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Fig. 1: We propose a framework that actively infers user-specific joint-space reachability from sparse interactions using a

structured latent model, enabling robots to calibrate assistance and avoid under- or over-assistance during physical tasks.

Abstract—Robots that physically interact with humans must
decide not only how and when to help, but also when not to help.
In physical caregiving and collaborative manipulation, robots
can over-assist by misestimating user capability or defaulting to
helping when users can act independently. Physical functionality
is highly individual, only partially observable, difficult to specify
a priori, and assistance policies are often not grounded in user-
specific ability, making calibrated intervention challenging.

We address this by actively inferring human joint-space
reachability from sparse interaction. Our framework represents
reachability using a compositional parametric model where a box
constraint is deformed by local Gaussian primitives. We learn
a latent space that decodes to these parameters and structure
it using biomechanical anchors from musculoskeletal simulation
and clinical anchors from retrieval-augmented reasoning over
rehabilitation literature. The robot maintains a belief over this
manifold and actively selects calibration queries to infer user-
specific functionality.

We evaluate through computational experiments and real-
robot studies with participants wearing resistance bands. Our
method achieves ≈0.50 IoU within 20 queries. In sandwich
making, reachability-aware assistance significantly improves user
perception of physical engagement (χ2(3) = 18.29, p < 0.001)
without increasing workload. In Action Research Arm Test
(ARAT)-inspired manipulation, we demonstrate online adapta-
tion. Website: https://emprise.cs.cornell.edu/human-reachability/.
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I. INTRODUCTION

In physical robot caregiving, increased robot capability does

not automatically lead to better assistance [2]. A robot that

intervenes too frequently can suppress user agency [42] and

contribute to “learned non-use” in rehabilitation, while a robot

that intervenes too sparsely can cause task failure or injury.

The robot often knows what the user wants to do (intent), but

lacks an accurate estimate of whether the user can physically

do it (functionality), or is simply ignorant of the user’s func-

tionality. When this internal estimate is inaccurate, assistance

becomes overly conservative or dangerously optimistic.

This paper focuses on a dominant failure mode in physical

robot caregiving: over-assistance caused by uncertainty about

human functionality [15]. Consider a robot assisting with

sandwich making: it might retrieve an ingredient near the

boundary of a user’s reachability, even if the user could safely

have reached it. While technically completing the task, such

assistance is unnecessary, intrusive, and agency-reducing. This

failure stems not from poor control, but from an underestimate

of reachability. Conversely, overestimating reachability risks

unsafe under-assistance. Thus, assistance quality hinges on

accurately estimating user reachability.

We model this through a reachability envelope, defined as

the set of joint-space configurations a user can safely achieve.

This envelope is highly user-specific, shaped by anatomy

and impairment, but the robot must infer it from sparse,

binary interaction outcomes. Existing assistive systems rely on



simplified geometric models [29], fixed reach limits [31], or

offline motion capture and biomechanical analysis [39]. How-

ever, these models require difficult-to-tune a priori parameters

and only provide point estimates, lacking explicit uncertainty

quantification necessary for safe, conservative reasoning.

Estimating reachability online is fundamentally challenging.

Exhaustively probing joint configurations is infeasible due to

safety risks and the physical demands on the user. Direct self-

report can describe broad limitations, but not the full joint-

space boundary needed for assistance decisions. Reachability

fluctuates due to short-term fatigue [35, 19] or long-term

disease progression [24]. The robot must therefore infer a

high-dimensional, structured reachability model from sparse

observations, remain conservative under uncertainty, and adapt

continuously as user reachability evolves. This leads to our

research question: How can we enable just-right robot as-

sistance by efficiently inferring and maintaining an accurate

estimate of a user’s reachability envelope from a small number

of interaction queries?

We address this using a model-based inference framework

that treats reachability estimation as a Bayesian active learning

problem [11]. We learn a structured latent representation of

reachability from synthetic data, constrained by two forms

of domain knowledge: biomechanical anchors from muscu-

loskeletal simulation [13] and clinical anchors extracted from

270,000 rehabilitation articles via GraphRAG [43, 20]. Dur-

ing interaction, the robot maintains a belief over this latent

manifold, actively selecting calibration queries to maximize

information gain regarding the reachability boundary. This

belief decodes into real-time reachability predictions to inform

assistance decisions.

