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Abstract
This work proposes a design concept for integrating a Theory of
Mind (ToM) architecture in a robot to support older adults in ag-
ing in place. The robot will continuously assess human capabilities,
adapt its assistance to preserve their intrinsic capacity (IC) and func-
tional ability (FA), and directly support Activities of Daily Living
(ADLs). While assistive robots exist, assistance is typically limited
to either purely social or companionship-oriented interactions, or,
in the case of physical assistance, is modeled as a binary decision
providing either full assistance or none. Such formulations fail to
account for the user’s continuously varying IC, FA, preferences,
and desire for autonomy. The goal of this project is to (i) integrate
assessments of cognitive and physical capabilities into a dynamic,
real-time humanmodel, (ii) evaluate ToM-based adaptation, and (iii)
validate the system through laboratory testing and long-term user
studies. The work addresses research gaps in cognitive monitoring,
adaptive assistance, and direct ADL support by socially assistive
robots.

CCS Concepts
• Human-centered computing→ Human computer interac-
tion (HCI); User models.
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1 Introduction
While the institutionalization of older adults is often framed as a
natural progression in later life, the majority of older adults, un-
surprisingly, expresses a strong preference to age in place (i.e.,
remain in their homes as they grow older). A survey conducted

This work is licensed under a Creative Commons Attribution 4.0 International License.
IH ’26, Porto, Portugal
© 2026 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-2422-0/26/07
https://doi.org/10.1145/3786579.3804921

in the United States found that nearly 90% of adults over 65 wish
to age in place [2]. This requires the ability to independently and
safely perform activities of daily living (ADLs) which are defined as
the basic routine activities necessary for daily life that most healthy
individuals can perform without assistance. These include personal
care tasks such as eating, dressing, bathing, using the toilet, man-
aging continence, and moving from one position to another. The
ability to perform ADLs is an essential measure of an individual’s
functional status and is an increasing challenge for many older
adults [16].

The World Health Organization’s Integrated Care for Older Peo-
ple (ICOPE) Handbook [54] defines healthy aging as “helping peo-
ple to develop and maintain the functional ability that enables
well-being in older age”. Functional ability (FA) refers to the health-
related attributes that allow individuals to do and be what they
value, reflecting how much a person can act by drawing on their in-
trinsic capacity (IC) within their environment. IC is “the composite
of all the physical and mental capacities that an individual can draw
on” and consists of five interrelated domains of locomotion, cogni-
tion, vitality, psychological well-being, and sensory function [54].
This concept of healthy aging urges healthcare for older adults
towards optimizing IC and FA throughout aging. As IC changes,
so do individuals’ needs and preferences for clinical, social, and
supportive services and care. Therefore, providing integrated and
continuous care that aligns with changes in IC and FA is essential
for promoting healthy aging and sustaining well-being [54].

Socially assistive robots (SARs) have been widely researched as a
support for providing care [4, 10, 19] and literature suggests that in-
creased interaction with SARs can improve mobility [37] and social
engagement among older adults [19, 37]. Despite these promising
findings, significant gaps remain in deploying SAR systems for
sustained cognitive and physical support in real-world home envi-
ronments. In particular, there is limited research on robots capable
of conducting both cognitive and physical monitoring and assess-
ment in domestic settings [3, 32], and continuously track the user’s
functional status to adapt assistance over time [19, 32]. A direct con-
sequence is that existing works often take on a technosolutionist
approach, where assistance is driven more by the robot’s technical
capabilities than by the user’s actual needs, increasing the risk of
both over-assistance and under-assistance, thus undermining aging
in place. This framing can give rise to robot-mediated paternalism
(RMP), where assistive robots provide unwanted assistance or inter-
fere with a user’s decisions and actions based on assumptions about
their autonomy and care needs [20]. Such interference, whether
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explicit or subtle, can occur even when systems are designed with
the intention of benefiting the user, and may ultimately diminish
user agency and autonomy [20]. Unfortunately, these risks are often
not explicitly considered in existing SAR systems. Finally, most
existing SAR applications focus primarily on companionship or
mental well-being, with limited work addressing direct support
for ADLs [4, 10, 19]. This work explicitly aims to avoid RMP by
preserving user agency and autonomy. Rather than deciding ac-
tions for the older adult, the robot is designed to support the user
by complementing their capabilities and providing assistance only
where gaps exist.

The identified research gaps lead to the following research ques-
tions.

• RQ1 - Understanding the older adult’s capabilities, in-
tentions & needs:How could a robot dynamically model an
older adult such that it can assess the older adult’s intrinsic
capacity, functional ability, preferences and needs to inform
adaptive assistance?

• RQ2 - Acting on understanding: How could a robot pro-
vide its assistance to the older adult such that it promotes
their agency and autonomy?

2 Problem Scope
ADLs are widely used as indicators of an individual’s physical and
cognitive functioning [26]. Within this context, hydration is a fun-
damental yet often overlooked component of eating-related ADLs,
requiring both sufficient fluid intake and the ability to carry out
the actions necessary to obtain and consume fluids. Hydration is
selected as the focus of this work due to its strong physiological,
cognitive, and functional relevance in aging populations. Physio-
logically, aging is associated with reduced kidney efficiency and
a diminished thirst sensation, together impairing fluid regulation
and increasing risk of dehydration [42]. Older adults therefore may
not naturally compensate for fluid loss. A recent systematic review
further links dehydration in adults aged 60+ to poorer cognitive
performance, particularly among those living independently [17].
From a cognitive perspective, maintaining hydration relies on mem-
ory, attention, and executive function. Older adults may forget
to drink, fail to recognize early signs of dehydration, or have dif-
ficulty maintaining consistent hydration routines. This worsens
with cognitive decline, making the initiation and completion of
hydration-related actions less reliable. Finally, from a functional
perspective, maintaining hydration involves a sequence of coordi-
nated actions requiring multiple cognitive and physical skills. For
successful hydration, an individual must (1) perceive internal or
external cues related to thirst, (2) recall the need to drink, (3) plan
and initiate a sequence of actions for hydration, (4) navigate to a
water source, (5) manipulate objects such as cups, bottles, sinks or
water dispensers, and (6) successfully consume the water. These
steps involve multiple IC domains defined in ICOPE [54], including
cognition, mobility, and aspects of vitality related to hydration [31].
Limitations in mobility or coordination can therefore directly im-
pact one’s ability to remain hydrated, and thus live independently.

Hydration thus represents a minimally complex yet represen-
tative ADL assistive scenario that requires coordination across
cognitive, physical, and behavioral domains of IC, and capabilities

when considering FA. As such, it provides a suitable starting point
for developing and evaluating adaptive assistance, capturing key
challenges present in more complex ADLs while remaining man-
ageable for preliminary system design and validation. Supporting
hydration also has broader implications for health, well-being, and
independence.

