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Abstract

As populations age worldwide, demands for older-adult and patient
care is growing faster than the capacity of caregiver and clini-
cal workforce. Foundation models are increasingly integrated into
robots and interactive agents for patient and elderly care with the
promise of more flexible communication and task guidance than
conventional robotic systems. However, care settings requires reli-
ability, safety, and workflow compatibility, and it remains unclear
how current embodied systems can translate technical advances
into real-world impacts. We present a targeted mini-survey of 22
studies from 2023-25 on foundation model-enabled care robots.
We synthesize (i) integration patterns and design features, and (ii)
empirical evidence on user experience and health-related outcomes.
Across studies, most systems integrate foundation models as an
interaction and reasoning layer through voice-first pipelines and
socially assistive embodiments, with limited multimodal grounding
for closed-loop autonomy. Evaluations are primarily feasibility-
focused which emphasizes acceptability, usability, engagement, and
qualitative feedback. We also highlight gaps that limit cross-study
comparisons and real-world deployment challenges.
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1 Introduction

The rise of foundation models, especially large language models
(LLMs) and vision-language models (VLMs), has sparked interests
in their applications to robotics for older-adult and patient care
[2, 11, 37]. Compared to traditional rule-based dialogue and hard-
coded interaction scripts, foundation models offer a practical way
to support more flexible communication, personalization, and task
guidance [32, 34] in messy real-world care contexts [10, 33]. In
principle, these foundation models trained on large-scale multi-
modal data such as text, images, and sensors to ensure robots that
can understand natural language instructions, adapt to unfamil-
iar situations, and interact more intuitively with people who need
assistance [1, 13, 36].

The global aging population has increasing demand for care
while caregivers and clinical staff face growing workload con-
straints [3, 8, 9]. A robot that can fetch medications or provide
companionship without needing explicit programming for every-
day scenario could make a real difference. However, deploying such
systems in care settings raises practical questions about reliability,
safety, and whether the complexity they introduce actually solves
the problems caregivers and patients face [29]. Although founda-
tion models bring new capabilities that can potentially generalize
across interactive tasks, learn from demonstrations, and handle hu-
man environments without explicit feature engineering, they also
introduce new challenges such as hallucinations and disruptions
in conversations [14, 16]. Despite the rapid progress, much of the
research focuses on technical capabilities and less is driven by evi-
dences that foundation model-enabled robots can deliver reliable,
workflow-compatible value in real-world care settings.

To address these gaps, a focused review is needed to synthesize
how foundation models are actually integrated into embodied care
systems, and to understand the impacts on user experiential factors,
safety, and health outcomes [24]. In this mini-survey, we analyze
22 recent studies on foundation model-based robots and agents
for older-adult and patient care. We organize findings around (i)
how foundation models are integrated into embodied and semi-
embodied care systems, (ii) the experiential evidence reported in
user evaluations, and (iii) the types and strength of health outcomes
measured.
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2 Methods

We conducted a survey to understand how foundation model-based
robots for older-adult and patient care, focusing on recent work
from 2023-2025. We searched Google Scholar, ACM Digital Library,
IEEE Xplore, and arXiv using combinations of keywords such as
(“foundation model” OR "LLM" OR “large language model” OR
“vision-language model”) AND ("robot" OR “social robot” OR “assis-
tive robot” OR "agent") AND ("older adult” OR "elderly" OR "patient”
OR "caregiver" OR "dementia" OR "healthcare").

We included papers that (i) explicitly used a foundation model
(e.g., LLM/VLM) as a central component of the system’s interaction,
reasoning, or tool-use; (ii) targeted older adults, patients, caregivers,
or clinical staff in a healthcare or assistive-care context; and (iii)
provided system details and empirical evaluations. We excluded pa-
pers that were (i) purely technical robotics demonstrations without
a care setting, population, or care task framing, (ii) works without
a foundation model component, and (iii) non-empirical studies.