By explicitly modeling uncertainty in human reachability

and updating reachability estimates in the loop, we design

robot policies that refrain from unnecessary assistance when

the user is capable, while remaining conservative when reach-

ability is uncertain or degraded.

Contributions. This paper makes three contributions:

• A compositionally structured latent representation of hu-

man reachability, grounded in biomechanical and clinical

anchors from musculoskeletal simulation and retrieval-

augmented reasoning over rehabilitation literature, en-

abling interpretable reachability estimation without ex-

haustive per-user calibration.

• A Bayesian active learning framework for online, person-

alized reachability estimation, enabling sample-efficient

adaptation through sparse user interaction.

• Real-robot validation with participants under emulated

mobility constraints, demonstrating that reachability-

aware assistance reduces over-assistance while maintain-

ing high task success in manipulation and sandwich-

making tasks.

II. RELATED WORK

A. Adaptive Assistance

Prior work in physical human–robot interaction highlights

the importance of adaptive assistance grounded in explicit

modeling of human capabilities, shared autonomy, and en-

vironmental context to support users with mobility limita-

tions [1, 7, 5, 38]. Existing approaches construct individu-

alized capability representations, such as calibrated reachable

workspaces or learned functional embeddings, to guide col-

laboration across users [12, 27, 3]. These offline calibration

methods provide strong user-specific estimates when sufficient

per-user data are available. Our goal is not to replace them, but

to infer and adapt reachability in-situ from sparse interaction

during assistance. Complementary efforts leverage multimodal

sensing to estimate body geometry, contact forces, and task

state for adaptive control [18, 30], or incorporate biomechan-

ical models into robotic systems to enable capability-aware

planning and assistive decision making [16, 25]. While task-

space reachability models are useful for planning over end-

effector workspaces, we model reachability in joint space be-

cause clinical range-of-motion limits, inter-joint coordination

patterns, and biomechanical priors are naturally defined over

joint configurations.

B. Shared Autonomy

Recent work in shared autonomy has shifted from fixed

autonomy to explicitly modeling the fluid shift of control

between humans and robots [1, 17, 2]. Complementary studies

emphasize constraint-aware human intent modeling for physi-

cal collaboration, introducing tightly coupled estimation-and-

control frameworks that account for both human operability

and robot kinematic constraints [40]. In rehabilitation robotics,

closely related assist-as-needed strategies provide assistance

only when users deviate from desired behaviors, preserving

autonomy and promoting active participation and engage-

ment [45, 26]. Collectively, these works reflect a broader

shift toward personalized shared autonomy that adapts robot

assistance to individual human capabilities.

C. Active User Modeling

Active learning has been widely adopted in HRI to infer

latent user attributes, such as preferences, skills, and reward

functions, while minimizing interaction burden [4, 22]. Prior

work has focused on efficiently estimating user preferences

and task proficiency through informative queries, including

dynamics-aware trajectory queries for reward inference [36],

contrastive skill learning [8], causal-tree models for training

difficulty estimation [9], and Bayesian formulations such as

BKT-POMDP for multi-skill proficiency estimation in collabo-

rative tasks [37]. We adopt active learning because reachability

is unknown, user-specific, and defined over a high-dimensional

joint space—making exhaustive or one-shot assessment costly.

By selecting only the most informative queries near uncertain

boundary regions, our approach enables sample-efficient on-

line inference of user reachability.

D. Clinical Knowledge Grounding

Recent advances in clinical retrieval-augmented reasoning

leverage curated medical knowledge to constrain inference
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Fig. 2: Framework overview. The framework learns a structured latent model of joint-space reachability shaped by biomechanical

and clinical anchors, then uses informative online calibration queries to infer user-specific functionality during interaction.

in safety-critical domains [46, 43], with extensions to robot-

assisted procedures and embodied decision making [21, 28, 6].

We integrate these perspectives by using GraphRAG [10] to

extract clinically grounded priors from large-scale rehabilita-

tion literature and impose them as auxiliary constraints within

an active learning framework for continuous joint-space human

capability modeling. This enables data-efficient, individualized

user modeling that is both interaction-aware and clinically

informed, supporting adaptive assistive decision making.

