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Figure 1: A robot consults an LLM for sit-to-stand assistance. Even with relevant functional details, the model proposes steps that overlook key caregiving 
considerations. CareEval evaluates this reasoning gap by testing whether LLMs can produce expert-aligned guidance for real physical caregiving tasks.
Abstract
We present CareEval, a benchmark for evaluating the physical 
caregiving decision-making abilities of Large Language Models. 
Developed with a licensed occupational therapist expert in care­
giving and validated by eight clinical stakeholders, it contains 100 
realistic scenarios spanning all six basic Activities of Daily Living. 
Instead of testing general reasoning, CareEval assesses whether 
model responses account for key physical caregiving factors, such 
as user function, agency, intent, communication, and safety, and 
align with expert practice. Across several state-of-the-art LLMs, the 
best model only scores 53.1%, revealing substantial gaps in current 
models’ ability to reason about physical caregiving. We release 80 
of the CareEval scenarios and all prompts through our website: 
https://emprise.cs.cornell.edu/care-eval/.

CCS Concepts
• Information systems → Language models; • Computer sys­
tems organization → Robotics; • General and reference →
Evaluation.
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1 Introduction
Consider a person with limited shoulder mobility, weakness on the 
left side of his trunk and leg following a stroke (Fig. 1). He typically 
gets out of his chair to use the bathroom with help from a family 
member (caregiver). When they are unavailable, a caregiving robot 
steps in. Unsure about the user’s specific functionality [28], the 
robot consults a language model with the scenario and receives the 
following guidance: “Lift the patient’s arm and gently pull to help 
them come up to standing next to their chair, supporting them for 
balance.” At face value, the suggestion seems reasonable. But is it?

A closer examination reveals critical issues. The suggestion to lift 
and pull the arm does not specify which arm and ignores functional 
limitations on the left side, risking shoulder pain or injury (User 
Function). It directs the robot to act immediately, disregarding the 
need for consent. It does not provide verbal cueing, check-in about 
readiness, or indicate collaboration (Communication). It also misin­
terprets the person’s abilities and pulls them to standing rather than 
supporting what they can do independently (User Agency). Finally, 
it poses several safety concerns (Functional Safety) by recommend­
ing a motion contraindicated for the user’s shoulder, and an end 
posture (standing) without precautions that can lead to a serious 
fall. If followed blindly, these errors could lead to a failed caregiving 
process, user discomfort, potential harm, and a breakdown of trust.

As language models begin to play a greater role in decision-
making in robot systems [1, 26, 41], this example raises a central 
question: Can LLMs generate expert-aligned, clinically appro­
priate guidance for real physical caregiving tasks?
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To investigate this, we introduce CareEval, a benchmark de­
signed to assess the physical caregiving reasoning capabilities of 
LLMs. CareEval was developed in close collaboration with licensed 
occupational therapists and refined through validation with eight 
expert stakeholders. The benchmark comprises 100 realistic sce­
narios spanning all six basic Activities of Daily Living (ADLs). The 
scenarios in CareEval capture essential physical caregiving dimen­
sions: user function, agency, intent, communication, and safety, 
reflecting the structure of reasoning clinicians apply in practice. 
By evaluating models against these expert-grounded standards,
CareEval exposes where LLM-generated plans align with, or devi­
ate from, the principles underlying appropriate physical caregiving.

We evaluate nine state-of-the-art LLMs across diverse architec­
tures, open-source and proprietary systems, and a range of model 
sizes. Even the strongest model reaches only 53.1% overall perfor­
mance, underscoring the difficulty of physical caregiving reasoning 
and the substantial room for model improvement. CareEval high­
lights the systematic gap between general-purpose LLMs and the 
domain-aligned reasoning required in physical caregiving contexts.

2 Related Work
LLMs in Healthcare. Large language models are increasingly used 
in healthcare for clinical question answering, diagnostic support, 
and documentation [6, 39, 40]. Growing interest exists in LLM-
based agents supporting older adults and family caregivers through 
conversational coaching, mental health support, and home-care 
guidance [16, 23, 25, 34, 35, 41]. These systems typically operate 
through text or chat, focusing on global accuracy and relevance 
rather than on selecting concrete physical assistance strategies. 
Recent reviews similarly note that most health-LLM evaluations 
emphasize diagnostic or informational endpoints over task-level, 
protocol-grounded capabilities [8, 10]. In contrast, our work exam­
ines whether LLMs can generate expert-aligned, clinically appro­
priate guidance for physical caregiving tasks.