As illustrated in Figure 1, our goal is to enable a robot to: (RQ1)
Regularly and accurately assess the older adult on the cognitive and
physical capabilities required for self-hydration, along with daily
water intake; and (RQ2) adapt its assistance to the person’s current
IC and FA, which can range from verbal reminders to autonomously
fetching and providing water.

3 Related Work
3.1 Measuring Intrinsic Capacity
Standard clinical assessments provide objective and reliable meth-
ods for evaluating IC, particularly through measures of cognitive
and locomotor (mobility) performance to establish baseline IC lev-
els [8, 54]. Examples of standard geriatric assessments include the
Montreal Cognitive Assessment (MoCA) [38] for mild cognitive
impairment (MCI), the 4 Mountains Test (4MT) [13] for spatial
memory for the diagnosis of pre-dementia Alzheimer’s disease, and
the Short Physical Performance Battery (SPPB) for mobility [54].
While standard clinical assessments provide scientifically valid
measurements, they must be administered by trained professionals
and can’t be frequently administered due to practical constraints
and potential learning effects.

To address this limitation, prior work has inferred cognitive
and physical decline from ADLs [5, 14, 15, 52]. For instance, [52]
used motion sensors to detect changes in bathroom visits, sleep,
and social activity as indicators of early health decline, while [14]
correlated ADL features (e.g., activity duration, sensor triggers,
transitions) with clinical measures of cognitive and motor health. In
addition, Table 3.1 of the ICOPE handbook details a basic assessment
for loss of IC that can be done by anyone [54], shown in Figure 2.
We postulate that these questions can be administered by a robot
to monitor IC of the older adult on a day-to-day basis and detect
trends of improvement, decline or stability.

3.2 Assistive Tools for Functional Ability
Cognitive decline, mobility decline, and malnutrition are the major
contributors to IC decline [9, 47, 54]. Assistive tools, are considered
one of the most effective approaches for sustaining IC and FA [9, 54].
Assistive tools (e.g. wheelchairs, glasses, hearing aids, pill organiz-
ers, toilet chairs, fall detection systems, time management software
and captioning) maintain or improve FA and independence, and
thereby promote well-being.

For assistive robots, recognizing the presence and use of such
tools is critical, as they directly affect an individual’s functional
capabilities. For example, in a hydration task, the robot should ac-
count for whether assistive tools are available: if they are, assistance
can be adapted based on the user’s FA; otherwise, it should rely
more heavily on the user’s underlying IC to determine appropriate
support.
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Figure 1: Theory of Mind Model to Adapt Assistance According to Human Capabilities and Intentions.

Figure 2: ICOPE Table 3.1 Basic Assessment for Loss of Intrinsic Capacity.

3.3 Understanding User Intentions and Needs
In addition to estimating IC and FA, assistive systems must infer
the older adult’s intentions and needs to determine what assistance
to provide and when to do so. In other domains, intention recog-
nition approaches have employed recurrent neural networks [35],
probabilistic shared-autonomy models [23], and motion-legibility
frameworks [27]. Here, we propose that Theory of Mind (ToM)

for robot assistance would be highly suitable in care settings where
the robot must prioritize the older adult’s condition.

ToM refers to the ability of an agent to “...impute(s) mental states
to (themselves) and others. A system of inferences of this kind is
properly viewed as a theory because such states are not directly
observable, and the system can be used to make predictions about
the behavior of others” [44]. In robotics, ToM has been explored to
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enhance assistive communication in cooperative tasks [12], foster
trust between humans and robots [48, 49], and influence percep-
tions of social and task attractiveness [11]. These approaches vary
from reinforcement learning [12] to Wizard-of-Oz (i.e., robot behav-
ior is triggered by an experimenter remotely) and pre-programmed
behavioral models [11, 48, 49]. More recently, [6] proposed and eval-
uated a two-layer ToM-enabled architecture for socially adaptive
robot assistance tailored to the user’s capabilities in a card memory
game. This two-layer architecture combines the learning layer for
simulation and policy optimization (i.e., game strategy advice to
suggest), and the ToM layer for estimating the user’s strategy and
beliefs about the card choice. While this demonstrates how ToM
reasoning can be used, this implementation is still limited to so-
cial interactions. Overall, ToM can allow robots to reason about an
older adult’s intentions and needs in relation to their IC and FA to
plan assistive actions accordingly. This work extends prior work
by extending ToM reasoning to embodied, task-oriented contexts
for providing both social and physical adaptive assistance.

3.4 Human Activity Recognition and ADL
Classification

Automated human activity recognition and ADL classification have
been studied across multiple application domains using vision-
based, wearable, and multimodal sensing approaches [39, 43, 55].
Applications include general activity classification [34, 43, 55, 56],
ADL recognition for individuals with disorders [39], and activity
recognition tailored to older adults [46, 51].

In care settings, human activity recognition systems are primar-
ily used for monitoring, including general activity tracking [36], de-
tection of activities that precede hazardous events such as falls [40],
and recognition of activities performed in real-world environ-
ments [7]. While showing feasibility of activity recognition in real-
world settings, they are focused on observation and detection rather
than on enabling adaptive, task-level assistance.

One recent robot-centric framework has incorporated a multi-
modal deep-learning-based ADL classifier with a user state esti-
mation module capable of identifying seen, unseen, and atypically
performed ADLs [46]. Atypically performed ADLs are those done
different to how the seen ADLs were performed by a user. This rep-
resents a step toward richer user state modeling and significantly
improving activity recognition in realistic settings. However, the re-
sulting assistance remains binary, providing either full assistance or
none, and without considering varying IC, FA, preferences, or desire
for autonomy in the decision making. This limits the robot’s ability
to deliver nuanced support. Nevertheless, the proposed multimodal
user-state estimation approach provides a strong foundation for
activity recognition in adaptive assistive robotic systems.

It is also important to note that many existing activity recog-
nition and ADL classification models are trained on datasets that
under-represent older adults. As a result, these models may ex-
hibit bias or reduced performance (i.e., reduced reliability of in-
ferred activities) when applied to older adults, whose movement
patterns, speeds, and interaction behaviors can differ significantly
from younger or able-bodied populations. To mitigate this bias, this
work will prioritize using datasets that include older adult partici-
pants and anticipates collecting additional data where necessary.

3.5 Adaptive Robotic Assistance
Research on adaptive robotic assistance for physical care remains
limited. In [45], a framework was proposed which combined motion
anticipation for predicting human movement and utility inference
for estimating user preferences over physical task execution pa-
rameters (e.g., speed and force), evaluated on tasks such as feeding.
While the adaptive assistance is based on estimating some aspect
of the user state, the total level of assistance for each set of user
preferences remains fixed. As such, this form of adaptation tunes
how assistance is delivered rather than how much assistance is
provided, and therefore does not align with the notion of adaptive
assistance targeted in our work.