III. PROBLEM FORMULATION

We formulate reachability estimation as a Bayesian active

learning problem: given a limited query budget, sequentially

select joint configurations to probe such that the robot can

accurately infer the user’s reachability and make appropriate

assistance decisions under uncertainty.

A. Reachability Representation

Let Q ⊂ R
d denote the joint configuration space. A user’s

reachability is characterized by a latent code zu ∈ Z , where Z
is a learned latent space. This code parametrizes a continuous

reachability field f(·; zu) : Q → R, where f(q; zu) > 0
indicates configuration q is reachable and f(q; zu) < 0
indicates it is not. The reachability envelope is the zero level

set:

Ru = {q ∈ Q | f(q; zu) ≥ 0}. (1)

B. Observation Model

At step t, the robot queries configuration qt ∈ Q as a target

pose for the user to attempt, and observes a binary outcome

yt ∈ {0, 1} indicating whether the reach succeeded. We model

observations as Bernoulli trials:

p(yt = 1 | qt, zu) = σ

(

f(qt; zu)

γ

)

, (2)

where σ(·) is the logistic function and γ > 0 controls boundary

softness.

C. Inference Objective

Given interaction history Dt = {(qi, yi)}
t
i=1, the robot

maintains and sequentially updates a posterior belief p(zu |
Dt) using the observation model. Under query budget T , the

objective is to select queries maximizing information gain:

q∗t = argmax
q∈Q

I(zu; y | q,Dt−1), (3)

where I(·; ·) denotes mutual information. This naturally priori-

tizes queries near the reachability boundary where uncertainty

is highest.

For assistance decisions, the robot computes expected reach-

ability f̄(q) = Ez∼p(z|Dt)[f(q; z)] and its variance. High

expected values indicate confident reachability (no assistance

needed), low values indicate infeasibility (assistance required),

and high variance indicates uncertainty in the reachability

estimate.

IV. REPRESENTING USER REACHABILITY

We develop a parametric model of human joint-space reach-

ability that enables efficient synthesis of diverse, clinically

plausible impairment patterns. Instead of treating reachability

as an unstructured geometric object, we model it compo-

sitionally: a baseline constraint captures independent joint
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Fig. 3: Prior work models reachability using axis-aligned boxes or calibrated one-class SVMs [23, 27]. Boxes provide compact

bounds but assume largely independent joint limits, while SVMs provide strong user-specific boundary estimates from calibrated

data but yield data-dependent, variable-sized representations (Left). Our compositional model introduces additive and subtractive

local Gaussian fields, enabling flexible data generation and augmentation (Middle). We validate representation fidelity on real

user data and show scalability with additional fields (Right).

limits, while local primitives modify this baseline to represent

coupled limitations. This structure preserves key topological

properties observed in real human impairments while remain-

ing compact enough to support sample-efficient inference.

We focus on four degrees of freedom in the right upper

extremity: shoulder abduction-adduction, flexion-extension,

internal-external rotation, and elbow flexion-extension. This

abstraction captures gross motor reachability relevant to many

functional tasks and focuses on joints where mobility limita-

tions exhibit substantial inter-individual variation.

A. Compositional Parametric Model

Let q ∈ Q ⊂ R
4 denote a joint configuration. We represent

reachability using a continuous field f(q) ∈ R, where larger

values indicate greater feasibility and the zero level set defines

the reachability envelope.

Base kinematic constraint. We begin with a baseline that

captures independent per-joint limits without coupling. For

each joint i, lower and upper bounds [li, ui] define the feasible

range, with asymmetric weights wi > 0 allowing different

penalty rates approaching the lower versus upper limits. The

base field is:

dbase(q) = sminα

(

{

sminα(qi − li, wi(ui − qi))
}4

i=1

)

, (4)

where sminα denotes the LogSumExp soft minimum with

sharpness parameter α. This field assigns highest feasibility

to mid-range configurations and decreases smoothly toward

joint limits, treating all joints as independent.