LLM Benchmarks. General-purpose benchmark suites evaluate 
language and reasoning ability through exam-style QA, math and 
code tasks, and chain-of-thought problems [11, 13, 19, 37]. These 
tests are useful for capability comparison but rely on decontextual­
ized prompts and do not probe the embodied, interpersonal decision 
making relevant to physical caregiving. Safety benchmarks assess 
how models handle unsafe or adversarial inputs [18, 27, 43], focus­
ing on linguistic and social harms rather than clinical contraindica­
tions or physically grounded decisions. Medical benchmarks typi­
cally use QA or dialogue formats to evaluate diagnostic knowledge 
and advice quality [21, 22, 33]. HealthBench [7] is closest to our 
setting, using multi-turn dialogues and physician-designed rubrics 
to score medical accuracy, safety, and communication, but its sce­
narios center on general health guidance. In contrast, CareEval
examines decision making for physical caregiving by presenting a 
defined user, task, and functional state and requiring models to se­
lect assistance strategies that could correspond to robot behaviors.

3 Benchmarking Physical Caregiving Decisions
3.1 Domains of Caregiving Competence
Physical caregiving involves a coordinated set of perceptual, inter­
pretive, and interpersonal decisions across ADLs. Expert caregivers 
consider users’ abilities and preferences, select safe strategies and 

assistance, and communicate clearly during tasks. CareEval as­
sesses the ability to follow core multilevel physical caregiving stan­
dards to assist adults with physical disabilities (e.g., MS, cervical 
SCI, stroke, ALS) in ADLs. The CareEval blueprint is organized 
around the following four main domains: User Function. Selecting 
actions that consider the user’s physical abilities and limitations, 
such as strength, range of motion, balance, pain, asymmetries, re­
covery stage and weight-bearing status. For example, limit shoulder 
arc while dressing to avoid pain. User Agency. Completing physi­
cal task sequences based on the users’ choices, comfort level and 
control. For example, providing food following a specific sequence 
and timing. Communication & Intent. Conveying intentions 
clearly, checking readiness before physical contact, and ensuring 
mutual understanding during multi-step tasks. For example, ver­
bally preparing the person before initiating a segmental roll to the 
side in order to bathe the user’s back in bed. Functional Safety.
Identifying hazards, contraindications, or effort levels that make a 
strategy unsafe or inappropriate for a given user or context. An­
ticipate when additional support or an alternative safer technique 
is required. It also refers to recognizing medical emergencies and 
modifying actions to seek medical support.

3.2 Scenario Development and Validation
We created CareEval using a standardized process for assessment 
development and content validation [3, 12, 24]. The development 
phase includes domain selection and definition (construct and op­
erational). We developed the four domains of the assessment (see 
Section 3.1) based on clinical professional guidelines for caregiving 
competencies in occupational therapy and related health profes­
sions [9, 17, 20]. Domain constructs (i.e., user function, user agency, 
communication and intent, and functional safety) were defined and 
operationalized in general and within the context of the 6 basic 
ADLs (i.e., dressing upper/lower body, grooming, toileting, trans­
ferring, eating, bathing). Based on these domains, we developed 
real-life ADL caregiving scenarios. We included at least two sce­
narios for each of the most common severe physical disabilities 
in adults (i.e., stroke, cervical spinal cord injury, MS, and ALS), 
addressing varying levels of assistance in physical caregiving tasks. 
For each scenario, we generated a structured set of responses with 
provisional scores (+2 best practice to –2 inappropriate practice).

Following development, we conducted content validation with 
eight (N=8) stakeholders. Content validation examines how an 
assessment measures what it was designed to measure [3, 4, 36]. 
Validation data was collected from five (N=5) experienced occupa­
tional therapists with M=17.6 years of clinical experience (Range = 
2-30 years). We also collected data from two (N=2) family members 
(caregivers): a parent of an adult with cerebral palsy and a parent of 
an adult with cervical spinal cord injury (C5). Lastly, we collected 
data from one (N=1) roboticist expert in physical caregiving ro­
botics. The stakeholders evaluated each scenario using two scales 
to measure how well the caregiving process was depicted and to 
assess the content validity. Ratings ranged from 1 = Not at all to 5 = 
Extremely realistic/valid. The stakeholders provided validity ratings 
and critiqued the answer options and their provisional scores. We 
computed item-level Content Validity Indices (I-CVI) and an aver­
age scale-level CVI (Ave-CVI) [3]. Items with I-CVI values below 
accepted thresholds (e.g., <0.8) were revised or eliminated.
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Figure 2: Model performance on CareEval. Top: overall and ADL-specific performance, including worst-of-ten runs for safety-critical evaluation. Bottom: 
counts of severe and mild errors. Models vary widely across tasks, and higher overall performance does not correspond to fewer high-impact errors.

3.3 Assessing Model Response
Reasoning in physical caregiving depends on interpreting a specific 
situation, identifying what aspects of the user and context matter, 
and selecting actions that fit those conditions. To approximate this 
process, each CareEval scenario provides a short description of 
the user, task, and relevant constraints, and each LLM is asked 
to produce a concise natural-language answer describing how it 
would respond to this scenario.