In [28], a Reinforcement Learning Assist-as-Needed (RL-AAN)
controller for robot-assisted upper-limb rehabilitation was pro-
posed, which dynamically balances user performance, effort, and
task difficulty to promote active participation. Although evaluated
only with healthy participants, the controller achieved comparable
movement accuracy to state-of-the-art methods while providing
substantially less assistance and led to improved retention of target
movements. However, the approach is also limited to short-term,
task-specific rehabilitation scenarios and does not model or track
user IC or FA over time. In [25], an adaptive robotic system was
proposed for assisting paralyzed users by modulating autonomy lev-
els based on cognitive fatigue, switching between fully controlled,
semi-autonomous, and fully autonomous modes. While this work
incorporates one aspect of the user’s internal state, adaptation only
occurs primarily at the level of autonomy selection, still with binary
assistance.

While these approaches introduce sophisticated mechanisms for
adapting assistance, whether through motion prediction, reinforce-
ment learning, or autonomy switching, they do not consider the
context of the user’s lived experience, including changes in IC, FA,
and personal intentions and goals. They primarily frame adaptation
as a control or policy problem rather than a holistic, temporally
extended process of supporting autonomy and well-being. This
overlooks the socio-cognitive and clinical dimensions essential for
sustained assistive care, thereby limiting the applicability of such
systems in real-world, long-term deployment scenarios.

3.6 Human-Centered Adaptive Robotic
Assistance

To provide effective and adaptive assistance, robot behavior should
not only maximize task success chances and usage of the older
adult’s IC and FA, but also preserve sense of agency, autonomy, and
preferences.

Regarding agency and autonomy, [18, 24] points out that while
SARs have strong potential to enhance human autonomy, they
could also inhibit and disrespect it, such as by focusing exclusively
on therapeutic goals and neglecting user autonomy. One way to
mitigate this is by using user-centered principles [18, 24, 53]. In [53],
the authors showed that a robot that always provides different op-
tions to the user (in this case children learning a second language)
is one way to maintain autonomy. [24] also noted that reliance on
extrinsic rewards was found to be detrimental. Hence, it may be
better to provide emotional rewards such as positive feedback or
compliments, as they inspire positive emotions and fortify users’
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enjoyment [24]. Aligning with the goals of this work, [18, 24] con-
cluded that SARs should empower users toward meaningful goals
and support their competencies, rather than restricting their choices
or offering superficial options without genuine consideration of
their autonomy.

In [29, 50], the authors found that for older adults without cogni-
tive disorders, a social robot can use a combination of multimodal
behaviors to help maintain engagement and prolong social interac-
tions. For those with Mild Cognitive Impairment (MCI), a robot’s
behaviors can be designed to (1) include repetition of instructions,
(2) minimize distractive behaviors by using pointing gestures for
visual focus of attention, (3) provide more time for each step of an
activity, and (4) give positive reinforcement when completing an
activity step. These findings are useful to employ in this work for
the behavior design of when the robot is providing assistance.

Continuous robot monitoring in home environments also raises
important concerns regarding privacy and dignity. Recent work has
shown that users’ perceptions of comfort and acceptability are also
influenced by how it is physically present in the environment—for
example, whether the robot remains in close proximity at all times
or maintains a respectful distance within shared spaces [22]. These
findings suggest that intrusive or persistent monitoring behaviors
may negatively impact users’ sense of privacy and dignity, even
when the robot’s intentions are assistive. Another important design
consideration is ensuring that monitoring and IC/FA assessment
are conducted in an unobtrusive manner or only on a voluntary
basis. In this work, the robot relies primarily on directly observable
data (e.g., general physical movements, ADL completion behaviors)
to infer the user’s state, rather than requiring explicit user input or
interrupting ongoing activities. For example, functional indicators
such as sit-to-stand performance can be assessed passively during
natural daily activities without requiring the user to perform ded-
icated tests. We address these considerations by designing robot
behaviors that are minimally intrusive, context-aware, and respon-
sive to user preferences. To ensure the resulting behavior design
achieves this, co-design sessions must be conducted with geriatric
professionals and older adults.

4 Concept
4.1 Robot Platform
For this work, we use the Stretch 3 [1] robot (Hello Robot, USA). It is
a mobile manipulator consisting of a mobile base and a manipulator
arm that can move vertically and extend and retract horizontally.
The arm has a gripper at the end with a payload of 2 kg, capable
of carrying a variety of household objects and open doors. We
chose Stretch 3 because its hardware and built-in manipulation
capabilities match our scenario, and its simple appearance does
not over-promise capabilities, which is a phenomenon observed
in social robotics and human-robot interaction research [30]. The
Stretch 3 robot has also been evaluated with older adults, which
confirms that its capabilities and use-cases are suitable and accepted
by older adults [41].

4.2 First Minimal Implementation
The current implementation utilizes a minimal finite state machine,
designed as a concept for the proposed interaction paradigm in

which an assistive robot supports ADLs by adapting its assistance
strategy to the older adult’s IC, FA, preferences, identified needs
and intentions. State machines are a way to model the behavior
of a system that can only exist in one of a few “states” at any
given time. Specific triggers called “transitions” allow the system
to change from one state to another. Transitions are often certain
conditions that have been fulfilled or commands that the system
received. Our state machine was created using Yet Another State
Machine (YASMIN) [21], a library for state machine development
specifically designed for use within the Robot Operating System 2
(ROS2) [33],the de-facto standard in middleware for robotics, also
used by the Stretch 3 robot.

4.3 Finite State Machine
The state machine illustrated in Figure 3 consists of three opera-
tional states: 1) Idle, 2) Assess, and 3) Assist. The robot will always
operate in one of these states.

4.3.1 Baseline Intrinsic Capacity and Functional Ability. The robot
will first establish a baseline for IC by conducting the basic assess-
ments from ICOPE discussed in Section 3.1. This is then used as the
baseline for the Assess State, which is updated with data acquired
from the robot sensors. To establish a baseline for FA, the usage of
assistive tools based on documentation from care records can be
input into the robot before deployment.

4.3.2 Idle State. In the Idle state the robot is on standby and pas-
sively observes the older adult and the environment. The actions
taken by the robot during this state can yield three possible out-
comes, two of which result in transitions to a different state. The
transitions are as follows:

1) Assessment Trigger / Timer: Robot transitions from
the Idle state to the Assess state either when a periodic
timer elapses (scheduled assessment) or when detected user
(in)activity triggers an on-demand assessment (event-driven
assessment of the user’s current state).
2) Assistance Need Detected / Timer: Robot transitions
from the Idle state to the Assist state when a need for as-
sistance is detected, or a periodic timer elapses without the
older adult drinking water. A need for assistance may trig-
ger through an explicit request or observed behavioral cues
indicating the intention to drink water.
3) Observing: If neither an assessment trigger nor an
assistance-related event occurs, the robot remains in the
Idle state and continues passive observation of the user and
environment.

4.3.3 Assess State. In the Assess state, the robot actively tracks
user behavior to infer and update the older adult’s internal state
and capabilities. Two transitions are possible, described as follows.