For each included study, we extracted key attributes such as pop-
ulation, condition, model usage, types of robot, task and purpose,
study setting, and summarized reported outcomes, with particu-
lar attention to experiential factors and any reported care/health
impacts. 22 studies were included based on the above criteria and
search process.

3 Design Features for Foundation Model-Based
Robots

Across 22 studies in the review (Table 1), these robots largely repre-
sent systems where LLM is the primary interaction and reasoning
layer such as free-form dialogue [27], structured coaching and
assessment [7, 30], summarization and triage [35], or tool-use to
trigger robot functions [18], often paired with speech pipelines and
lightweight safety moderation. Many systems implement LLMs as
open-ended conversational partners or well-being support agents
for older adults (e.g., daily check-ins and reflective conversation)
[17, 19]. Others emphasize LLM-mediated information exchange
and care coordination in low-embodiment settings to reduce fric-
tion for older adults and providers [35]. The target population skew
toward older adults (e.g., 65+), with several studies focusing on
mild-moderate cognitive impairment [6, 22] and a smaller set tar-
geting physical assistance needs (e.g., feeding support) [20, 27].
Some works also target caregiver and staff-facing interaction loops
which suggests that patient-facing companionship is only one slice
of the emerging design space [35].

Among all studies, the design space is largely defined by embod-
iment and control rather than model choices. Most robots attach an
LLM to an existing platform as a conversational brain, with socially
assistive robots (humanoid and tabletop) used to improve presence
and engagement [16, 17], and a smaller subset of mobile compan-
ions extending interaction across home-like spaces [23]. Physically
assistive manipulation robots remain less common, and are typi-
cally constrained to a narrow action library with explicit safeguards
[5]. For instance, Miyake et al. [25] designed a range-of-motion
training exercises using humanoid robots to emphasize communi-
cation that demonstrates motion using LLMs, and found that the
system can increase the preference and experience of willingness to
participate in the exercises. In terms of architecture, systems most
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often implement a voice-first loop for real-time speech recognition
and translation, sometimes paired with a screen for confirmations
[6, 22], while multimodal grounding such as vision, environment
context, and user state signals is used less often and mainly for
prompt conditioning rather than closed-loop autonomy [19].

Overall, these studies reveal that foundation models are cur-
rently most impactful as an interaction and text generation layer
that expands what care and assistive robots can say and how flexi-
bly they can respond. There currently lacks the study on reliability
in user interaction, including turn-taking breakdowns, common
sense knowledge, and hallucinations, which can directly decrease
trust and engagement in older adult use cases. There is also limited
integration of multimodal and contextual grounding into decision-
making loops, which constrains many systems to conversation-first
autonomy and makes action execution difficult to scale beyond pre-
defined skill libraries. The reviewed literature also suggests an un-
derexplored area in co-use settings for patient—caregiver—clinician
loop, where LLM-enabled robots may provide the most immediate
value as mediators of communication and care routines.

4 Health Outcomes

Empirical evidence is mostly based on the feasibility results. Most
studies reported experiential outcomes such as acceptability, us-
ability, engagement, and qualitative feedback, and fewer papers
reporting validated health and behavioral outcomes [7, 28]. Studies
are conducted across diverse contexts, including home-like contexts
and senior living [26], clinical and hospital-oriented deployments
[6], as well as lab studies and simulations [25, 30]. Across settings,
user experience outcomes are strongly shaped by interaction reli-
ability (e.g., speech recognition quality, response latency) and ex-
pectation management (what the robot can do and when it should
pass to caregivers or clinicians).

A recurring theme is that LLM integration can improve per-
ceived naturalness and reduce reliance on scripted dialogues, but
it also introduces new risks like hallucinations and off-topic re-
sponses which causes diminished trust and increase the need for
guardrails in aging population. For example, Blavette et al. [6]
reported clear quantitative experiential gains after iterative refine-
ment of a waiting area socially assistive humanoid robot, where
acceptability scores rose from 15.4 to 22.5 (out of 30) and usability
scale [21] improved from 47.9 to 69.3 (out of 100). The authors
explicitly attributed the improved interaction quality to technical
upgrades, including LLM integration that made responses more co-
herent and context-aware. On the other hand, Irfan et al. [16] noted
the challenges of the integration of GPT-3.5 [1] to personalized
companion robots for older adults with multi-turn conversations
such as disruptions in conversations, disengaging responses, and
outdated information that can lead to frustration, confusion, and
concerns. This demonstrates that conversational flexibility alone is
insufficient without reliability and safe grounding strategies [12].