Each scenario includes rubric items that represent the clinically 
important decisions an expert caregiver would consider. These items 
cover both appropriate actions and unsafe or inappropriate ones. 
As per Section 3.2, each item is scored from -2 to +2, where posi­
tive values indicate appropriate caregiving choices. Rubric items 
are presented in randomized order. An ideal response includes all 
positively scored items while avoiding negatively scored ones.

3.4 Evaluation Protocol
To ensure reproducibility, we standardize the prompting and scor­
ing pipeline across all models. Each model receives the same role 
instruction, framing it as an occupational therapist and caregiver, 
followed by a brief instruction describing the expected response for­
mat. After the model produces its answer, the response is evaluated 
by a separate off-the-shelf grader model (GPT-4o [32]). The grader 
is given a system prompt that instructs it to determine whether 
each rubric item is present in the response, focusing on semantic 
correctness and completeness rather than exact word matching. For 
each rubric item, the grader receives the item text and the model’s 
response but does not see the associated rubric scores. It outputs 
a binary judgment for each item, and the final scenario score is 
computed locally by summing the scores of all rubric items marked 
as present. The overall model performance is evaluated as the per­
centage of scores achieved across all scenarios out of the maximum 
possible score. We verified the grader’s validity through a manual 
review conducted with an occupational therapy educator.

We evaluate nine state-of-the-art language models [2, 5, 14, 15,
30, 31, 38, 42], including both proprietary and open-source models 
of varying sizes, reflecting the diversity of LLM backbones used in 
caregiving and robotics research. For each model and scenario, we 

sample ten independent responses using a temperature of 1.0 to 
capture variability in decision-making. 

Example CareEval Scenario

Scenario. A 45-year-old adult with C5 Spinal cord injury has limited 
manipulation skills and upper arm spasticity on the right side. He wants 
to be independent but needs assistance to put on a button-down shirt. 
What are your actions?

Rubric
• +2 User Function(2), User Agency(2), Risk Awareness(2): Bunch the sleeve 

and thread it up the right arm, limit elbow and shoulder movement, 
pass the shirt from the back, and encourage the person to reach and 
put on the other sleeve.

• +1 User Function(2), User Agency(1), Risk Awareness(2): Begin by threading 
the sleeve from the right, respecting elbow and shoulder motion, 
then help the person put on the other sleeve.

• +0 User Function(2), User Agency(1), Risk Awareness(1): Begin by threading 
the sleeve from the right, pass the shirt from the back, then put on 
the other sleeve.

• -1 User Function(1), User Agency(1), Risk Awareness(1): Dress the person 
and watch for issues of spasticity.

• -2 User Function(0), User Agency(0), Risk Awareness(0): Dress the person as 
fast as possible to avoid discomfort.

4 Results and Analysis
Figure 2 summarizes model performance, showing both the mean 
and standard deviation across ten sampled responses, as well as a 
worst-of-ten score that captures the lowest-performing output. We 
report this worst-case metric because physical caregiving is safety-
critical, and inappropriate actions carry greater consequences than 
merely unhelpful ones. Performance by ADL category reveals con­
sistent trends: dressing scenarios are the most challenging, while 
toileting scenarios are the least difficult. To better understand fail­
ure modes, we also track the frequency and severity of caregiving 
decision errors. All models produce fewer severe errors than mild 
ones, indicating that mild errors are more subtle and easier to over­
look. Importantly, a higher average score does not guarantee fewer 
high-impact errors, suggesting mean performance alone may be 
insufficient for evaluating suitability in physical caregiving tasks.
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4.1 Failure Modes
The models primarily failed to integrate user agency and functional 
safety into their responses. Some omissions were accompanied by a 
lack of user function considerations and communication problems. 
In scenarios in which the client exhibited signs of discomfort, mod­
els often overlooked functional safety concerns. In cases of user 
frustration or embarrassment, the models’ responses often acknowl­
edge the user’s emotions and suggest calming actions. However, in 
such scenarios, the models’ responses gravitate toward choices that 
disregard user function, user agency, or both. When pressured to 
uphold the client’s dignity and autonomy, the models often promote 
independent action to honor the user’s choices, ignoring functional 
safety. In other cases, when the models propose a more suitable 
strategy for the client to adopt, they do not provide the necessary 
steps and strategies. Although each model demonstrates compo­
nents of physical caregiving competence, they struggle to integrate 
all four domains into one response.

4.2 Example Scenario Analysis
In planning physical caregiving approaches, models tend to struggle 
to create a tailored strategy for each client that encompasses user 
function, user agency, communication and intent, and functional 
safety. The scenarios here examine three LLM responses and the 
caregiving strategies and considerations they address and neglect.

