to match user preferences and personal characteristics without

unnecessarily causing them frustration.

Abstract— Our work investigates how social robots can act
in a user-aware manner by adapting their behaviour to users’
personal characteristics and preferences without unnecessarily
exposing them to frustration through the robot’s actions. In par-
ticular, we investigate how implicit social signals inadvertently
exhibited by users (e.g. facial expressions) during interactions
can be incorporated into user-aware decision-making models
while accounting for the systematic limitations of implicit feed-
back signals (e.g. inconsistency, noise, culture and individual-
dependence). Doing so, we develop a user-aware adaptive
decision-making and learning framework for human-robot
interactions, building on implicit signal processing, cue-based
intent inference, and multiarmed bandit learning techniques.
Evaluating our approach, we conduct a user study where
participants interact with a Pepper robot in a cafeteria style
interaction scenario, with the robot providing recommendations
and taking orders while adapting its behaviour to individual
users. The experimental results demonstrate our proposed
model’s success in adapting its behaviour (i.e. conversational
style) to users with different personal characteristics, while
receiving 80% positive user feedback, and user questionnaire
responses reporting higher perceived usefulness than baseline
approaches. Questionnaire responses also illustrate positive
user impressions of implicit signal based approaches while
highlighting the importance of accounting for their limitations
in learning models. In addition, we provide a dataset of over
5 hours of human and robot behaviour data extracted from
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multimodal recordings captured as part of our user study.
I. INTRODUCTION

As the deployment of robots progresses from restricted
factory-like environments to social settings such as house-
holds or public spaces, it becomes increasingly important to
design robotic systems in a user-centric manner. With recent
surveys [1], [2], [3] showcasing user acceptance and trust as
the key factors to robotic systems’ success in social settings,
robot behaviour in human-robot interactions has to align with
user preferences. Due to the difference between individuals’
personal characteristics, tolerance levels and preferences,
unlike in accuracy or efficiency centred unmanned robotic
scenarios, “one-size-fits-all” robot behaviour approaches are
insufficient for successful human-robot interactions.

In order for users to accept social robots’ assistance and
find them helpful [4], rather than sources of distraction
or frustration, robots need to pursue user-aware behaviour:
they need to learn to adapt to human factors including user
preferences, values and affective state in addition to targeting
objective performance metrics (e.g. model accuracy) [5].

In our work, we propose a user-aware decision making
and learning framework for social robots, with a particular
focus on investigating the utility of implicit social signals
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[6] during human-robot interactions in everyday contexts.
We address the questions: how can we incorporate implicit
social signals such as facial expressions into social robot
decision making in a user-aware manner with the robot
inferring users’ emotional and social state, learning to adapt
its behaviour to individuals’ characteristics, thus limiting
their frustration; and how can the robot account for the poten-
tial limitations of implicit signals. Additionally, we address
limiting the excessive frustration [7] caused by frequent robot
errors (or non-preferred behaviours) encountered during the
time-consuming and user-demanding training phase in typi-
cal HRI online learning models, through the use of domain-
specific model pre-training and live few-shot user-adaptation.

During interactions, humans involuntarily exhibit implicit
social signals [6] (e.g. facial expressions or gestures) in-
dicative of their reaction to current events, social context or
general affective state, making them a promising information
source for user-aware robot behaviour adaptation. However,
social signals are not always present and may differ at a
cultural [8] or even individual level — limitations, which
implicit signal based frameworks have to consider. Past
research has explored social signals for error detection in
HRI [9], adaptive learning applications [10], or teaching
through implicit signals [11], [12], however, its incorporation
to user-aware robotic decision making models is mostly
unexplored. Particularly in “natural” scenarios where users
do not encounter situations eliciting excessive social signals
(e.g. critical robot error prompting surprised or frustrated
expression). Additionally, participants interacting with the
robot are not instructed to exaggerate emotions or use their
expressions to teach the system unlike various previous
works investigating implicit signals.

For the purpose of evaluating our user-aware learning
framework, we assume a retail style cafeteria assistance
interaction scenario (see Figure 1) with the robot providing
suitable meal recommendations and taking orders while
interacting with the user taking the customer role. The
structured, yet open-ended design of this interaction scenario
allows for robot behaviour to adapt to individual user charac-
teristics through adjusting recommendations and interaction
style. Further on, it enables continuous interactions and
the exchange of multimodal (implicit and explicit) signals
between the human-robot pair during the interaction.

