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Abstract

Autonomous robots are increasingly integrated into social contexts, making affective human-robot
interaction (HRI) critical for their effectiveness and acceptance. However, existing research remains
dispersed across domains and techniques, lacking a unified framework to characterize core robotic
capabilities. To address this gap, we adopt a capability-oriented perspective and conduct a comprehen-
sive literature review, through which we propose a structured taxonomy of capabilities for robots in
affective HRI. The taxonomy comprises five core dimensions: Perception (recognizing human internal
states), Strategy (planning responses based on human states and context), Expression (conveying
robot lifelikeness and social presence), Sustainability (maintaining effective and reliable operation over
time), and Ethics (ensuring behavior within ethical constraints). By organizing diverse research efforts
into a structured framework, this taxonomy provides a systematic foundation for designing socially
competent robots and guiding future research.

Keywords: human-robot interaction; affective computing; autonomous robots

1. Introduction

Robots are increasingly deployed in human-centered environments such as education, healthcare,
service, companionship, and everyday living, where interaction with humans is frequent, prolonged,
and socially situated. In these contexts, interaction often involves not only task coordination but
also the interpretation and expression of affective and social signals. To function effectively, robots
must be able to understand human internal states, generate contextually appropriate responses, and
convey information and intentions through their behavior. Achieving such effectiveness relies on
a systematic set of affective HRI-related capabilities. To obtain a systematic understanding of the
essential capabilities required for coherent, affect-aware human-robot interaction, a unified perspective
is necessary. However, despite significant advancements in specific robot behaviors over the past
decade, research contributions remain dispersed across various application domains and technical
approaches.

To address the lack of a systematic view, we develop a capability-oriented taxonomy that not only
organizes existing research but also clarifies the capabilities enabling robots to interact with humans in
affective and socially meaningful ways. This taxonomy provides a framework for understanding the
abilities required for effective operation in human-centered environments and for sustaining long-term
interaction. It helps researchers situate their work within the broader landscape of affective HRI and
provides system designers with a reference for evaluating which capabilities are covered in a robot
system and for identifying those that may still be missing.

Based on an extensive literature review, we propose a taxonomy of affective HRI capabilities,
organizing them into interrelated categories: Perception, Strategy, Expression, Sustainability, and
Ethics. Perception capabilities focus on recognizing and interpreting humans’ internal states, such as
emotions and intentions. Strategy capabilities concern the generation of adaptive and context-aware
interaction policies. Expression capabilities enable robots to convey internal states and social signals
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in ways that are both perceivable and meaningful to humans. Sustainability captures capabilities
required for long-term interaction. Ethics captures a robot’s capability to act in accordance with human
ethical norms and to consider potential ethical issues arising from its interactions and use of technology.
Our contributions are summerized in three folds. 1) We propose a capability-oriented taxonomy that
organizes affective HRI abilities and clarifies their scope with representative examples. 2) We provide
a framework that helps researchers situate their work within the broader landscape of affective HRI.
3) We offer designers a reference for evaluating and guiding the development of robots capable of
coherent, long-term, affect-aware interaction.

The remainder of this paper is organized as follows. Section 2 reviews related research in affective
HRI Section 3 introduces the proposed taxonomy and discusses the capability categories in detail.
Section 4 presents a case study analyzing existing robots using the proposed framework. Finally,
Section 5 concludes the paper and discusses future directions.

2. Related Work

Many surveys have examined human-robot interaction, covering general topics such as safety and
communication, as well as affective aspects such as emotion recognition. In this section, we organize
representative surveys into general HRI and affective/emotion-related studies to contextualize our
proposed capability taxonomy.

2.1. General HRI Surveys

A number of surveys have examined general aspects of human-robot interaction, such as user
experience, safety, communication, efc. These studies provide valuable insights into various aspects of
HRI.

Several surveys have provided broad thematic overviews of the HRI literature. Lambert et
al. [1] survey a decade of research on social robot interaction, covering research topics, application
domains, and robot capabilities. Youssef et al. [2] provide an overview of advances in social robotics,
including application domains, interaction modalities, robotic platforms, and evaluation methods.
Apraiz et al. [3] review 24 studies on UX evaluation in HRI, summarizing commonly evaluated factors,
measurement methods, and research gaps. Ostrowski et al. [4] review two decades of HRI research
through ethics, equity, and justice perspectives, proposing a framework for inclusive and socially
responsible robot design. Robinson et al. [5] review robotic vision in HRI and collaboration, discussing
applications, methods, datasets, and evaluation practices.

Some surveys have focused on robots within industrial environments and collaborative contexts.
Li et al. [6] review safety methods in industrial human-robot collaboration, categorizing pre- and post-
collision strategies and discussing challenges. Rodriguez-Guerra et al. [7] examine challenges in safely
deploying collaborative robots and classify HRI developments in industrial settings. Jahanmahin et al.
[8] survey human behavior modeling in manufacturing-oriented HRI, covering sensing, prediction,
and control strategies.

Research has also investigated how robots communicate with humans. Bonarini [9] reviews
communication in HRI, emphasizing the role of linguistic and physical channels in enabling effective
interaction. Su et al. [10] summarize multimodal HRI, covering integration of diverse signals including
voice, vision, touch, and bio-signals. Nocentini et al. [11] survey behavioral models for social robots,
including adaptive behaviors and cognitive architectures.

There is also a body of work focused on HRI taxonomies. Tolmeijer et al. [12] develop a taxonomy
of trust-relevant failures and mitigation strategies, categorizing failure types—including design, system,
expectation, and user failures—and identifying research gaps for autonomous failure detection and
repair. Onnasch and Roesler [13] propose a structured HRI taxonomy that accounts for the human, the
robot, the interaction, and the context, providing a framework to enable comparisons across diverse
HRI scenarios and identify research gaps. Kim et al. [14] conduct a systematic literature review of
robot autonomy in HRI and propose a taxonomy of six distinct forms—operational, intentional, shared,
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non-deterministic, cognitive, and physical autonomy—to capture the variety of autonomous behaviors
beyond one-dimensional measures.

While these works provide valuable frameworks for general HRI, there remains a lack of a
systematic taxonomy specifically focused on robot capabilities within the context of affective HRI. We
aim to fill this gap by proposing a capability-centered classification tailored for affective HRI scenarios.