Local coupling primitives. Joint limitations rarely occur

independently. Motion in one joint often restricts or en-

ables motion in others due to musculoskeletal geometry and

neuromotor coordination patterns. We model these coupled

constraints using local Gaussian primitives acting on joint-pair

subspaces.

For joint pair (i, j), each primitive k is defined by center

ck ∈ R
2, anisotropic covariance Σk, amplitude ak, and sign

sk ∈ {+1,−1}:

gk(q(i,j)) = ak exp
(

−(q(i,j) − ck)
⊤Σ−1

k (q(i,j) − ck)
)

. (5)

The final reachability field combines the baseline with these

primitives:

f(q) = dbase(q) +

K
∑

k=1

sk · gk(q(ik,jk)). (6)

Primitives with negative signs carve out infeasible regions,

modeling coupled restrictions such as reduced elbow extension

during shoulder flexion. Primitives with positive signs locally

expand the envelope, recovering feasible configurations that

the axis-aligned box would otherwise exclude (Figure 3). We

use K = 30 primitives (5 per joint pair: 3 negative, 2 positive).

Our compositional model provides an explicit parameter-

ization supporting both fitting and generation. As shown in

Figure 3, the model provides a compact parametric fit to

observed reachability data while enabling synthesis of new

reachability profiles through parameter perturbation. This gen-

erative capacity allows us to learn a latent space over diverse

reachability patterns, as described in Section IV-B.

Model capacity validation. To validate model expres-

siveness, we fit the parametric structure to reachability data

collected by Liu et al. [27], where participants wore braces

inducing controlled mobility constraints. As shown in Fig. 3,

models using both additive and subtractive primitives achieve

lower reconstruction error than subtractive-only baselines.

Error decreases monotonically with the number of primitives

per joint pair. We use 5 primitives per pair as a practical trade-

off between model expressiveness and compactness.

B. Latent Reachability Model

We learn a compact latent representation using an auto-

decoder [33]. Each training sample is associated with a learn-
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Fig. 4: Using a GraphRAG pipeline, the LLM retrieves user-specific clinical evidence and applies an OT-informed reasoning

framework to estimate joint range-of-motion priors, while musculoskeletal simulation provides biomechanical anchors.

able latent code zu ∈ R
16, and a shared decoder network (3

residual blocks, 512 hidden units per block) maps zu to the

parameters of the compositional model:

θ̂u = (l̂u, ûu, ŵu, {β̂u,k}
30
k=1), (7)

where (l̂u, ûu, ŵu) define the base box and β̂u,k contains the

primitive parameters (center, scale, amplitude, rotation) for

each of the 30 Gaussian primitives. Ground-truth primitives

are sorted by joint pair and center location to ensure consistent

ordering. The fixed signs sk are determined during data

generation and remain frozen.

Training objective. We supervise the decoder using smooth

ℓ1 regression on the predicted parameters. Box parameters

are trained in a center-span representation, and primitive

parameters are regressed against canonical targets:

Lrecon = Lbox + Lprim. (8)

This reconstruction loss trains the decoder to accurately predict

reachability parameters from latent codes.

C. Structuring the Latent Space

Parameter supervision alone does not guarantee that the la-

tent space reflects meaningful structure. We impose additional

regularization to encourage geometrically similar reachability

envelopes to have nearby latent codes and to align latent

directions with clinically interpretable patterns of impairment.

Geometric regularization. We preserve geometric similar-

ity in the latent space by evaluating each training sample’s

reachability field on a 164 grid to produce a binary occupancy

signature. We compute pairwise Hamming distances dgeo(i, j)
between these signatures and train latent codes such that their

Euclidean distances approximate these geometric distances:

Ldist =
1

|P|

∑

(i,j)∈P

(

d̃z(i, j)− d̃geo(i, j)
)2
, (9)

where d̃ denotes mean-normalized distance over batch pairs P .

We add covariance regularization Lcov to prevent dimensional

collapse and ℓ2 regularization Lprior toward the origin.