Throughout the interaction, our framework learns how
to adaptively adjust the robot’s behaviour style to indi-
viduals’ preferences building on a combination of implicit
and explicit feedback signals used to infer users’ affective
state, frustration, intent and response to the robot’s actions,
while modelling the limitations of implicit signals using
sequential learning multi-armed bandit methods [13], [14].
The proposed system is evaluated using quantitative and
qualitative metrics against various baseline models as part
of a user study conducted with 20 users that interacted with
the Pepper robot [15] in our cafeteria-style scenario.

As an additional contribution, the HRI dataset composed
of over 5 hours of anonymised human and robot behaviour
data extracted from multimodal interaction footage recorded
as part of the user study is publicly available.

II. BACKGROUND

With humans typically following different behaviours de-
pending on the social situation or interaction, they also
exhibit a range of non-verbal signals (e.g. facial expressions
[9], gestures[16], body posture[17], etc.) that differ between
interaction contexts. As these involuntary signals require
no cognitive effort from the individual, but are indicative
of their social and affective state, they provide a suitable
input for learning models addressing user characteristics,
preferences, emotions or intentions in a proactive manner
and thus are increasingly used in Social Signal Processing
[6], Human-Computer Interaction (HCI) [18] and Human-
Robot Interaction (HRI) contexts [19].

With approaches treating involuntary social signals as im-
plicit user feedback, they have been successfully utilised for
various inference purposes. User affective state information
has been successfully extracted from social signals [10], with
physiological signals (e.g. pulse or electrocardiogram (ECG))
providing the most reliable features [20]. However, due to its
practical limitations, multimodal data-streams (e.g. gesture,
gaze, pose) are often used instead in inference tasks for
increased robustness in practical deployments. Other works
utilised implicit features in smart tutoring applications [10]
for detecting the presence of user frustration or predicting
future frustration or in information retrieval systems [18].

Implicit social signals have shown promising results in the
HRI domain as well, such as facial expression-based error de-
tection during interactions [9], learning from implicit features
when to solicit explicit user feedback [21], or inferring user
impressions of current robot actions for robot task learning
by interpreting implicit signals as a reward function [12] or
evaluative feedback [11]. In addition to the previous works
utilising social signals for inference or feedback in long-
term teaching tasks, the work of [19] explores its use for
robot behaviour adaptation as well. Their approach utilises
speech input in conjunction with facial features for affective
state inference with the aim of inferring the robot’s intrinsic
mood and selecting suitable actions in a negotiation context,
but it does not consider the case of adaptive behaviour when
relying solely on implicit feedback.

Other attempts for generating adaptive, user-aware robot
behaviour in HRI settings build on Large Language Model
(LLMs) architectures [22] including approaches for task
personalisation using commonsense reasoning [23] or visual
context-based conversation adaptation [24]. Additionally, ap-
proaches adapting robot behaviour in a user-aware manner
utilising Psychological principle-based frustration inference
models have also been proposed [25].

As the impact of implicit feedback for adaptive HRI
has not been sufficiently addressed in previous works, we
investigate how robots can adapt their behaviour in HRI
scenarios to suit user characteristics and preferences by
utilising implicit feedback features while accounting for its
limitations, without exposing the user to excessive frustration
during the interactions.

III. PROBLEM FORMULATION

Multiple subproblems are addressed by the social robot
during the cafeteria HRI scenario, while keeping user expe-
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Fig. 2: Key components’ interaction in the adaptive user-aware HRI framework designed for the utilisation of hybrid (implicit
and explicit) input signals, deployed in the cafeteria-style HRI scenario. Implicit and explicit feedback signals used for user
intent inference and adapting robot conversational behaviour to the user when offering suitable meal recommendations.

rience (i.e. individuals’ frustration tolerance limit) in mind:
A) the recommendation subproblem: the robot has to learn
what users’ typical meal orders are, how these correlate with
the time of the day and common meal combinations and
provide suitable recommendations to customers.

B) the implicit inference subproblem: utilising social
signals to understand users’ implicit reactions (i.e. infer
affective state and user intent) to robot actions.