2.2. Affective/Emotion-Related HRI Surveys

A growing number of surveys have examined affective and emotion-related aspects of hu-
man-robot interaction, including emotion recognition, expression, and social-emotional bonding.
These studies provide insights into methods, modalities, and models for enabling robots to perceive,
respond to, and interact with human emotions.

Several studies have focused on human emotion recognition through visual, vocal, and physi-
ological signals. Spezialetti et al. [15] review advances in emotion recognition, covering emotional
models, interaction modalities, and classification strategies. Stock-Homburg [16] survey two decades
of research on robotic emotion generation, human recognition, and responses. Cavallo et al. [17]
focus on how robots recognize and respond to human emotions using different sensing modali-
ties. Cerqueira [18] examine 72 studies on emotion recognition and robot emotion representation,
highlighting user-centered evaluation practices.

Other work emphasizes multimodal and specialized sensing approaches. Ottoni and Filippini et al.
[19] review thermal infrared imaging for affective computing, emphasizing its non-intrusive potential.
Kovécs et al. [20] survey non-verbal communication, gestures, and user personality for enhancing
robotic expressivity and trust. Zhao et al. [21] categorize recent robot emotion recognition models
by input modality, including vision, language, physiological signals, and multimodal approaches.
Gasteiger et al. [22] review prosodic elements in emotional speech, such as tone, loudness, speed,
and pauses. Ottoni and Cerqueira [23] also review methods for emotion recognition and robot
emotion representation. Savery and Weinberg [24] survey 1,427 publications on robotics and emotion,
categorizing approaches into emotional intelligence, emotional models, and implementation.

Previous research has examined high-level emotions. Mitchell and Jeon [25] review 30 studies
on attachment in HRI, emphasizing emotional bonds and psychological attachment theories. Hieida
and Nagai [26] survey social emotions in robotics, linking psychological and neuroscience findings
to robotic recognition, expression, and modeling. de Souza et al. [27] analyze 34 studies on trust and
trustworthiness in HRI, highlighting key factors, evaluation approaches, and application domains.

While existing surveys provide valuable overviews of general and affective HRI, they focus on
individual dimensions without integrating them into a coherent framework. Our work complements
these studies by proposing a unified capability taxonomy and offering a systematic perspective to
guide the design of affective robots and future research.

3. Taxonomy

To systematically characterize the capabilities required for autonomous robots in affective hu-
man-robot interaction, we propose a taxonomy that organizes these capabilities into five interrelated
categories: Perception, Strategy, Expression, Sustainability, and Ethics. Figure 1(a) presents our taxon-
omy, showing subcategories under each major category. The specific rationale and internal structure
for each subcategories are further elaborated in the following subsections.

Our taxonomy is conceptually inspired by the sense—plan—act (SPA) paradigm [28,29], in which a
robot first senses its environment, then plans appropriate actions, and finally executes them. While
originally proposed for system-level task execution, this paradigm provides a useful reference for
structuring affective HRI capabilities. Affectie human-robot interaction can be regarded as a specialized
robotic task in which the environment includes human partners and their internal states. Consequently,
robots require perception, decision-making, and action capabilities specifically tailored to affective
interaction.
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Figure 1(b) illustrates the relation between our taxonomy and the SPA paradigm. In our taxonomy,
Perception, Strategy, and Expression correspond to the sense, plan, and act stages, respectively:
Perception involves sensing and understanding human internal states, Strategy corresponds to planning
and decision-making for selecting appropriate responses, and Expression corresponds to the act of
displaying social and affective behaviors in the interaction. Analogous to the SPA paradigm, which
follows a sequential process of sense, plan, and act, a robot in affective HRI first perceives human
internal states, and then, in conjunction with task requirements and environmental context, formulates
an appropriate interaction strategy. Finally, this strategy is realized through the robot’s expressive
capabilities, which enable the display of corresponding social and affective behaviors during the
interaction. In addition, robots should sustain stable and adaptive interaction over time through error
recognition, recovery, and continual learning from human partners, which we refer to as Sustainability.
Last but not least, ethical considerations provide guidance and constraints on the robot’s behavior and
interaction across all aspects of affective HRI, which we refer to as Ethics.

Based on this framework, the subsequent sections introduce each capability category in turn,
along with their corresponding sub-categories. It is worth noting that many of these capability classes
are themselves extensive research areas, each of which could warrant a dedicated survey. Therefore,
rather than aiming for exhaustive coverage, we focus on highlighting a small number of representative
works for each category, with the goal of illustrating key ideas and typical approaches observed in the

literature.
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Figure 1. Overview of the proposed taxonomy for affective human-robot interaction capabilities, inspired by
the sense-plan-act paradigm. The taxonomy organizes robot capabilities into five core dimensions—Perception,
Strategy, Expression, Sustainability and Ethics. Each dimension is further divided into finer-grained capability
categories.

3.1. Basic Intelligent Capabilities

Although this paper mainly focuses on affective interaction and the associated capabilities of
robots, a set of basic intelligent capabilities remains essential as the foundation supporting effective
human-robot interaction. These capabilities underpin a robot’s ability to perceive, act, and operate
reliably in real-world environments, thereby enabling higher-level affective and social behaviors. In
general, such foundational capabilities include, but are not limited to, multimodal perception and
information processing, physical manipulation and task execution, autonomous decision-making and
control, navigation and environment adaptation, as well as basic communication and coordination
mechanisms. In addition, a robot’s embodiment and form factor, together with its ability to adapt
to different application contexts and team configurations, also play an important role in shaping
interaction outcomes.

As these foundational capabilities have been extensively studied in prior HRI and robotics
literature, we do not elaborate on them in this paper. Readers interested in comprehensive discussions
and systematic taxonomies of basic intelligent capabilities are referred to existing survey and review
works, such as [13,30].
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3.2. Perception Capability

Perception capability refers to a robot’s ability to infer human internal state, including latent
cognitive and affective states. In human-robot interaction (HRI), recognizing human internal states
is essential for enabling socially appropriate and adaptive interaction. These internal states include
both transient mental states and more stable traits. Mental states further encompass affective states,
including emotional states and cognitive states.

Accordingly, we categorize human internal state recognition into three aspects: emotional recog-
nition, cognitive state recognition, and trait recognition. Note that in HRI, recognizing human signals
such as gestures and speech is also crucial for effective interaction. However, since these signals are not
necessarily related to affective states, they are treated as basic intelligent capabilities and are therefore
not discussed in detail here.