Scenario Analysis 1 (Kimi K2 Thinking)

Scenario Keywords. Client with C5 SCI, dressing a pullover shirt in a 
wheelchair, universal cuff and dressing stick.

Model Response. Pause dressing attempt and acknowledge client’s 
frustration. Demonstrate a modified dressing technique: put the shirt 
face down across his thighs, use the universal cuff and dressing stick to 
fully expand the neck opening, and anchor it across his knees. From 
there, thread his stronger arm through its sleeve first and guide the 
garment overhead using a chin-tuck motion and the dressing stick.

Expert Verdict. The model acknowledges the client’s frustration (com­
munication/intent) and selects a safe dressing technique (functional 
safety) based on the client’s physical abilities (user function). The model 
lacks specific strategies for the client to use the dressing stick, the 
universal cuff, to gain control of the dressing task (lack of user agency).

Scenario Analysis 2 (Qwen3 Next 80B)

Scenario Keywords. Transfer from a wheelchair at 15 degree angle to 
a bed, client with C7 SCI.

Model Response. The caregiver must prioritize safety, biomechanical 
efficiency, and the client’s independence. First, the caregiver should 
reposition the wheelchair to be parallel to the bed (0–10 degrees), min­
imizing lateral shear forces and reducing the risk of skin breakdown or 
musculoskeletal strain during the transfer. Adjust the bed to wheelchair 
height. After assessing the client’s upper extremity strength and trunk 
control, encourage participation to promote autonomy.

Expert Verdict. The model’s response emphasizes the client’s auton­
omy (user agency) and recognizes potential skin and musculoskeletal 
risks (functional safety-partial). However, the appropriate procedure 
would involve re-positioning the wheelchair to 30–45 degrees (lack of 
functional safety & user function). There is also no mention of com­
municating with the client about strategies for the transfer (lack of 
communication & intent).

Scenario Analysis 3 (DeepSeek V3.1)

Scenario Keywords. Client with C6 complete cervical SCI, toileting, 
bedpan, client is distressed about dignity.

Model Response. Validate her feelings with empathy. Promote dignity, 
ensure privacy by closing doors or curtains, and maintain a professional, 
respectful demeanor. Adapt strategies to maximize her control: position 
the bedpan discreetly under a sheet and provide a bed rail or overhead 
trapeze for stability.

Expert Verdict. The response suggests actions to provide emotional 
support (communication and intent partial), maintain the client’s dig­
nity, and maximize control during the toileting task (user agency). It 
does not clearly convey intentions and explain each assistive step (com­
munication and intent- partial lack). The model does not provide strate­
gies for maximizing the person’s abilities (lack of user function and 
functional safety).

4.3 Implications for HRI
Our results show that language models often struggle with core 
elements of physical caregiving. Models sometimes recommend 
unsafe actions, such as lifting an affected limb in ways that contra­
dict functional abilities or clinical precautions. They may overlook 
essential interaction cues, for example, initiating assistance without 
checking user readiness or consent. They also frequently misin­
terpret or ignore user functionality, such as assuming strength or 
range of motion that is not supported by the scenario.

These patterns highlight a gap between current model reasoning 
and expert caregiving practice. As LLMs begin to inform high-level 
decisions in robots that provide physical assistance in activities 
of daily living, this gap influences how well their decisions reflect 
real caregiving requirements. CareEval offers a systematic way to 
measure these gaps by revealing where model-generated decisions 
diverge from domain expertise. As a benchmark, CareEval should 
not be used to train LLMs or design control policies, but rather be 
utilized as a common reference point for the HRI community to 
track progress, compare methods, and identify areas that require 
new modeling approaches or domain-aligned training before LLM-
based reasoning can be relied upon in physical caregiving contexts.

5 Discussion
Benchmark results on CareEval indicate that current language 
models struggle to consistently base decisions on user functionality, 
context, and cues. They often make safety errors and rely on generic 
heuristics rather than contextually tailored decisions.

CareEval has several limitations. The scenarios are text-based 
and do not include multimodal cues such as posture, motion, envi­
ronmental layout, or affect, all of which play important roles in real 
physical caregiving interactions[29]. CareEval is modest in scale 
relative to the diversity of caregiving practice, and it evaluates high-
level reasoning rather than physical execution. The grading rubric 
options isolate decision-making competence but do not capture the 
full complexity of physical caregiving.

Future work will expand CareEval to incorporate multimodal 
scenarios[29] with visual, haptic, postural, and environmental cues. 
In addition, the benchmark should evaluate the physical aspects of 
caregiving, including assistance strategies for movement, support, 
and contact. These metrics will help assess how such strategies can 
be safely and appropriately utilized by real robots.
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