1) Assessing: Here, the robot uses its sensors to gather the
older adult’s activity data which are used for assessments
of the older adult’s IC (IC) and FA as well as for observing
preferences of the older adult. Assessment data are logged
and aggregated to produce assessment results, which up-
date the IC/FA and human preferences model within the
ToM framework. The robot remains in this state until suffi-
cient evidence is collected to reach a confident assessment.
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Figure 3: Concept of a State Machine for Hydration Task Considering both the Current Activity and Capabilities of the Older
Adult.

Upon assessment completion, it transitions back to the Idle
state. In the case of unobtrusive assessments (triggered by
older adult activity), the robot opportunistically leverages
spontaneous user activities when the observed interaction or
sensor data are sufficient to instantiate one or more of the ba-
sic assessment items shown in Fig. 2. In contrast, scheduled
assessments are initiated when a predefined time interval has
elapsed, prompting the robot to actively administer any basic
assessment tests from Fig. 2 that have not been completed
within the specified monitoring window. For scheduled as-
sessments, the robot will always first gain consent from the
older adult.
2) Assessment Complete: Robot transitions back to the
Idle state upon assessment completion.

4.3.4 Assist State. In the Assist state, the robot deploys adaptive
assistance strategies tailored to the user’s current estimated IC, FA,
and preferences. Based on the updated human model maintained
within the ToM framework, the system selects an appropriate as-
sistance strategy (e.g., verbal prompting, step-by-step guidance,
or physical assistance) from the assistance strategies model, and
refines its selection criteria via reinforcement learning. The robot
delivers and dynamically adapts the selected support in response
to the user’s ongoing behavior and interaction signals. The robot
remains in this state while it is providing assistance for the hydra-
tion task and transitions back to the Idle state once the assistance
is complete, i.e. when the robot detects that the older adult has
successfully consumed water. The transitions are as follows:

1) Assisting: Robot delivers and dynamically adapts the
selected support in response to the user’s ongoing behavior
and interaction signals.
2) Assistance Complete: Robot transitions back to the Idle
state upon assistance completion.

4.4 Example Scenarios
In this section we provide hypothetical scenarios of two different
older adults with different impairments to demonstrate how the
current state machine works and what that implies for the real
robot and older adult.

4.4.1 Example Scenario A. Consider an older adult with signifi-
cant physical impairment (i.e., reduced IC in mobility and dexter-
ity), including wheelchair use and temporary hand tremors, but
largely preserved cognitive IC. While the older adult is cognitively
able to recognize hydration needs, physical limitations make inde-
pendent fetching and handling a cup of water difficult. Although
such impairments are directly observable, relying solely on pre-
configured parameters (e.g., assuming a fixed level of assistance
based on wheelchair use) can lead to misaligned assistance. FA can
vary both across days and within a single interaction depending
on factors such as fatigue, pain, or temporary fluctuations in mo-
tor control (e.g., severity of hand tremors). Dynamic FA inference
enables the robot to move beyond static assumptions by continu-
ously estimating the user’s capabilities in real time. This allows the
robot to determine not only whether assistance is needed, but also
which type of assistance is appropriate, for example distinguishing
between situations where the user can independently grasp a cup
versus when physical support or full assistance is required. Table 1
walks through how the state machine operates step by step in this
scenario.

4.4.2 Example Scenario B. Consider an older adult with mild cogni-
tive impairment (i.e., reduced IC in cognition) but largely preserved
physical IC and FA. The older adult is physically capable of fetch-
ing and drinking water independently but may forget to hydrate
without external prompting. Table 2 walks through how the state
machine operates step by step in this scenario.

5 Conclusion and Future Work
This work presented a design concept and preliminary architec-
ture for a ToM–based assistive robot designed to support aging
in place by regularly and accurately modeling an older adult’s IC
and adapting assistance accordingly. Using the hydration task as
an illustrative scenario, we present a first concept of how adaptive
assistance can be created using a basic state-machine that, informed
by the user’s IC/FA and preferences and assistive strategies mod-
els, dynamically selects between cognitive and physical assistance
strategies depending on the user’s estimated functional abilities.

Future work will focus on the following. First, robot-
administered cognitive and physical geriatric assessments, multi-
modal sensing and activity-recognition pipelines will be integrated
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(a) Scenario A: Robot brings water to older adult with physical
impairment (wheelchair & temporary hand tremors) and little
to no cognitive decline

(b) Scenario B: Robot gives reminder to older adult with mild
cognitive decline (MCI) and little to no physical decline

Figure 4: Illustration of Example Scenarios of Older Adults with Different Impairments

Images generated using GPT Image 1.5.

Table 1: Example Walkthrough Scenario A. Older adult with physical impairment and little to no cognitive decline

Scenario Sensor Information Output State Machine

A0 Robot initializes baseline IC (IC) and FA from ICOPE screening [54].
Baseline: low physical IC/FA (wheelchair use, hand tremors), preserved cognitive IC.

A1 Older adult is sitting and watching TV No explicit hydration-related cues
detected

Idle (Observing)

A2 Older adult maneuvers wheelchair to
reach the TV remote and change channels

Vision and motion cues indicate lim-
ited reach range, slow wheelchair
maneuvering, and reduced fine mo-
tor stability

Idle → Assess (Triggered as-
sessment)

A3 Robot passively observes user’s activity
without interrupting the user

Multimodal activity data logged to
infer FA in mobility and dexterity
(wheelchair control, reach, grasp sta-
bility)

Assess (Assessing)

A4 Assessment is completed and IC/FAmodel
is updated

Confidence threshold reached; FA
(mobility/dexterity) updated in ToM
model

Assess → Idle (Assessment
complete)

A5 Prolonged sedentary activity without
drinking for an extended period

Time since last drink exceeds hydra-
tion threshold

Idle→Assist (Assistance need
detected)

A6 Robot selects assistance strategy based on
updated IC/FA (physical impairment, pre-
served cognition)

Low physical FA inferred; user cog-
nitively capable of following instruc-
tions

Assist (strategy selection)

A7 Robot verbally reminds the older adult to
drink water and suggests a low-effort op-
tion (e.g., straw, bottle within reach)

Audio/vision sensors detect user at-
tention and compliance attempt

Assist (Assisting)

A8 Older adult attempts to drink; hand
tremors cause difficulty stabilizing the cup

Visual cues indicate unstable grasp
and spillage risk

Assist (Assisting; adaptive as-
sistance refinement)

A9 Robot asks whether the older adult would
like help with drinking the water

Speech interaction indicates need for
assistance; user consents to help

Assist (Assisting; user-in-the-
loop adaptation)

A10 Robot provides physical assistance (e.g.,
stabilizes cup or repositions it closer)

Successful drinking detected; hydra-
tion status updated

Assist→ Idle (Assistance com-
plete)

A11 Older adult resumes watching TV No hydration need detected; passive
monitoring continues

Idle (Observing)
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Table 2: Example Walkthrough Scenario B. Older adult with MCI and little to no physical decline

Scenario Sensor Information Output State Machine

B0 Robot initializes baseline IC (IC) and FA from ICOPE screening [54].
Baseline: mild cognitive decline, preserved physical IC and FA.