C) the user-aware behaviour adaptation subproblem: the
robot has to learn how to adapt its behaviour to best suit
the user’s individual characteristics, preferences and current
affective state utilising implicit and explicit feedback to
avoid unnecessarily frustrating them, while accounting for
the limitations of implicit signals.

We formulate the overarching task as a sequential
decision-making problem, with the aim of learning what
actions the robot should take to match the user’s individual
preferences and characteristics, while constrained by the
user’s frustration tolerance level.

Doing so, our framework’s (Figure 2) primary goal is
to learn a policy 7 responsible for governing the robot’s
high-level behaviour by selecting an action a,(t) for the
robot to perform at time slot ¢ that matches preferences
of user n. As the robot executes action a,(t), it may
receive positive user feedback in the form of a reward
r(a,(t)) if the action’s value v(a,(t)) is below a user-
specific threshold 6,, € (0,1) (representing actions that
match the user’s personal preferences). We assume thresholds
that are drawn independently from a distribution F', with both
F and 6,, thresholds unknown to the robot. We consider
reward functions to be identical for all users and a non-
decreasing function of the action’s value. If the action’s
value v(a,,(t)) exceeds the threshold 6,, (representing actions
that are unsuitable for user n, causing them frustration),
their frustration tolerance budget B,, with initial value B
is decreased by one unit. When users’ frustration tolerance
budget is exhausted, they abandon the interaction setting,
resulting in a failed assistance attempt.

Accounting for the limitations of implicit feedback signals
(e.g. not always exhibited, difficult to observe and interpret),
a soft feedback model is applied. Specifically, feedback

1(v(a,(t)) < 6,) is revealed to the robot (i.e. user feed-
back is exhibited, successfully observed and interpreted) for
actions valued below the threshold 6, (i.e. positive feedback
for preferred robot actions) with probability p; € (0, 1), and
with probability ps € (0,1) for actions above the threshold
(i.e. negative feedback for non-preferred robot actions), with
p1 and ps unknown to the robot. As such, the model
accounts for implicit signals as partial probabilistic feedback.
If explicit user feedback is provided, the robot observes that
immediately (with p; = 1 and py = 1).

IV. ADAPTIVE USER-AWARE HUMAN-ROBOT
INTERACTION FRAMEWORK

Action Space: With possible robot actions defined as
a = (m,c), actions are composed of two components:
meal recommendation m from the set of all available meal
items M; and behaviour style ¢ from all available styles
C, regulating action execution. For practical examples, we
assume conversational styles to represent behaviours in C,
however, the framework is compatible with any behaviour.

Multiple robot behaviour styles are designed to cover
a spectrum ranging from providing the user with lots of
detailed recommendations, over limited recommendations, to
offering to provide recommendations, and to offering a direct
manual order option without any recommendations. With a
gradually increasing amount of interaction and recommenda-
tions among styles, we assume each user to have a threshold
(6,,) under which they find the robot’s help useful, but find
it frustrating or unnecessary above.

Objective Function: The robot’s goal is to perform an
action a at each time ¢ while adapting its behaviour to suit
user n (regarding 6,), without exceeding their individual
frustration tolerance limit B,,. To select suitable actions, the
robot simultaneously outputs an appropriate meal recommen-
dation m given the time of the day and previous meal orders,
updates learning models following user intents inferred from
implicit and explicit feedback signals, and selects behaviour
c to govern the interaction’s manner. Doing so, it follows
an objective function identifying the sequence of actions,
that maximise the total discounted reward over all N users
without exceeding users’ frustration tolerance limit:
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where A, denotes the sequence of actions interacting with
user n, v denotes a discount factor representing the di-
minishing effect of robot actions over time (i.e. the user’s
impression of the robot reflects recent actions more, with
earlier actions gradually forgotten) and 7;, denotes the total
number of interactions with user n.

Solution Concept: Since users’ preferences and character-
istics (e.g. residual frustration (i.e. B,,), quality of exhibited
feedback signals (i.e. p; and p2) and robot behaviour toler-
ance levels (i.e. ,,)) are unknown prior to the interactions,
we address it as a frustration-constrained sequential decision-
making problem. Solving this, multiarmed bandit techniques
are used to output the behaviour component ¢ of robot action
a with an intermediary step of estimating p;, po and the dis-
tribution of typical user behaviour preferences F' over time,
while a separate recommendation preference learning model
is responsible for the meal recommendation m component.
For processing implicit and explicit user responses, facial
feature-based affective state and intent inference models are
used alongside the analysis of speech and touch input.