3.2.1. Emotional Recognition Capability

Emotional recognition capability refers to the ability to identify the emotions of interaction
subjects accurately. Recognizing human emotions is essential in interaction, as emotional states
strongly influence human behavior. By perceiving emotional cues, robots can adapt their responses
accordingly, enabling more natural and compassionate communication.

To enable emotion recognition in human-robot interaction, researchers have explored various
approaches. Mohamed et al. [31] study automatic frustration recognition in human-robot interaction
using thermal facial imaging. Focusing on cognitive load— and failure-induced frustration, this work
shows that thermal features from key facial regions can effectively capture physiological correlates
of frustration, achieving performance comparable to RGB-based facial features. Deng et al. [32]
propose a conditional GAN-based framework for facial expression recognition that reduces intra-class
variations by jointly learning generative and discriminative representations. By controlling action units
and enforcing cycle consistency, the method disentangles expression from identity and other factors,
leading to improved FER performance. Mamodiya et al. [33] introduce ECRP, an edge-deployable
HRI framework integrating multimodal emotion recognition, context encoding, and reinforcement
learning—based task planning for low-latency adaptive behavior on resource-constrained robots.

3.2.2. Cognitive State Estimation Capability

Cognitive state estimation capability refers to the ability to infer the internal cognitive states of
interaction subjects, such as intentions, attention, or confusion, from observable behavioral signals.
By estimating these states, robots can better understand the needs and ongoing mental processes of
human counterparts, enabling more adaptive and proactive interaction.

Intent recognition is one important aspect of cognitive state estimation, referring to inferring the
intentions of interaction subjects. By anticipating user needs, robots can proactively assist users and
improve interaction efficiency. Intent recognition can be supported by non-verbal cues. Huang and
Mutlu [34] propose an anticipatory control framework that infers human task intent from gaze behavior
in collaborative settings. By extracting fixation-based gaze features and using an SVM classifier, the
robot predicts the human’s intended target in advance, enabling proactive action planning and more
fluent human-robot collaboration. Ryoo et al. [35] introduce onset cues and cascade histogram-
based representations for early activity prediction in robot-centric first-person videos, enabling earlier
recognition of human activities for timely robot responses. Intent recognition can also based on
text information. Huggins et al. [36] address data scarcity in intent recognition for human-robot
interaction using a minimal-data, BERT-based approach. They compare BERT [37] with BiLSTM and
logistic regression on public datasets, and further validate the approach on a real-world social robot
task involving character strength recognition. Their results highlight the effectiveness of full BERT
fine-tuning.

Beyond intention understanding, estimating other cognitive states is also important for effective
interaction. For example, detecting user confusion allows robots to adjust dialogue strategies and
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provide timely clarification. Li et al. [38] investigate interlocutor confusion in situated task-oriented
human-robot dialogue. They analyze multimodal cues including emotions, head pose, eye gaze,
speech silence duration, and self-reported confusion states, and find significant correlations between
these signals and user confusion. Similarly, recognizing user attention is also important for effective
human-robot interaction, as it helps robots determine whether users are engaged in the interaction.
Chakraborty et al. [39] propose a human-robot interaction system for estimating human attention
levels based on visual focus of attention (VFOA). By analyzing facial features, eyeball movement, and
gaze using deep learning models, the system enables robots to detect users’ attention states and initiate
appropriate verbal or visual interaction.

3.2.3. Personality Recognition Capability

Personality recognition capability refers to the ability to accurately identify the personality traits
of interaction subjects. It enables robots to develop personalized strategies tailored to the identified
personality. This process improves interaction effectiveness, enhances user satisfaction, and fosters
more comfortable and engaging experiences.

Researchers have made various attempts to explore personality recognition. Celiktutan et al. [40]
present the MHHRI dataset for studying personality and engagement in both HHI and HRI, combining
multimodal recordings with self and acquaintance annotations. Salam et al. [41] study engagement
prediction in triadic human-human-robot interactions. They show that combining automatically
predicted participant personality traits, the robot’s personality traits, and nonverbal features improves
individual and group engagement classification compared to using nonverbal features alone. The
results also indicate that extroverted interactions yield the highest classification performance. Shen et
al. [42] propose a framework to infer users’ personality traits from habitual visual and vocal behaviors
during face-to-face HRI, using questionnaire-based labels to train regression and classification models
for improving interaction quality.

3.3. Strategy Capability

In the classical sense-plan—act (SPA) paradigm [28,29], the plan component represents the process
through which a robot determines appropriate actions based on perceived information and its internal
representation of the environment. Inspired by this perspective, we view strategy capability in
affective human-robot interaction as the ability of a robot to determine suitable interaction responses
and policies based on its understanding of the situation and the human partner.

As illustrated in Figure 2, a central aspect of this capability is adaptivity. During interaction,
robots should be able to adjust their responses according to multiple sources of information, including
context information, human mental state, individual difference, and unexpected human behavior.
The interaction context and the human internal state can be viewed as extensions of the world model
in classical robot architectures. They incorporate socially relevant information beyond the physical
environment. Human internal states encompass both mental states and more stable traits; in the
context of adaptive interaction, the latter are reflected as individual differences that guide personalized
responses. In addition, robots should also be able to react appropriately when human behavior deviates
from expected patterns, which we describe as unexpected human behavior in this taxonomy.
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Figure 2. Strategic capabilities in affective HRI. These capabilities encompass adaptivity and mental assistant

capability. Adaptive capability enables robots to adjust their responses according to context, human mental states,
individual differences, and unexpected human behavior. Mental assistant capability encompasses emotional
support and special support.

Beyond general adaptive interaction, we identify a specialized dimension of strategic capabilities
dedicated to promoting human psychological well-being (Figure 2). An increasing body of research
[43—46] explores how robots can actively support mental health or assist interventions for conditions
such as autism spectrum disorder and cognitive decline. To capture this line of work, we introduce
mental assistant capability, referring to a robot’s ability to provide psychological support or facilitate
intervention-oriented interactions.