B1 Older adult is reading in the living room No explicit hydration-related cues
detected

Idle (Observing)

B2 Scheduled periodic assessment is trig-
gered by timer

Robot gained consent and prompts
the older adult to perform short
ICOPE-based assessment actions
(e.g., simple recall, short walk)

Idle → Assess (Scheduled as-
sessment)

B3 Older adult performs prompted ICOPE as-
sessment actions

Multimodal sensor data (vi-
sion/audio/activity) logged to
update IC/FA and preferences

Assess (Assessing)

B4 Assessment is completed and IC/FAmodel
is updated

Assessment confidence threshold
reached; IC/FA estimates updated in
ToM model

Assess → Idle (Assessment
complete)

B5 Prolonged sedentary activity without
drinking for an extended period

Time since last drink exceeds hydra-
tion threshold

Idle→Assist (Assistance need
detected)

B6 Robot selects assistance strategy based on
updated IC/FA (preserved physical ability,
mild cognitive decline)

Human capable of physical mobility;
no gait instability detected

Assist (strategy selection)

B7 Robot verbally reminds the older adult to
drink water and suggests walking to the
kitchen to get a glass of water, explaining
that the short walk can also help maintain
physical activity

Audio/vision sensors detect user at-
tention and acknowledgment of the
reminder and suggestion

Assist (Assisting)

B8 Older adult stands up, walks to the kitchen,
fetches water, and drinks

Vision-based activity recognition in-
dicates successful sit-to-stand, walk-
ing, grasping, and drinking

Assist→ Idle (Assistance com-
plete; hydration status up-
dated)

B9 Older adult resumes reading No hydration need detected; passive
monitoring continues

Idle (Observing)

to provide intrinsic-capacity estimates measurements. Particular
attention will be given to the representativeness of training data by
prioritizing use of datasets including older adults or creating new
datasets with older adult participants. Second, this first concept
will be extended into a ToM-enabled adaptive decision architecture
capable of reasoning over longer temporal horizons, modeling user
preferences, and providing graded levels of assistance rather than
discrete intervention strategies. Third, the robot assistive behaviors
will be designed through co-design sessions with geriatric doctors,
care experts and older adults. To this end, we are currently estab-
lishing contact with geriatric doctors and care workers. Fourth, the
system will be evaluated through user studies to assess usability,
acceptance, and long-term effects on FA and autonomy.

Acknowledgments
This work was supported by the European Social Fund Plus (ESF
Plus) as part of the Margarete von Wrangell Junior Professor Pro-
gram.

References
[1] [n. d.]. Stretch Open SourceMobileManipulator —Hello Robot — hello-robot.com.

https://hello-robot.com/stretch-3-product. [Accessed 16-02-2026].

[2] AARP. 2014. Baby Boomer Facts on 50+ Livable Communities and Aging in
Place — aarp.org. https://www.aarp.org/livable-communities/info-2014/livable-
communities-facts-and-figures.html. [Accessed 01-08-2025].

[3] Nida Itrat Abbasi, Guy Laban, Tamsin Ford, Peter B. Jones, and Hatice Gunes.
2024. Robotising Psychometrics: Validating Wellbeing Assessment Tools in
Child-Robot Interactions. In 2024 33rd IEEE International Conference on Robot
and Human Interactive Communication (ROMAN). 1651–1658. doi:10.1109/RO-
MAN60168.2024.10731253

[4] Jordan Abdi, Ahmed Al-Hindawi, Tiffany Ng, and Marcela P Vizcaychipi. 2018.
Scoping review on the use of socially assistive robot technology in elderly care.
BMJ open 8, 2 (2018), e018815.

[5] Ane Alberdi Aramendi, Alyssa Weakley, Asier Aztiria Goenaga, Maureen
Schmitter-Edgecombe, and Diane J. Cook. 2018. Automatic assessment of func-
tional health decline in older adults based on smart home data. Journal of
Biomedical Informatics 81 (2018), 119–130. doi:10.1016/j.jbi.2018.03.009

[6] Antonio Andriella, Giovanni Falcone, and Silvia Rossi. 2025. Enhancing Robot
Assistive Behaviour by Mentalising User Intent and Beliefs with Reinforcement
Learning. International Journal of Social Robotics 17, 10 (01 Oct 2025), 2293–2309.
doi:10.1007/s12369-025-01280-z

[7] Muhammad Awais, Lorenzo Chiari, Espen Alexander F Ihlen, Jorunn L Helbostad,
and Luca Palmerini. 2018. Physical activity classification for elderly people in
free-living conditions. IEEE journal of biomedical and health informatics 23, 1
(2018), 197–207.

[8] John R Beard, Alana Officer, Islene Araujo de Carvalho, Ritu Sadana, Anne Mar-
griet Pot, Jean-Pierre Michel, Peter Lloyd-Sherlock, Joanne E Epping-Jordan,
G M E E Geeske Peeters, Wahyu Retno Mahanani, Jotheeswaran Amuthavalli
Thiyagarajan, and Somnath Chatterji. 2016. The World report on ageing and
health: a policy framework for healthy ageing. Lancet 387, 10033 (May 2016),
2145–2154.

[9] Jenay M Beer, Cory-Ann Smarr, Tiffany L Chen, Akanksha Prakash, Tracy L
Mitzner, Charles C Kemp, and Wendy A Rogers. 2012. The domesticated robot. In

https://hello-robot.com/stretch-3-product
https://www.aarp.org/livable-communities/info-2014/livable-communities-facts-and-figures.html 
https://www.aarp.org/livable-communities/info-2014/livable-communities-facts-and-figures.html 
https://doi.org/10.1109/RO-MAN60168.2024.10731253
https://doi.org/10.1109/RO-MAN60168.2024.10731253
https://doi.org/10.1016/j.jbi.2018.03.009
https://doi.org/10.1007/s12369-025-01280-z


Live Life to Your Fullest: Assistive Robot with Theory of Mind to Support Older Adults Aging in Place IH ’26, July 05–08, 2026, Porto, Portugal

Proceedings of the seventh annual ACM/IEEE international conference on Human-
Robot Interaction (Boston Massachusetts USA). ACM, New York, NY, USA.

[10] Roger Bemelmans, Gert Jan Gelderblom, Pieter Jonker, and Luc De Witte. 2012.
Socially assistive robots in elderly care: a systematic review into effects and
effectiveness. Journal of the American Medical Directors Association 13, 2 (2012),
114–120.