Meal Preference Learning Model: For providing meal
recommendations to users that suit the time of the day and
match previously ordered items, a Sequential k-Means Clus-
tering model [26] with an additional domain-specific pre-
training phase is used. This approach allows for the model
to learn common patterns appearing in typical orders by iden-
tifying clusters in multidimensional past order datasets (i.e.
order time and order component or inter order component
correlations) and provide a suitable meal recommendation
(e.g by selecting the item with the shortest distance in vector
space from context data such as time or previous items in
the current cluster). By utilising a pre-training phase on a
domain-specific (meal orders) dataset, the model can learn
typical user order behaviours offline without exposing users
to unnecessary frustration during the training process, and
adapt to the live user’s meal preferences in a few-shot manner
while simultaneously keeping the sequential k-Means model
updated with new data.

Implicit Signal Processing: From the range of social signals
exhibited by users during the interaction, our framework
focuses on facial expressions and head movements since the
cafeteria scenario is primarily stationary, making other bodily
signals scarce or difficult to record. Facial signals are utilised
in two manners: affect and implicit signal perception.

As part of affect perception a range of preprocessing
steps involving face detection and cropping followed by
discrete affective state classification is performed using the
ENet architecture [27] trained on the VGGFace?2 dataset [28]
provided by the EmotiEffLib toolkit [29], [30] due to its ro-
bust real-time inference capabilities, outputting classification

probabilities for 8 emotion classes. In addition, scalar arousal
and valence values (in the (-1,1) range) positioning the en-
countered emotion on the spectrum of all affective states are
also inferred at the rate of 3-5 frames per second, allowing
for the rapid detection of changes in users’ emotions.

Further implicit signals, specifically head movements in-
dicative of gestures such as nodding behaviour were also
extracted utilising a pipeline of face detection and alignment
via MTCNN [31] and sliding-window based nodding gesture
classification. Although head gestures are difficult to gener-
alise due cultural variations [8], they have been successfully
utilised in past works [32].

Explicit Signal Processing: Explicit feedback signals are
collected from users in the form of direct speech in response
to the robot’s questions and touch button presses on the
robot’s tablet screen indicating the users’ order preferences.
Verbal input is processed using Google’s Speech-to-Text
API, while the result of touch inputs (i.e. menu items selected
by the user) is directly forwarded.

User Intent Inference: Depending on the decision model
used, features collected from both channels or explicit chan-
nels only are processed, aiming to extract user intentions.
In explicit feedback only scenarios, the user response
transcripts are pipelined into a binary classifier (via the
Sentiment Analysis toolkit by Google’s Natural Language
API) outputting the user response’s sentiment (i.e. whether
the user replied positively or negatively) and its intensity.
When having access to both feedback channels, implicit
signals are usually exhibited naturally before speaking, thus
these are addressed first. Given the scarcity of interaction
datasets mapping implicit features to user intentions, the
classification problem is approached in a cue-based model-
free manner, successfully utilised in the context of empa-
thy in previous works [33]. With affective state estimates,
confidences, arousal-valence scores and head gesture clas-
sifications used as input, intent inference estimates along
confidence values are output. If the confidence levels are
below a threshold, the system falls back to explicit feedback.

User-Aware Behaviour (Conversation Style) Model: For
learning to adapt robot behaviour to user preferences and
characteristics utilising partially observable user feedback
while accounting for user frustration limits, our model builds
on a version of multiarmed bandit theory’s Upper Confidence
Bounds [13] algorithm designed for settings with budget
constraints and partially observable feedback [14].

Since distribution F' and values p; and po are never
revealed, the model works by first learning a noisy estimate
of these using Linear Search Exploration on an exploration
set of users (conducted in interaction with simulated users
following realistic personality characteristics to avoid expos-
ing live users to unnecessary frustration). Then a personalised
strategy is performed on the live users following the esti-
mates, aiming to infer individuals’ residual frustration budget
(By,) in a UCB manner, by assigning an optimistic upper and
lower confidence bound value to each potential action and
continuously updating these bounds in an iterative manner
while the action value estimates converge towards the true
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mean. Once a suitable behaviour is selected, it is used to
adapt the execution of the recommendation action.