In contrast, health and care outcome measures are reported less
frequently and are typically proximal rather than long-term clinical
results. Reported measures are often short-horizon improvements
in functional behavior and care processes, including task perfor-
mance [4], participation and adherence to activities [15], communi-
cation quality in care interactions [31]. A smaller subset explores
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Table 1: Taxonomy of design features in foundation model-
based robots.

Categories Examples

Foundation
Model’s Role

Dialogue and companionship ([16, 19]); Coaching
and structured guidance ([7, 25, 30]); Assessment and
screening ([4]); Workflow mediation (triage, summa-
rization, care coordination) ([31, 35]); Tool-use and
skill triggering ([18, 20])

Embodiment  Socially assistive robots (humanoid/tabletop) ([6, 16]);
Type Mobile companion/monitoring ([23]); Physically as-
sistive/manipulation ([5, 27]); Voice-only or low-

embodiment agents ([31, 35])

Interaction Voice-first Interface ([6, 22]); Voice and screen confir-

Modality mations ([6, 22]); Text-first and chat ([35]); Multimodal
cues for prompting (vision and user state) ([19])

Autonomy Conversational autonomy (information and support

Level only) ([16, 19]); Workflow autonomy (summarize,
triage, coordinate) ([35]); Constrained action auton-
omy (bounded skill library) ([5, 18]); Physical assis-
tance (task-specific actuation) ([27])

Grounding Prompt constraints and moderation ([6, 22]); Retrieval

and Safety and curated knowledge ([35]); Confirmation patterns
([5, 31]); Multimodal grounding ([19])

Deployment Homes and senior living centers ([23, 26]); Clinics and

Setting hospitals ([6, 31]); Labs and simulation ([25, 30])

cognition-related outcomes via repeated conversational tasks or
screening-style estimates (e.g., improved performance trends over
sessions, or better dementia-scale estimation accuracy) [4], but
these are generally framed as monitoring and engagement support
rather than validated diagnostic or intervention effects. For example,
Blanco et al. [4] evaluated an LLM-enabled conversational approach
for older adults that goes beyond user preference and reports out-
come evidence. The results showed that repeated interaction can
support measurable task-level improvement and LLM-based esti-
mation can outperform a simpler baseline for dementia-related
assessment. Notably, the authors still positioned these results as
early evidence and emphasized the need for validation before clini-
cal use.

These findings point to several existing research gaps. First,
outcome reporting across studies is highly heterogeneous, with
many papers using customized instruments or short study durations.
The field would benefit from a more consistent set of core outcome
measures aligned with common care goals such as engagement,
adherence, caregiver burden, communication quality, and domain-
specific functional outcomes. Second, many studies lack strong
comparative baselines (e.g., LLM-based robots vs conversational
agents), which makes it hard to attribute improvements specifically
to foundation models or general system implementations. Lastly,
more longitudinal and in-situ evaluations are needed to test whether
short-term improvements in experience and participation translate
into long-term behavioral or health benefits.
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5 Conclusion

This mini-survey reviewed 22 studies on foundation model-based
robots for patient care. Current systems mostly use LLMs as an
interaction and conversational layer in voice-first pipelines and
socially assistive embodiments, with limited multimodal grounding
and autonomy. Health outcome evidence is largely focusing on
feasibility related metrics and few report care outcomes. Progress
toward reliable real-world deployment is limited by heterogeneous
outcome reporting, lack of comparative baselines, and the need
of longitudinal in-situ validation. Addressing these gaps will be
essential for translating foundation model advances into dependable
care robotics.
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