[11] Brenda Benninghoff, Philipp Kulms, Laura Hoffmann, and Nicole C. Krämer
Prof. Dr. 2013. Theory of Mind in Human-Robot-Communication: Appreciated
or not? Kognitive Systeme 2013, 1 (11 Jul 2013). doi:10.17185/duepublico/31357

[12] Moritz C. Buehler, Jürgen Adamy, and Thomas H. Weisswange. 2021. Theory of
Mind Based Assistive Communication in Complex Human Robot Cooperation.
arXiv:2109.01355 [cs.RO] https://arxiv.org/abs/2109.01355

[13] Dennis Chan, Laura Gallaher, Kuven Moodley, Ludovico Minati, Neil Burgess,
and Tom Hartley. 2016. The 4 Mountains Test: A Short Test of Spatial Memory
with High Sensitivity for the Diagnosis of Pre-dementia Alzheimer’s Disease.
Journal of Visualized Experiments 2016 (10 2016). doi:10.3791/54454

[14] Prafulla Dawadi, Diane J. Cook, and Maureen Schmitter-Edgecombe. 2014. Smart
home-based longitudinal functional assessment. In Proceedings of the 2014 ACM
International Joint Conference on Pervasive and Ubiquitous Computing: Adjunct
Publication (Seattle, Washington) (UbiComp ’14 Adjunct). Association for Com-
puting Machinery, New York, NY, USA, 1217–1224. doi:10.1145/2638728.2638813

[15] Christian Debes, Andreas Merentitis, Sergey Sukhanov, Maria Niessen, Nikolaos
Frangiadakis, and Alexander Bauer. 2016. Monitoring Activities of Daily Living in
Smart Homes: Understanding human behavior. IEEE Signal Processing Magazine
33, 2 (2016), 81–94. doi:10.1109/MSP.2015.2503881

[16] Peter F. Edemekong, Deb L. Bomgaars, Sukesh Sukumaran, and Caroline Schoo.
2025. Activities of Daily Living - PubMed — pubmed.ncbi.nlm.nih.gov. https:
//pubmed.ncbi.nlm.nih.gov/29261878. [Accessed 07-02-2026].

[17] Caroline J Edmonds, Enrico Foglia, Paula Booth, Cynthia H.Y. Fu, and Mark
Gardner. 2021. Dehydration in older people: A systematic review of the effects
of dehydration on health outcomes, healthcare costs and cognitive performance.
Archives of Gerontology and Geriatrics 95 (2021), 104380. doi:10.1016/j.archger.
2021.104380

[18] Paul Formosa. 2021. Robot autonomy vs. Human autonomy: Social robots, arti-
ficial intelligence (AI), and the nature of autonomy. Minds Mach. (Dordr.) 31, 4
(Dec. 2021), 595–616.

[19] Moojan Ghafurian, Shruti Chandra, Rebecca Hutchinson, Angelica Lim, Ishan
Baliyan, Jimin Rhim, GarimaGupta, Alexander Aroyo, Samira Rasouli, and Kerstin
Dautenhahn. 2024. Systematic review of social robots for health and wellbeing: a
personal healthcare journey lens. ACM Transactions on Human-Robot Interaction
14 (12/2024 2024). doi:10.1145/3700446

[20] Pratyusha Ghosh, Belen Liedo, and Laurel D. Riek. 2026. Disability Justice in
Human-Robot Interaction: Reflections on Paternalism, Autonomy, and Care
for More Equitable Futures. In Proceedings of the 21st ACM/IEEE International
Conference on Human-Robot Interaction (Edinburgh, Scotland, UK) (HRI ’26).
Association for Computing Machinery, New York, NY, USA, 754–764. doi:10.
1145/3757279.3785636

[21] Miguel Ángel González-Santamarta, Francisco Javier Rodríguez-Lera, Camino Fer-
nández Llamas, Francisco Martín Rico, and Vicente Matellán Olivera. 2022. YAS-
MIN: Yet Another State MachINe library for ROS 2. doi:10.48550/ARXIV.2205.
13284

[22] Nan Hu and Selma Šabanović. 2026. Generative Encounters with Robin: De-
sign through Adaptation and Appropriation of a Social Robot in Four Eldercare
Facilities. In Proceedings of the 21st ACM/IEEE International Conference on Human-
Robot Interaction (Edinburgh, Scotland, UK) (HRI ’26). Association for Computing
Machinery, New York, NY, USA, 306–315. doi:10.1145/3757279.3785575

[23] Siddarth Jain and Brenna Argall. 2019. Probabilistic Human Intent Recognition
for Shared Autonomy in Assistive Robotics. J. Hum.-Robot Interact. 9, 1, Article 2
(Dec. 2019), 23 pages. doi:10.1145/3359614

[24] Han Wool Jung, Jin Young Park, Todd Holoubek, Woo Jung Kim, and Jaesub Park.
2025. Socially assistive robots in mental healthcare: Principles and conceptual
framework for user-centered design. Int. J. Soc. Robot. 17, 11 (Nov. 2025), 2827–
2851.

[25] Enamul Karim, Maisha Maimuna, Ayon Roy, Minhaz Bin Farukee, Gaurav Nale,
and Fillia Makedon. 2025. An Adaptive Robotic Framework for Assisting People
with Paralysis in Daily Living Activities. In Proceedings of the 18th ACM Inter-
national Conference on PErvasive Technologies Related to Assistive Environments
(PETRA ’25). Association for Computing Machinery, New York, NY, USA, 419–423.
doi:10.1145/3733155.3736604

[26] Sidney Katz. 1983. Assessing self-maintenance: activities of daily living, mobility,
and instrumental activities of daily living. Journal of the American Geriatrics
Society 31, 12 (1983), 721–727.

[27] Mai Lee Chang, Reymundo A. Gutierrez, Priyanka Khante, Elaine Schaertl Short,
and Andrea Lockerd Thomaz. 2018. Effects of Integrated Intent Recognition and
Communication on Human-Robot Collaboration. In 2018 IEEE/RSJ International
Conference on Intelligent Robots and Systems (IROS) (Madrid, Spain). IEEE Press,
3381–3386. doi:10.1109/IROS.2018.8593359

[28] Andy Li, Riccardo Minto, Maximillan Dölling, Giovanni Boschetti, and Damiano
Zanotto. 2026. Personalized Adaptive Assistance With Reinforcement Learning
Control Enhances Engagement, Performance, and Retention in Robot-Assisted
Arm-Reaching Exercises. IEEE Transactions on Neural Systems and Rehabilitation
Engineering 34 (2026), 532–542. doi:10.1109/TNSRE.2025.3650096

[29] Yizhu Li, Nan Liang, Meysam Effati, and Goldie Nejat. 2022. Dances with social
robots: a pilot study at long-term care. Robotics 11, 5 (2022), 96.