V. HUMAN-ROBOT INTERACTION USER STUDY

Our user study takes place in the context of a contin-
uous contact retail assistance scenario (similarly to estab-
lished HRI works on non-verbal behaviour [16]) providing
structure, yet allowing for differences between interactions
depending on user actions and robot behaviour. The scenario
mimics a cafeteria ordering setting, where participants act as
customers and Pepper provides meal recommendations based
on a meal preference model learnt from past orders, while
adapting its conversational style to match the user’s pref-
erences. The human responds to Pepper’s suggestions and
prompts verbally, while occasionally exhibiting involuntary
implicit signals, with the robot utilising these features when
learning to adapt its conversation style to suit the individual.

Experiment Setup: As part of the scenario participants stand
opposite the Pepper robot, while the researcher monitors the
interaction hidden from the participant’s view (see Figure 3).
This ensures that the participant fully focuses on Pepper
without feeling inclined to consult the researcher in unex-
pected situations. The location is equipped with a recording
setup consisting of two RGB cameras, an omnidirectional
microphone and a tablet screen displaying information about
the current experiment and the robot’s speech transcript.
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Fig. 3: The physical human-robot interaction setup designed
for the user study and multimodal data collection illustrated.

Experiment Procedure: Prior to beginning the experiments,
each user had a chance to get familiar with Pepper (e.g.
when to respond, how to use touch screen) in a separate
introductory scenario consisting of small talk. This compo-
nent has been solely designed to mitigate the novelty effect
when users encounter behaviour models in the main scenario,
without being used for other purposes.

Our experiment is conduced in a repeated-measure, ran-
domised order within-subject fashion, with participants in-
teracting with Pepper throughout 6 trials (3 robot behaviour
models (Explicit-signal Touch-based (ET), Explicit-signal
Conversational (EC), Hybrid-signal Conversational User-
Aware (HC-UA)), 2 interactions each time). The order of
robot behaviour models is randomised between participants
to avoid bias. Each interaction contains up to 10 steps
(e.g. robot recommendations) depending on the behaviour
model and the user’s reactions and feedback. Ensuring the

naturalness of implicit user reactions in a context where
strong emotions are rarely elicited, participants were not
asked to use expressive or exaggerated gestures/mimics or
attempt to convey information to teach Pepper implicitly.

During interactions, Pepper’s base remained stationary,
while its speech was complemented with animated speech
gestures (i.e. suitable arm and head movements). All be-
haviour modes animated speech with gestures in the same
manner. Ensuring participants safety, Pepper paused its
movements when accepting user input (e.g. using the tablet)
and implemented additional user safety constraints such as
velocity and acceleration limits.

Pepper accepted input from users in the form of natural
language verbal communication and via buttons displayed on
its tablet screen (indicating meal options). To avoid unneces-
sary frustration caused by communication misunderstandings
due to users speaking too early (i.e. before Pepper started
listening), Pepper was programmed to indicate when it is
ready to receive verbal user input with green colours on the
external tablet screen and LED lights on Pepper’s ears. The
framework handling input feature processing and running
decision making and learning models was run on an external
computer, exchanging information with Pepper over the local
network via the ZeroMQ protocol.

Domain-specific Training Data: Assisting the frustration-
free pre-training of recommendation and behaviour style
learning models, datasets with typical meal order and user
behaviour preferences were utilised in simulation. Specifi-
cally, a dataset containing 1000 orders with corresponding
timestamps was generated following typical meal order pat-
terns (e.g. meal pairings, meal time trends), simplifying the
selection of established datasets [34], [35] to 10 available
menu items for the ease of user interaction. Further on, user
preferences on the scale of available robot behaviours were
initially modelled as a uniform UJ0, 1] distribution function
F, while the exhibited implicit feedback quality values (p1,
p2) were modelled based on typical AffectNet [36] 8-class
classification model benchmarks.