3.3.1. Context Awareness and Adaptation

During interaction, robots should adjust their interaction strategies based on the state of the inter-
action partner or the task context to enhance their adaptability in real-world scenarios. Hemminghaus
and Kopp [47] propose a reinforcement learning-based architecture for adaptive social behavior in
assistive robots. Using Q-learning to optimize low-level behaviors from user states, the approach is
evaluated in a memory game with the Furhat robot, demonstrating effective adaptation to individual
users. Dogan et al. [48] propose an interactive system for resolving object-referential ambiguities in
human-robot dialogue through follow-up clarifications, outperforming re-description strategies and
improving interaction efficiency and user perceptions. Andriella et al. [49] investigate a Tiago robot
with adaptive assistance capabilities in short-term, real-world interactions. Their study demonstrates
that the robot can dynamically adjust support based on user performance and task state, improving
task outcomes even in one-time, uncontrolled encounters.

3.3.2. Adapting to Human Mental State

In human-robot interaction, a robot’s ability to respond appropriately to human mental states
is crucial for effective collaboration and socially appropriate interaction. This includes providing
empathetic responses and adapting its behavior to better support humans during the interaction. Chen
et al. [50] show that affect in child-robot interaction predicts learning outcomes more strongly at fine-
grained events than at coarse levels, especially when the robot acts as a tutee, providing cues that can
anticipate children’s performance. Unhelkar et al. [51] presented CommPlan, a Partially Observable
Markov Decision Process framework that explicitly models human intentions as latent states, enabling
the robot to decide if, when, and what to communicate—such as sharing its own intention or querying
the human’s—to improve collaborative efficiency. Devin and Alami [52] proposed a Theory of Mind
framework enabling robots to estimate human mental states—including beliefs about goals, plans,
and actions—to adapt shared plan execution and provide timely, non-intrusive information during
collaboration.

3.3.3. Adapting to Individual Differences

In human-robot interaction, users exhibit substantial individual differences, including personality,
preferences, and behavioral tendencies. Effective robots should adapt their interaction strategies
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accordingly, tailoring their behaviors to each user to enhance engagement, interaction quality, and
overall user experience. Ramachandran et al. [53] investigate personalized break-timing strategies in
robot-child tutoring. Using a Nao robot that monitors performance, the system delivers fixed, reward-
based, or refocus-based breaks. Results show that personalized strategies lead to greater learning gains
and immediate improvements in problem-solving efficiency and accuracy. Li et al. [54] examine how
individual differences in trait loneliness affect social robot perception and acceptance. Higher trait
loneliness reduces positive anthropomorphic inferences (e.g., warmth, competence) and acceptance,
mediated by lower attribution of uniquely human traits such as politeness and organization. Ligthart
et al. [55] introduced a memory-based personalization strategy that uses stored interaction history to
tailor narrative dialogues, enhancing continuity, closeness, and sustained engagement in long-term
child-robot relationships over multiple sessions.

3.3.4. Adapting to Unexpected Human Behavior

Given that human behavior is often boundedly rational, robots need to manage actions that are
unexpected or suboptimal. Goriir et al. [56] introduce a two-stage Partially Observable Markov Deci-
sion Process (POMDP) framework for collaborative robots, predicting human availability, motivation,
and capability to infer true help needs, improving collaboration efficiency and interaction naturalness
over reactive models. Kwon et al. [57] introduce a risk-aware robot model based on Cumulative
Prospect Theory that anticipates suboptimal human behavior, supporting safer and more efficient
collaboration than noisy-rational models.

3.3.5. Mental Assistant Capability

Mental assistant capability refers to a robot’s ability to provide targeted and adaptive support
based on a user’s internal states and situational context. This capability focuses on understanding and
responding to emotional or psychological needs, enabling the robot to offer appropriate interventions.

Within affective mental assistant capabilities, a key function is supporting users in regulating and
coping with negative emotional states, enabling robots to recognize, respond to, and help mitigate
negative emotions. Dino et al. [58] present a socially assistive robot that delivers internet-delivered
Cognitive Behavioral Therapy (iCBT) through structured conversational interaction, demonstrating its
feasibility and acceptance among older adults with depression. Kitt et al. [59] empirically evaluate
the role of a socially assistive robot in children’s mental health care by examining its stress-buffering
effects during a standardized stress task. Although no significant reduction in stress was observed,
the study highlights nuanced affective responses and suggests potential benefits for children with
higher social anxiety. Laban et al. [60] utilize a social robot in a novel long-term intervention designed
to help informal caregivers cope with emotional distress through self-disclosure. Through repeated
interactions, caregivers showed increased self-disclosure, improved mood, and reduced loneliness and
stress, highlighting the potential of social robots for sustained emotional support.

For individuals with social challenges or other specific conditions—such as autism spectrum
disorder (ASD) or dementia—robots can provide targeted support. Ramnauth et al. [43] developed
ISTAR, an in-home social robot that delivers realistic workplace-style interruptions to adults with ASD,
demonstrating improved interruption tolerance and perceived relevance for enhancing employability
through autonomous, role-playing training. Sandygulova et al. [44] investigate how individual
differences—such as ASD severity, co-occurring ADHD, verbal ability, and age—affect children’s
engagement and behavioral outcomes in multi-session robot-assisted autism therapy. Moharana et al.
[45] engaged dementia caregivers in co-designing robots that either foster joyful shared moments or
alleviate emotional burdens—such as redirecting repetitive questions or acting as the “bad guy”—with
roles adapting to dementia stages. Cruz-Sandoval et al. [46] deployed an autonomous social robot to
deliver nine weeks of cognitive stimulation therapy to people with dementia, reporting significant
reductions in neuropsychiatric symptoms such as agitation, delusions, and euphoria.
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3.4. Expression Capability

In affective human-robot interaction, expression capability refers to a robot’s ability to manifest
internal states, convey social signals, and exhibit social legibility and naturalness throughout the
interaction. These expressive behaviors not only transmit information but also shape how humans
perceive the robot, influencing its perceived lifelikeness and social presence. To capture the roles of
these behaviors, we divide the expression capability into three complementary aspects, illustrated in
Figure 3, corresponding to shaping the robot’s perception as a social agent (Perceptual Characteristics),
conveying information during interaction (Information Expression), and expressing socially meaningful
qualities that affect interpersonal perception (Social Interaction Qualities).

Perceptual characteristics describe how the robot is perceived as an agent, with anthropomor-
phism and vitality representing two key perceptual dimensions that contribute to lifelike perception.
Information expression focuses on the robot’s ability to convey information during interaction, includ-
ing emotional and cognitive state expression and social signal expression. Finally, social interaction
qualities capture the social meanings conveyed through expressive behaviors, which influence how
humans interpret the robot’s social attitudes during interaction; in this taxonomy, we emphasize
politeness and trust as two primary social qualities conveyed through expressive behavior.