[30] Jessica Lindblom, Julia Rosén, Maurice Lamb, and Erik Billing. 2025. “Take
Nothing on Its Look”: Revealing Users’ Expectations and Experiences in Social
Human–Robot Interaction. J. Hum.-Robot Interact. 15, 2, Article 29 (Dec. 2025),
47 pages. doi:10.1145/3772070

[31] Wan-Hsuan Lu, Emmanuel González-Bautista, Sophie Guyonnet, Laurent O
Martinez, Alexandre Lucas, Angelo Parini, Yves Rolland, Bruno Vellas,
Philipe de Souto Barreto, and MAPT/DSA Group. 2023. Investigating
three ways of measuring the intrinsic capacity domain of vitality: nutri-
tional status, handgrip strength and ageing biomarkers. Age and Age-
ing 52, 7 (07 2023), afad133. arXiv:https://academic.oup.com/ageing/article-
pdf/52/7/afad133/51122070/afad133.pdf doi:10.1093/ageing/afad133

[32] Matteo Luperto, Marta Romeo, Francesca Lunardini, Javier Monroy,
Daniel Hernández García, Carlo Abbate, Angelo Cangelosi, Simona Fer-
rante, Javier Gonzalez-Jimenez, Nicola Basilico, and N. Alberto Borghese. 2025.
Exploring the Viability of Socially Assistive Robots for At-Home Cognitive
Monitoring: Potential and Limitations. International Journal of Social Robotics 17,
5 (01 May 2025), 823–841. doi:10.1007/s12369-024-01158-6

[33] Steven Macenski, Tully Foote, Brian Gerkey, Chris Lalancette, and
William Woodall. 2022. Robot Operating System 2: Design, architec-
ture, and uses in the wild. Science Robotics 7, 66 (2022), eabm6074.
arXiv:https://www.science.org/doi/pdf/10.1126/scirobotics.abm6074
doi:10.1126/scirobotics.abm6074

[34] Jean Massardi, Mathieu Gravel, and Éric Beaudry. 2020. PARC: A Plan and
Activity Recognition Component for Assistive Robots. In 2020 IEEE International
Conference on Robotics and Automation (ICRA). IEEE, Paris, France, 3025–3031.
doi:10.1109/ICRA40945.2020.9196856

[35] Matija Mavsar, Miha Deniša, Bojan Nemec, and Aleš Ude. 2021. Intention Recogni-
tion with Recurrent Neural Networks for Dynamic Human-Robot Collaboration.
In 2021 20th International Conference on Advanced Robotics (ICAR). IEEE, Ljubljana,
Slovenia, 208–215. doi:10.1109/ICAR53236.2021.9659473

[36] Hamid Medjahed, Dan Istrate, Jerome Boudy, and Bernadette Dorizzi. 2009. Hu-
man activities of daily living recognition using fuzzy logic for elderly home
monitoring. In 2009 IEEE International Conference on Fuzzy Systems. IEEE, Jeju,
Korea (South), 2001–2006. doi:10.1109/FUZZY.2009.5277257

[37] Fawad Naseer, Muhammad Khan, Muhammad Tahir, Abdullah Addas, and Has-
nain Kashif. 2025. Enhancing Elderly Care With Socially Assistive Robots: A
Holistic Framework for Mobility, Interaction, and Well-Being. IEEE Access PP (01
2025), 1–1. doi:10.1109/ACCESS.2025.3567331

[38] Ziad S Nasreddine, Natalie A Phillips, Valérie Bédirian, Simon Charbonneau,
Victor Whitehead, Isabelle Collin, Jeffrey L Cummings, and Howard Chertkow.
2005. The Montreal Cognitive Assessment, MoCA: a brief screening tool for mild
cognitive impairment. J Am Geriatr Soc 53, 4 (April 2005), 695–699.

[39] Nadia Nasri, Roberto J. López-Sastre, Soraya Pacheco-da Costa, Iván Fernández-
Munilla, Carlos Gutiérrez-Álvarez, Thais Pousada-García, Francisco Javier
Acevedo-Rodríguez, and Saturnino Maldonado-Bascón. 2022. Assistive Robot
with an AI-Based Application for the Reinforcement of Activities of Daily Liv-
ing: Technical Validation with Users Affected by Neurodevelopmental Disorders.
Applied Sciences 12, 19 (2022). doi:10.3390/app12199566

[40] Yoosuf Nizam and M. Mahadi Abdul Jamil. 2020. Classification of Daily Life
Activities for Human Fall Detection: A Systematic Review of the Techniques and
Approaches. Springer International Publishing, Cham, 137–179. doi:10.1007/978-
3-030-38748-8_7

[41] Samuel A. Olatunji, James S. Shim, Adam Syed, Yao-Lin Tsai, April E. Pereira,
Harshal P. Mahajan, Raksha A. Mudar, and Wendy A. Rogers. 2025. Robotic
support for older adults with cognitive and mobility impairments. Frontiers in
Robotics and AI Volume 12 - 2025 (2025). doi:10.3389/frobt.2025.1545733

[42] Ellice Parkinson, Lee Hooper, Judith Fynn, Stephanie HowardWilsher, Titilopemi
Oladosu, Fiona Poland, Simone Roberts, Elien Van Hout, and Diane Bunn. 2023.
Low-intake dehydration prevalence in non-hospitalised older adults: Systematic
review and meta-analysis. Clinical Nutrition 42, 8 (2023), 1510–1520. doi:10.1016/
j.clnu.2023.06.010

[43] Ronald Poppe. 2010. A survey on vision-based human action recognition. Image
and Vision Computing 28, 6 (2010), 976–990. doi:10.1016/j.imavis.2009.11.014

[44] David Premack and Guy Woodruff. 1978. Does the chimpanzee have a the-
ory of mind? Behavioral and Brain Sciences 1, 4 (1978), 515–526. doi:10.1017/
S0140525X00076512

[45] Jason Qin, Shikun Ban, Wentao Zhu, Yizhou Wang, and Dimitris Sama-
ras. 2024. Learning Human-Aware Robot Policies for Adaptive Assistance.
arXiv:2412.11913 [cs.RO] https://arxiv.org/abs/2412.11913