Participants: Overall 20 participants of different ages (M =
28,SD = 8.26), medium amount of technological/robotics
experience (M = 3.29,SD = 1.12 recorded on a 5-
point Likert scale with 5 being very experienced) coming
from various cultural backgrounds interacted with the Pepper
social robot as part of the user study. Prior to the experiments,
individuals were provided with the study details, then a
written informed consent was obtained. Each participant
was assigned a numerical ID to anonymise their data. The
study was conducted at the University of Southampton, with
experiment plans approved by the University’s Ethics Board.

Benchmarks: As part of the user study, the performance
of our proposed framework building on a combination of
implicit and explicit feedback signals while dynamically
adapting robot behaviour to suit the user (denoted as HC-
UA) is evaluated against two baselines: EC and ET models.

While HC-UA utilises primarily implicit, secondarily ex-
plicit signals and adapts its behaviour to the user, EC
solely utilises explicit feedback signals and follows a single
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Fig. 4: User impressions of all robot behaviour models captured as part of the user study with data on 1) Satisfaction with
the Robot, 2) Frustration, 3) Perceived Usefulness, 4) Perceived Ease of Use and 5) Behavioural Intention to Use the Robot.
Bar charts showcase the mean results with error bars indicating the confidence interval (1.96*SE).

conversational behaviour while interacting with the user
without adapting its behaviour. Similarly, ET builds on
explicit feedback only, but interacts with users by taking
orders directly using its tablet display without conversing
or offering recommendations.

Measures: Preceding the human-robot interactions, user
input was collected using a 5-point Likert scale questionnaire
on their past experience with robots, interaction expecta-
tions, general background, personality via BFI-S [37] and
their attitude towards handling frustration via the Frustration
Discomfort Scale [38]. After interacting with each Pepper
behaviour model, participants were asked to complete a
post-interaction questionnaire on their impressions of robot
behaviour. Data collection followed established work on
Frustration [39], Satisfaction with the robot [40], Perceived
Usability, Perceived Usefulness and Behavioural Intention to
Use (using the Technology Acceptance Model) [41], [42], us-
ing a 5-point Likert scale. Additionally, explicit and implicit
user feedback was collected during each interaction. For
quantitative model evaluation, Number of Interaction Events
(Touch Inputs, Recommendations Provided) and Implicit
Inference Success metrics were used.

~C1-Face C1i-Pose C2-Face C2-Pose
=

Fig. 5: Multimodal data streams (RGB video, audio) captured
of the user during the human-robot interaction as part of the
user study with extracted facial landmark, facial action unit,
head pose and pose landmark data illustrated.

Multimodal Human-Robot Interaction Dataset: As part
of our user study, a synchronised multimodal data recording
was made of each human-robot interaction showcasing var-
ious implicit and explicit user reactions to robot behaviour.
Recordings consist of two RGB camera feeds, audio record-
ings of interactions (transcribed) and robot action logs. User
pose landmarks, head poses, facial landmarks and facial

action units were extracted from the RGB footage (using
OpenFace [43] and the MediaPipe Pose Landmarker [44]
tools) and interaction transcripts from the audio data (using
the Whisper large sized transcription model [45]), enabling
the characterisation of user behaviour without user privacy
concerns. Our multimodal dataset' captures 5 hours of HRI
footage, composed of 240 interactions with 20 users.

VI. RESULTS AND DISCUSSION

Overall User Impressions: Post-interaction questionnaire
responses were analysed using the Independent-Samples
Kruskal-Wallis test (chosen due to the collected data’s de-
viation from normality assumptions) to determine whether
users’ self-assessed impressions differ for different robot
behaviour models. Addressing the provided qualitative met-
rics over all samples (see Figure 4), although in cases of
Satisfaction, Frustration and Ease of Use, the ET model out-
performed the conversational models (with HC-UA slightly
outperforming or being on par with EC), considering Use-
fulness and Intention to Use HC-UA yielded the best results,
showing significant differences (o = .05) for Usefulness.

The positive results for ET (regarding Satisfaction, Frus-
tration and Ease of Use) can be explained by users’ famil-
iarity with the touch-based order interfaces widely available
in fast food restaurants. Notably, however, users preferred it
more regarding Usefulness and Intention to Use when the
robot’s behaviour enabled them to engage in conversation
with the robot and receive recommendations, particularly
with HC-UA. Also emphasised by the qualitative open-ended
feedback received from users such as “enjoyed having the
option to interact further and be recommended options”, with
others finding the touch-based ET" approach limiting despite
its efficiency “no different to smartphone app”.