[Anthropomorphism] [ Vitality ]
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hd
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Figure 3. Expression-related capabilities in affective HRI. Perceptual characteristics shape how the robot is
perceived as a social agent and include anthropomorphism and vitality. Information expression capabilities
enable robots to convey internal states and communicative signals. Social interaction qualities capture socially
meaningful attributes conveyed through expressive behaviors, including politeness and trust.

3.4.1. Emotional Expression Capability

Emotional expression capability encompasses the ability to effectively translate internal affective
states into observable external signals. It allows robots to support natural, socially rich interactions
and influence human perception during interaction. Emotions can be expressed through multiple
modalities. Velner et al. [61] investigate the effects of intonation in robot speech on conversational
naturalness and engagement, finding that humanlike intonation improves perceived naturalness
and emotional expressiveness but not turn-taking fluency. Hu and Hoffman [62] demonstrate that
dynamically actuated skin textures (e.g., goosebumps, spikes) can effectively convey specific emotions,
with texture shape signaling valence and movement frequency indicating arousal. Pelikan et al. [63]
analyze how families interpret Cozmo’s emotion displays in home settings, showing that “happy”
animations advance interaction while “sad” ones act as a “rewind button,” prompting users to reassess
prior actions. Suguitan et al. [64] proposed MoveAE, a classifying variational autoencoder that enables
modification of robot gestures” emotional qualities through latent space arithmetic while preserving
recognizability. Block et al. [65] design a human-sized hugging robot that uses softness, warmth, and
adaptive haptic responses to deliver emotionally supportive hugs, significantly enhancing perceived
naturalness, enjoyability, and friendliness. Au et al. [66] investigate robot-mediated affective touch for
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conveying sympathy across U.S. and Japanese users, finding recipients perceive greater social support
from robot touch than text, highlighting its role in emotional communication. Dobrosovestnova and
Hannibal [67] argue for including ambivalent emotions like teachers’ disappointment in robotic tutors,
framing it as a care-based, affiliative pedagogical strategy rather than purely negative affect.

To systematically study robotic emotional expression, standardized evaluation tools are required
to quantify how clearly and distinctly emotions are perceived by human users. Coyne et al. [68] propose
the Geneva Emotion Wheel as a systematic tool to evaluate the perceived emotional expressiveness of
robots, enabling quantitative analysis of emotion distinctness and clarity in HRL

3.4.2. Cognitive State Expression Capability

Cognitive state expression refers to how robots convey internal mental states—such as atten-
tion, intention, or curiosity—through observable behaviors. By signaling these internal cognitive
processes, robots enable humans to better perceive and interpret the robot’s state, thereby enhanc-
ing interaction transparency and effectiveness. Gordon et al. [69] demonstrate that children exhibit
increased exploratory behavior and uncertainty seeking after interacting with a curious social robot,
suggesting curiosity can be socially elicited in human-robot interaction. Zhang et al. [70] examined
how curiosity-driven off-task robot behaviors influence human perception, showing that while such
actions were interpreted as curious, they reduced perceived competence—unless accompanied by
explanatory cues. Aliasghari et al. [71] demonstrate that a humanoid’s gaze allocation and arm
motion smoothness significantly shape human teachers’ perceptions of its confidence, eagerness to
learn, and task attention—key cognitive states in learning interactions. Briggs et al. [72] integrate an
attention-driven cognitive framework (ARCADIA) with a robotic architecture (DIARC) to generate
dynamic, human-like gaze that reflects the robot’s internal attentional focus during object learning
tasks.

3.4.3. Social Signal Expression Capability

The capability for Social Signal Expression enables a robot to convey social cues through observ-
able behaviors. It helps humans interpret the robot’s actions, understand its social role, and engage
appropriately during interaction.

Gaze is considered an important form of social expression. Terzioglu et al. [73] enhance col-
laborative robots with gaze and breathing cues inspired by animation principles, showing that such
social signals improve perceived likeability, animacy, and intention communication. Pereira et al. [74]
evaluate a responsive joint attention gaze system in HRI across different contexts, showing that gaze
behaviors enhance perceived social presence in adults and external observers but not in children.

Gestures enable robots to express meaning and affect through movement. De Wit et al. [75]
examine how varied iconic gestures by a robot affect children’s engagement and second-language
learning, showing that gesture use—whether repeated or varied—increases social engagement but
not vocabulary gains. Roy et al. [76] propose GPT-Driven Gestures, an LLM-based framework that
autonomously generates expressive robot gestures, showing human-comparable clarity and improved
state recognition in human-robot interaction.

Multimodal communication signals, including verbal cues and expressive behaviors, allow
robots to convey social roles. Song et al. [77] design and validate evaluative versus non-evaluative
robot roles—using verbal cues, gaze, and appearance—to influence children’s motivation during
musical practice, demonstrating how social role framing shapes interaction dynamics. Song et al. [78]
investigate how three levels of operator presence—Wizard of Oz, costume, and telepresence—affect
customer behavior in a supermarket, showing that moderate social presence (costume form) yields
optimal engagement and task performance.

3.4.4. Politeness

The ability to exhibit politeness determines whether a robot can regulate social norms and
interactional appropriateness. It helps ensure interactions are socially appropriate and comfortable for

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.2029.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 25 March 2026 d0i:10.20944/preprints202603.2029.v1

11 0of 24

users. Kato et al. [79] design a polite approaching behavior for robots by modeling human service
staff, enabling the robot to initiate interactions only when visitors show intent to engage, thereby
reducing intrusiveness in public spaces. Jackson et al. [80] investigate how robot and human gender
influence perceptions of robotic command refusals, finding that politeness norms in noncompliance
are significantly shaped by gender alignment and stereotypes. Rea et al. [81] demonstrate that impolite
robot encouragement during exercise increases participants’ effort and competitiveness, despite lower
likability, challenging the assumption that robots should always be polite.

3.4.5. Trust

The ability to establish trust reflects user confidence in robot reliability and competence. Natara-
jan and Gombolay [82] found that robot behavior and perceived anthropomorphism—not physical
embodiment—most strongly influence trust and compliance, with apologetic feedback increasing
trust and accountability reducing over-reliance after errors. Herse et al. [83] demonstrated that an
initial behavioral measure of trust—assessed via an adapted Trust Game—significantly predicts user
decision-making and task performance in human-agent collaboration, with correct assistance enabling
recovery on difficult tasks.