https://doi.org/10.17185/duepublico/31357
https://arxiv.org/abs/2109.01355
https://arxiv.org/abs/2109.01355
https://doi.org/10.3791/54454
https://doi.org/10.1145/2638728.2638813
https://doi.org/10.1109/MSP.2015.2503881
https://pubmed.ncbi.nlm.nih.gov/29261878
https://pubmed.ncbi.nlm.nih.gov/29261878
https://doi.org/10.1016/j.archger.2021.104380
https://doi.org/10.1016/j.archger.2021.104380
https://doi.org/10.1145/3700446
https://doi.org/10.1145/3757279.3785636
https://doi.org/10.1145/3757279.3785636
https://doi.org/10.48550/ARXIV.2205.13284
https://doi.org/10.48550/ARXIV.2205.13284
https://doi.org/10.1145/3757279.3785575
https://doi.org/10.1145/3359614
https://doi.org/10.1145/3733155.3736604
https://doi.org/10.1109/IROS.2018.8593359
https://doi.org/10.1109/TNSRE.2025.3650096
https://doi.org/10.1145/3772070
https://arxiv.org/abs/https://academic.oup.com/ageing/article-pdf/52/7/afad133/51122070/afad133.pdf
https://arxiv.org/abs/https://academic.oup.com/ageing/article-pdf/52/7/afad133/51122070/afad133.pdf
https://doi.org/10.1093/ageing/afad133
https://doi.org/10.1007/s12369-024-01158-6
https://arxiv.org/abs/https://www.science.org/doi/pdf/10.1126/scirobotics.abm6074
https://doi.org/10.1126/scirobotics.abm6074
https://doi.org/10.1109/ICRA40945.2020.9196856
https://doi.org/10.1109/ICAR53236.2021.9659473
https://doi.org/10.1109/FUZZY.2009.5277257
https://doi.org/10.1109/ACCESS.2025.3567331
https://doi.org/10.3390/app12199566
https://doi.org/10.1007/978-3-030-38748-8_7
https://doi.org/10.1007/978-3-030-38748-8_7
https://doi.org/10.3389/frobt.2025.1545733
https://doi.org/10.1016/j.clnu.2023.06.010
https://doi.org/10.1016/j.clnu.2023.06.010
https://doi.org/10.1016/j.imavis.2009.11.014
https://doi.org/10.1017/S0140525X00076512
https://doi.org/10.1017/S0140525X00076512
https://arxiv.org/abs/2412.11913
https://arxiv.org/abs/2412.11913


IH ’26, July 05–08, 2026, Porto, Portugal Yang et al.

[46] Fraser Robinson, Souren Pashangpour, Matthew Lisondra, and Goldie Nejat. 2026.
PovNet+: A Deep Learning Architecture for Socially Assistive Robots to Learn
and Assist with Multiple Activities of Daily Living. arXiv:2602.00131 [cs.CV]
https://arxiv.org/abs/2602.00131

[47] Wendy A. Rogers, Beth Meyer, Neff Walker, and Arthur D. Fisk. 1998. Functional
Limitations to Daily Living Tasks in the Aged: A Focus Group Analysis. Human
Factors 40, 1 (1998), 111–125. arXiv:https://doi.org/10.1518/001872098779480613
doi:10.1518/001872098779480613 PMID: 9579107.

[48] Marta Romeo, Peter E. McKenna, David A. Robb, Gnanathusharan Rajendran,
Birthe Nesset, Angelo Cangelosi, and Helen Hastie. 2022. Exploring Theory of
Mind for Human-Robot Collaboration. In 2022 31st IEEE International Conference
on Robot and Human Interactive Communication (RO-MAN). IEEE Press, Napoli,
Italy, 461–468. doi:10.1109/RO-MAN53752.2022.9900550

[49] Martina Ruocco, Wenxuan Mou, Angelo Cangelosi, Caroline Jay, and Debora
Zanatto. 2021. Theory of Mind Improves Human’s Trust in an Iterative Human-
Robot Game. In Proceedings of the 9th International Conference on Human-Agent
Interaction (Virtual Event, Japan) (HAI ’21). Association for ComputingMachinery,
New York, NY, USA, 227–234. doi:10.1145/3472307.3484176

[50] Mingyang Shao, Michael Pham-Hung, Silas Franco Dos Reis Alves, Matt Snyder,
Kasra Eshaghi, Beno Benhabib, and Goldie Nejat. 2023. Long-term exercise
assistance: group and one-on-one interactions between a social robot and seniors.
Robotics 12, 1 (2023), 9.

[51] Xiangbo Shu, Jiawen Yang, Rui Yan, and Yan Song. 2022. Expansion-
Squeeze-Excitation Fusion Network for Elderly Activity Recognition.

arXiv:2112.10992 [cs.CV] https://arxiv.org/abs/2112.10992
[52] Marjorie Skubic, Rainer Dane Guevara, and Marilyn Rantz. 2015. Automated

Health Alerts Using In-Home Sensor Data for Embedded Health Assessment.
IEEE Journal of Translational Engineering in Health and Medicine 3 (2015), 1–11.
doi:10.1109/JTEHM.2015.2421499

[53] Peggy van Minkelen, Carmen Gruson, Pleun van Hees, Mirle Willems, Jan deWit,
Rian Aarts, Jaap Denissen, and Paul Vogt. 2020. Using Self-Determination Theory
in Social Robots to Increase Motivation in L2Word Learning. In Proceedings of the
2020 ACM/IEEE International Conference on Human-Robot Interaction (Cambridge,
United Kingdom) (HRI ’20). Association for Computing Machinery, New York,
NY, USA, 369–377. doi:10.1145/3319502.3374828

[54] World Health Organization. 2025. Integrated care for older people (ICOPE): guid-
ance for person-centred assessment and pathways in primary care. World Health
Organization, Genève, Switzerland.

[55] Haitao Wu, Wei Pan, Xingyu Xiong, and Suxia Xu. 2014. Human activity recog-
nition based on the combined SVM&HMM. In 2014 IEEE International Con-
ference on Information and Automation (ICIA). IEEE, Hailar, China, 219–224.
doi:10.1109/ICInfA.2014.6932656

[56] Yiqing Zhang and Takuya Maekawa. 2025. InterHandNet: Capturing Two-hand
Interaction for Robust Hand-washing Activity Recognition. In 2025 IEEE Interna-
tional Conference on Pervasive Computing and Communications (PerCom). IEEE,
Washington DC, USA, 13–24. doi:10.1109/PerCom64205.2025.00021

https://arxiv.org/abs/2602.00131
https://arxiv.org/abs/2602.00131
https://arxiv.org/abs/https://doi.org/10.1518/001872098779480613
https://doi.org/10.1518/001872098779480613
https://doi.org/10.1109/RO-MAN53752.2022.9900550
https://doi.org/10.1145/3472307.3484176
https://arxiv.org/abs/2112.10992
https://arxiv.org/abs/2112.10992
https://doi.org/10.1109/JTEHM.2015.2421499
https://doi.org/10.1145/3319502.3374828
https://doi.org/10.1109/ICInfA.2014.6932656
https://doi.org/10.1109/PerCom64205.2025.00021

	Abstract
	1 Introduction
	2 Problem Scope
	3 Related Work
	3.1 Measuring Intrinsic Capacity
	3.2 Assistive Tools for Functional Ability
	3.3 Understanding User Intentions and Needs
	3.4 Human Activity Recognition and ADL Classification
	3.5 Adaptive Robotic Assistance
	3.6 Human-Centered Adaptive Robotic Assistance

	4 Concept
	4.1 Robot Platform
	4.2 First Minimal Implementation
	4.3 Finite State Machine
	4.4 Example Scenarios

	5 Conclusion and Future Work
	Acknowledgments
	References