Role of Implicit Social Signals: Focusing on the role
of implicit social signals in the human-robot interactions
(Figure 6), results (column 1) show that implicit inference
often cannot detect user intention with enough confidence to
act on the information with ~75% of cases yielding uncertain
outcomes. This may be due to the problem’s difficulty: not
only do users’ facial and head gestures differ by culture
and on an individual level, assuming successful feature

Publicly available at https:/doi.org/10.5281/zenodo.17121105.
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Fig. 6: Showcasing the role of implicit feedback signals in our HRI behaviour models. Outcomes of implicit inference
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identification (e.g. one person’s expression of happiness may
correspond with another’s surprise), but the context is also
highly noisy during “in-the-wild” settings (e.g. hand covering
mouth, long hair blocking eyes, glasses reflecting light).

However, when implicit features were suitable for in-
ference, the models inferred intention accurately in ~60%
of cases. Importantly, when comparing user’s impressions
between cases where implicit inference yields enough con-
fidence for the robot to act upon information from social
signals and where it does not (see columns 2-6 in Figure 6),
users preferred the former behaviour utilising implicit signals
in all five metrics, with the Mann-Whitney-Wilcoxon test
(o = .05) yielding significant differences for Ease of Use
(p = .05). Qualitative participant comments also indicate
positive impressions on social signal inference in HC-UA
“Robot understood when I did not want something before I
spoke, removed awkwardness of rejecting recommendation.”.
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Fig. 7: Illustrating qualitative user impressions and quantita-
tive results on [HC-UA] Hybrid-signal Conversational User-
Aware model of our proposed framework. Top row showcases
qualitative data based on explicit and implicit user feedback
on HC-UA. Bottom row displays quantitatively how the robot
(following HC-UA) adjusts its behaviour accommodating
different user characteristics.

Conversational Adaptive Behaviour: The previous find-
ings’ support of the hypothesis that the usability of implicit
social signals is limited in everyday scenarios (without
extreme events causing intense reactions) highlights the
importance of accounting for this uncertainty in behaviour
models, as proposed in our HC-UA model.

Qualitative results collected on HC-UA during interactions
(see Figure 7 top row) show primarily (~80%) positive
explicit user feedbacks, while implicit social signals collected
during the interactions also indicate more positive responses
for HC-UA in comparison with the EC baseline.

Quantitative metrics (see Figure 7 bottom row) charac-
terising robot behaviour (i.e. Number of Interaction Events)
demonstrate that HC-UA offered significantly more recom-
mendations (Mann-Whitney-Wilcoxon test with p = .026)
to participants with higher self-reported frustration tolerance
(unknown to the robot a-priori) then to those with lower
self-reported frustration tolerance. Similarly, less frustration
tolerant users were offered the less cognitively intensive di-
rect touch input ordering opportunity by HC-UA significantly
more times (p = .048), thus successfully adapting robot
behaviour to individuals’ preferences and characteristics.

VII. CONCLUSIONS AND FUTURE WORK

We proposed a user-aware adaptive Human-Robot Interac-
tion framework addressing the use of implicit social signals
in HRI settings. We utilised multiarmed bandit learning,
affective state estimation and cue-based intent inference
techniques enabling adaptive robot behaviour in a frustration-
aware manner, while accounting for implicit feedback sig-
nals’ limitations at a decision making level. A user study
using the Pepper social robot for evaluating our approach
has demonstrated that participants found our HC-UA model
utilising implicit signals to adapt its behaviour in a user-
aware manner more useful than baselines, despite the touch-
based interaction model (ET) being more efficient. Ques-
tionnaire results have shown that despite various systematic
constraints limiting the usability of implicit signals, users
prefer robots that utilise them, highlighting the importance of
accounting for these constraints in decision making. Finally,
we found qualitative and quantitative evidence in support
of our proposed HC-UA model successfully adapting its
behaviour to users, resulting in positive impressions. We also
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contributed a multimodal dataset of over 5 hours of human-
robot interactions with key user features extracted.

As part of future works, various different multimodal
implicit inference models and more flexible recommendation
models, possibly based on LLMs are to be explored, in
conjunction with evaluating the performance of our proposed
framework in different interaction scenarios.
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