Some studies on trust repair will also be discussed in Section 3.5.2 Failure Handling and Recovery
[12,84], as robot-induced failures can undermine users’ trust, necessitating appropriate responses or
actions to restore trust.

3.4.6. Anthropomorphism

Anthropomorphism is an aspect of robot expressive capability, reflecting the extent to which users
perceive the robot as human-like. Focusing on anthropomorphic design, Bryant et al. [85] investigate
how robot gendering and occupational gender-roles influence human trust, concluding that perceived
occupational competency—rather than gendered traits—is the primary driver of trust. Torre et al. [86]
show that people are more likely to yield to robots perceived as teleoperated and keep closer distances
to highly anthropomorphic robots, highlighting how perceived autonomy and human-likeness shape
navigation behavior in social dilemmas. Hover et al. [87] analyze online commentary on robots of
varying humanlikeness and gender, finding that highly humanlike robots elicit more negative, uncanny,
and sexualized responses—especially when female—highlighting risks of anthropomorphic design.

3.4.7. Vitality

The ability to exhibit vitality determines the extent to which a robot appears alive or lively. lizawa
and Yamanaka [88] present “Face on a Globe,” a non-anthropomorphic spherical robot that uses
smooth geometric deformation and autonomous orientation to evoke lifelikeness while preserving
artificiality. Loffler et al. [89] demonstrate an uncanny valley effect in zoomorphic robots, showing
that likeability follows a U-shaped curve with animal likeness—highlighting the perceptual tension
between artificiality and biological realism.

3.5. Sustainability Capability

The capability for sustainability enables a robot to maintain effective and reliable operation over
time, including learning from human input, recovering from failures, and progressively improving per-
formance, which is essential for long-term interaction and user trust. Figure 4 shows the organization
of sustainability-related capabilities. Conceptually, sustainability in affective HRI can be divided into
two complementary aspects: leveraging human guidance to improve learning and handling failures to
maintain reliable operation. Learning from human captures the robot’s ability to acquire knowledge
or refine behavior based on human input. This includes human correction, human preference, and
broader human feedback, which together enable continuous adaptation and personalization. Failure
handling in this work refers specifically to capabilities relevant to affective HRI, focusing on detecting
and responding to failures in a way that supports socially aware interaction and maintains user trust.
Failure handling can be further divided into failure detection and failure response. Failure detection
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involves identifying errors or unexpected events by observing human reactions to the robot’s behavior.
Failure response refers to strategies for responding to detected failures during interaction, including
providing explanations and repairing human perceptions of the robot in order to restore trust and
maintain effective interaction.

Human A
__Correction ( Affective-based |
| Failure Detection |
f Human ) > Learning from Sustainabilit Failure
| Preference Human ¥ Handling
Failure Response
Human \ J
Feedback | f A< ~
[Explanation] [ Repairing

Figure 4. Hierarchical organization of sustainability-related capabilities in affective HRI. It is divided into two
primary aspects: learning from human input, including correction, preference, and feedback, and failure handling,
which encompasses detecting errors and responding to them (including providing explanations and repairing
human perceptions).

3.5.1. Learning from Human

A critical capability for robots to achieve sustainability in affective HRI is the ability to learn
directly from humans. This enables autonomous humanoids to adapt their responses and progressively
refine their affective skills through imitation, feedback, or demonstration, fostering more natural
engagement.

Robots can possess the ability to learn from human corrections. Bajcsy et al. [90] propose a
one-at-a-time learning approach where robots infer which single task feature a human intends to
correct during physical interaction, reducing unintended learning compared to updating all features
simultaneously. Losey et al. [91] propose a framework for robots to learn task objectives online
from physical human-robot interaction, treating human physical corrections not as disturbances to be
rejected, but as informative signals for real-time model updates.

The capability to learn human preferences is an aspect of the robot’s learning-from-human
capability. Basu et al. [92] enhance comparison-based reward learning by augmenting preference
queries with feature queries that ask users which feature explains their preference, enabling faster and
more accurate acquisition of human intent. Chen et al. [93] propose Multi-Style Reward Distillation
to jointly infer a shared task reward and individual strategy rewards from heterogeneous human
demonstrations, effectively disentangling goals from strategic preferences in imitation learning. Bobu
et al. [94] propose LESS, a probabilistic human behavior model that accounts for trajectory similarity
to better infer human preferences, improving prediction accuracy and inference robustness over the
standard Boltzmann rationality model in continuous action spaces.

The ability to learn from human feedback is also crucial. McQuillin et al. [95] present an adaptive
robo-waiter that learns socially appropriate behaviors through real-time implicit (facial affect) or ex-
plicit (verbal) user feedback, showing improved perceived sociability and positioning appropriateness
over static policies. Moreira et al. [96] proposed an interactive deep reinforcement learning (IDeepRL)
approach that uses interactive feedback from human or artificial trainers to accelerate the learning of
domestic robotic tasks. Their results demonstrate that such feedback significantly reduces learning
time and errors compared to standard autonomous deep reinforcement learning.

Beyond single-source learning, some researchers have explored approaches that incorporate both
correction and feedback. Celemin and Kober [97] introduced an interactive imitation learning approach
that enables robots to proactively request corrective or evaluative feedback based on estimated epis-
temic and aleatoric uncertainty. This framework allows the robot to handle demonstration ambiguity
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and improve data efficiency by strategically leveraging human input when its own knowledge is
insufficient. Chisari et al. [98] proposed the CEILing framework, which enables robots to learn complex
manipulation tasks by asynchronously integrating both corrective and evaluative human feedback
into a stochastic policy. Their approach significantly improves learning efficiency, allowing robots to
train directly from raw visual observations in less than one hour of real-world interaction.

To be effective in everyday settings, robots should be able to learn from non-expert users, not
just experts. Van Waveren et al. [99] propose a shield-based policy repair method that uses corrective
feedback from non-experts after robot failures to refine actions, substitute objects, or forbid unsafe
behaviors, improving retraining efficiency in reinforcement learning. Schrum et al. [100] propose
MIND MELD, a personalized meta-learning framework that infers user-specific feedback styles
via variational embeddings to correct suboptimal human labels in robot-centric imitation learning,
improving task performance and user trust.

3.5.2. Failure Handling and Recovery

In the context of affective HRI, failure handling encompasses both the identification of break-
downs via human affective cues and the management of socio-affective errors. We focus on capabilities
for detecting and recovering from failures that directly impact the affective loop or leverage human
emotional responses as diagnostic signals. Consequently, purely technical fault tolerance and diag-
nostic mechanisms that do not directly involve human emotional dimensions are excluded from this
discussion.

Failure detection is a critical capability that enables robots to recognize breakdowns or deviations
in task execution, interaction processes, or system states. By detecting such failures in a timely manner,
robots can maintain coherent task and environmental awareness and better cope with unforeseen situ-
ations during interaction. In affective human-robot interaction, human reactions can serve as cues for
failure recognition. Trung et al. [101] propose an automatic error detection approach in human-robot
interaction by classifying human head and shoulder movements. Using RGB-D data collected during
interactions involving social norm violations and technical failures, they show that human motion
cues can effectively indicate error situations, with performance varying across classifiers and user
familiarity. Kontogiorgos et al. [102] investigate users’ behavioral responses to robot conversational
failures by manipulating embodiment (a human-like robot versus a smart speaker) and failure severity.
They train a random forest classifier and compare its performance with human annotations, showing
that embodiment significantly shapes gaze and speech cues used for failure detection. Loureiro et al.
[103] developed a pipeline for robots to detect and classify social norm violations and technical failures
by monitoring human non-verbal social signals, such as facial expressions and eye gaze, through the
robot’s onboard camera. Their approach combines these social cues with robot context logs to achieve
accurate error recognition.

In human-robot interaction, the occurrence of failures not only affects task execution but also
shapes how humans perceive the robot. Therefore, a robot’s ability to respond appropriately to failures
is crucial for maintaining interaction quality and positive user perceptions. Some work focus on
the explanation of failures. Kwon et al. [104] propose an optimization-based method for robots to
generate expressive motions conveying incapability. These motions communicate task goals and
failure causes, improving user understanding, robot perception, and willingness to collaborate. Stange
and Kopp [105] investigate how self-explanations by social robots affect the perception of surprising
or undesirable intentional behaviors. Explanations based on folk-psychology strategies improved
understandability and desirability, with causal explanations proving most effective. Das et al. [106]
develop natural language explanations for robot fault recovery for non-expert users, integrating recent
action history and environmental context. Their encoder—decoder model autonomously generates
explanations that generalize to new environments and match hand-scripted methods in supporting
failure and solution identification. Other works focus on repairing human perceptions of the robot.
Tolmeijer et al. [12] propose a taxonomy of four trust-relevant HRI failure types—Design, System,
Expectation, and User—and corresponding mitigation strategies such as explanation, apology, and
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training. Green et al. [107] found affiliative humor improved bystanders’ competence perceptions,
while less robot-experienced users favored successful robots, highlighting perception-oriented failure
responses in HRI. Van der Hoorn et al. [84] found that robots blaming themselves for collaborative fail-
ures—especially when incorrect—were perceived as more trustworthy, friendlier, and more desirable
for future collaboration than those blaming human partners.

3.6. Ethical Capability

In affective human-robot interaction, ethical capability is particularly important, as various
capabilities in perception, strategy, expression, and sustainability can give rise to ethical concerns.
Robots therefore require the ability to act within ethical constraints, which we categorize into privacy
protection, moral awareness, deception avoidance, and discriminatory avoidance.

3.6.1. Privacy Protection Capability

Privacy protection capability denotes a robot’s ability to appropriately handle information arising
during interaction. This capability supports the maintenance of user trust by enabling context-aware
management of informational boundaries in affective interactions. Tang et al. [108] proposed CONFI-
DANT, a privacy controller for social robots that uses conversational metadata (e.g., sentiment, topic,
relationships) to infer privacy boundaries and regulate information sharing, significantly improving
perceived trustworthiness and social awareness in human-robot interaction. Dorafshanian et al. [109]
present a differential privacy library for social robots that enables nontechnical users to securely share
statistical data. By incorporating risk thresholds and disclosure impact assessment, the approach miti-
gates privacy risks associated with large-scale personal data collection in social robotics. Aryania et al.
[110] examine how design transparency affects trust and data-sharing behavior in public human-robot
interactions. Through a user study with a social robot, they show that higher transparency and data
sensitivity awareness lead to more cautious data-sharing decisions, despite limited impact on user
trust.

3.6.2. Moral Awareness Capability

Moral awareness capability enables a robot to recognize the ethical and normative dimensions of
an interaction. This capability involves identifying morally relevant situations and aligning affective
responses with established social expectations. Jackson and Williams [111] demonstrated that language-
capable robots generating clarification requests for morally impermissible commands can inadvertently
signal willingness to violate norms, thereby miscommunicating intentions and weakening human
adherence to those moral norms. Wen et al. [112] introduced a computational framework for robots
to generate norm-violation responses grounded in Confucian role ethics, showing that explanations
incorporating relational roles and context enhance trust, understanding, and perceived intelligence
depending on the social role enacted.

3.6.3. Deception Avoidance Capability

Deception avoidance capability refers to a robot’s ability to maintain appropriate alignment be-
tween its expressed behaviors and the expectations it evokes. In affective human-robot interaction, this
capability helps prevent misunderstanding and misplaced trust arising from emotional expressiveness
or social cues. Lacey and Caudwell [113] argue that the “cute” aesthetic in home robots functions as a
dark pattern by exploiting affective responses to obscure data collection practices, thereby undermining
user agency and long-term privacy considerations. Winkle et al. [114] applied ethical risk assessment to
socially assistive robots, finding that anthropomorphic behaviors—though potentially deceptive—are
generally acceptable and effective, advocating for customizable anthropomorphism rather than its
outright avoidance. Sharkey and Sharkey [115] highlight that deception in social robotics can occur
with or without intent, leading to overestimated robot capabilities and misplaced trust. They argue
that harmful impacts on individuals and society warrant ethical scrutiny, responsibility allocation, and
regulatory frameworks.
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3.6.4. Discriminatory Avoidance Capability

Discriminatory avoidance capability denotes a robot’s ability to support equitable interaction
across individuals and social groups. It concerns the regulation of affective perception and behavior to
reduce bias and ensure fair treatment in diverse human-robot interaction contexts. Winkle et al. [116]
demonstrated across U.S., Swedish, and Japanese samples that female-presenting robots responding to
sexist abuse with rationale-based, norm-breaking replies significantly enhanced credibility without
reinforcing harmful gender stereotypes. Trainer et al. [117] examine affinity bias in human-robot
interaction, showing that participants’ trust and teammate selection are influenced by avatar gender
and skin tone. Even when competency dominates choices, perceived similarity leads to biased
preferences, highlighting potential risks of discriminatory behavior in HRI. Barfield [118] investigates
inclusive design for social robots, emphasizing the accommodation of diverse user groups across
gender, culture, and religion. Drawing on Social Identity Theory, the work proposes guidelines for
human-robot interfaces that promote equity, diversity, and inclusion in interactive contexts. Londofio
et al. [119] survey fairness in robot learning, identifying sources of bias and resulting discrimination.
The work spans technical, ethical, and legal perspectives, highlighting unfair outcomes and strategies to
mitigate bias, providing a foundation for equitable and responsible robot learning. Fossa and Sucameli
[120] examines the ethical implications of intentionally embedding gender cues in conversational
agents, analyzing how such design choices can trigger social biases. The work evaluates strategies to
minimize discriminatory effects, informing socially responsible design in human-robot interaction.

4. Case Study on Existing Robots

In this section, we apply the proposed taxonomy to three representative robots: Optimus, Pepper,
and Erica. These robots were selected for their diversity in design and function. Optimus is a humanoid
robot primarily oriented toward physical task execution, with capabilities such as locomotion, object
manipulation, and interaction with physical environments. Pepper is a social robot designed for
human interaction, with capabilities focused on communication, emotion perception, and expressive
behaviors. Erica is a highly humanlike android specialized in conversational interaction and expressive
communication. Using the taxonomy, we highlight their capabilities across Perception, Strategy;,
Expression, Sustainability, and Ethics. Relevant information about these robots was obtained from the
RobotsGuide website'.

4.1. Optimus

Optimus, also known as Tesla Bot, is a humanoid robot developed by Tesla and designed as a
general-purpose robotic assistant. It aims to perform repetitive, dangerous, or undesirable tasks for
humans, particularly in industrial and everyday environments. Optimus can demonstrate capabilities
such as autonomous navigation, obstacle avoidance, and object manipulation to assist with physical
tasks.

Based on videos of Optimus shown on the RobotsGuide website?, its affective human-robot inter-
action capabilities can be categorized according to our taxonomy. In terms of Perception, Optimus can
recognize human intentions, including aggressive intent and the desire for specific objects, demon-
strating its Cognitive State Recognition capability. In Strategy, it can respond to a person’s desire for an
object by handing it over, reflecting its ability to Adapt to Human Mental States. Regarding Expression,
Optimus reciprocates greetings from humans, showing Politeness in interaction.

4.2. Pepper

Pepper is a humanoid robot developed by SoftBank Robotics, designed for social interaction. It
can perceive its environment and interact with humans through speech, vision, and touch, and is

https:/ /robotsguide.com/
2 https:/ /youtu.be/DrNcXgoFv20
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capable of recognizing basic emotions and engaging users through expressive behaviors. Pepper is
widely used in retail, public spaces, and research settings to facilitate human-robot interaction.
Based on Pepper’s promotional videos, Pepper size scanner® and Pepper SPECIAL MOVIE “Let the

future begin.”*

, its affective human-robot interaction capabilities can be categorized according to our
taxonomy. In terms of Perception, Pepper is able to detect when a person is unhappy, demonstrating
Emotion Recognition capability. In Strategy, it can comfort individuals who are feeling unhappy,
reflecting its Mental Assistant capability. Regarding Expression, Pepper conveys information and
emotions through changes in eye color, voice intonation, and body posture, reflecting Emotional
Expression capability. It can also express affirmation through gestures such as nodding, reflecting Social
Signal Expression capability. Moreover, Pepper maintains a continuous and lively presence during
interaction rather than remaining inactive when not performing explicit tasks, which reflects its Vitality.
When a person behaves aggressively toward Pepper, it can respond with appropriate feedback to
comfort the individual, demonstrating Politeness and helping to establish a sense of Trust.

4.3. Erica

Erica is a highly realistic humanoid android developed by researchers at Osaka University, Kyoto
University, and the Advanced Telecommunications Research Institute (ATR) as a research platform for
studying human-robot interaction. Designed to support natural conversation with humans, Erica can
understand spoken language, generate speech with a synthesized human-like voice, and display a
variety of facial expressions and head movements to support social interaction. She has been widely
used in research exploring conversational interaction and humanlike presence in social robots.

Based on videos of Erica shown on the RobotsGuide website, her affective human-robot interaction
capabilities can also be analyzed according to our taxonomy. In terms of Perception, Erica is able to
recognize human laughter (demonstrated in the video Shared Laughter with ERICA®), reflecting her
Emotion Recognition capability. After detecting the user’s laughter, she responds by laughing along,
demonstrating social responsiveness. This behavior can be categorized under Strategy, specifically
Context Awareness and Adaptation, as she produces an appropriate response based on the user’s state. A
notable strength of Erica lies in her expressive ability. With a highly humanlike face, she is capable of
conveying emotional information through rich facial expressions and gaze behaviors, reflecting Emo-
tional Expression and Cognitive State Expression capabilities. Furthermore, Erica’s extremely humanlike
appearance also reflects a high level of Anthropomorphism.

5. Conclusion

We propose a unified capability taxonomy for autonomous robots in affective human-robot
interaction (HRI) to address the dispersion of existing research. The taxonomy is structured around
five dimensions—Perception, Strategy, Expression, Sustainability, and Ethics. The taxonomy, which
organizes diverse research efforts into a coherent framework, provides a systematic reference for robot
design and future studies. Overall, it aims to support the development of socially competent robots
capable of natural, trustworthy, and meaningful interactions with humans.

While the current work presents a capability taxonomy that organizes key functions for affective
HRYI, it remains a conceptual framework. Future work could extend this taxonomy into a compre-
hensive evaluation standard, not only defining the relevant categories but also specifying criteria for
assessing performance within each category. Such an extension would provide practical guidance
for designing, benchmarking, and comparing affective robotic systems, moving from a descriptive
framework toward actionable assessment and design support.

3 https:/ /youtu.be/u9TiVa-_af4
4 https://youtu.be/pKEeZvXSyQU
5 https:/ /youtu.be/6tMiWog4100
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