Clinical anchors. We generate anchor samples representing

clinical conditions identified by an occupational therapist as

clinically relevant and commonly observed in rehabilitation

practice (e.g., adhesive capsulitis, stroke hemiparesis, cervi-

cal spinal cord injury). We construct these anchors using

a GraphRAG pipeline over 270,000 rehabilitation articles

(Fig. 4). We establish a keyword-based relational hierarchy

to curate the literature database, parse articles to extract

key propositions about conditions, interventions, outcomes,

and ROM limitations, and organize them in a Neo4j [32]

knowledge graph. Given a condition description, the system

retrieves relevant propositions via graph traversal and applies

chain-of-thought reasoning to infer ROM bounds ak ∈ R
8

for each anchor k. A subset of these generated bounds was

reviewed and verified by the occupational therapist to ensure

clinical plausibility; additional conditions were generated by

the model to provide broader coverage of the impairment

space.

For each training sample, we decode ROM bounds ŷi via

line search through the level set and compute soft assignment

to clinical conditions c via Gaussian kernel:

p(c | i) =

∑

k∈c exp(−∥ŷi − ak∥
2/(2σ2))

∑

k′ exp(−∥ŷi − ak′∥2/(2σ2))
, (10)

with σ = 10, where the sum in the numerator aggregates over

all anchor variants belonging to condition c. We apply triplet

loss with cosine distance and margin m = 0.5 to samples with

confident condition assignments, pulling together latent codes

with similar clinical profiles and pushing apart dissimilar ones.

Biomechanical anchors. Clinical diagnoses provide high-

level categorization of impairment, but different conditions

can manifest similar ROM limitations through distinct un-

derlying mechanisms. To provide complementary low-level

structure, we augment clinical anchors with biomechanical

anchors derived from musculoskeletal simulation (Fig. 4,

right). Using SCONE [13] and Hyfydy [14], we simulate

anatomical movements under muscle weakness conditions to

generate ROM bounds for specific muscle group deficiencies.

Due to computational cost, we simulate single-degree-of-

freedom movements starting from anatomical neutral to isolate

individual joint limits. These anchors follow the same soft

assignment and triplet loss formulation, grounding the latent



space in physiological mechanisms that may be shared across

different diagnostic categories.

V. BAYESIAN ACTIVE LEARNING FOR REACHABILITY

INFERENCE

Having learned a latent manifold of reachability patterns in

Section IV, we now address the robot’s calibration problem:

efficiently inferring which point on this manifold corresponds

to a specific user. We treat this as a sequential inference

problem where the robot selects joint configurations to query

and updates its belief based on observed binary outcomes

(feasible/infeasible). The inferred posterior enables the robot to

predict reachability at unqueried configurations and modulate

assistance decisions under uncertainty.

A. Posterior Representation

We represent the posterior as a categorical distribution over

the training embeddings {z1, . . . , zN} learned by the auto-

decoder. Each embedding zi decodes to a reachability field

fi(q) via the fixed decoder network. We maintain unnormal-

ized log-probabilities ℓ ∈ R
N , initialized to zero, which define

the posterior via softmax.

This discrete parameterization bridges the generative model

from Section IV and the sequential inference process: the

categorical posterior naturally interpolates between training

embeddings through weighted averaging, and the large train-

ing set made possible by our parametric reachability model

provides broad coverage of clinically plausible impairment

patterns.

B. Active Query Selection

Given this belief distribution, the robot must select queries

that efficiently refine its estimate of user-specific reachability.

At each round, we select the next query by maximizing

predictive entropy over a candidate pool. For each candidate

configuration q, we compute the model’s predicted probability

that the user can reach q by averaging predictions across all

training embeddings, weighted by their posterior probability:

p̄(q) =
N
∑

i=1

p(zi | D) · σ

(

fi(q)

γ

)

, (11)

where σ is the sigmoid function and γ controls boundary

sharpness. The acquisition score is the binary entropy:

H(q) = −p̄(q) log p̄(q)− (1− p̄(q)) log(1− p̄(q)). (12)

To focus queries near the reachability boundary, we compute

the posterior-weighted mean field value f̄(q) =
∑

i p(zi |
D) · fi(q) and gate the acquisition score: candidates with

|f̄(q)| > δ are excluded. This concentrates queries where

the boundary is uncertain rather than in regions confidently

feasible or infeasible.

We maximize entropy over a discrete set of candidate

configurations sampled from the joint-space workspace. From

the scored candidates, we select queries greedily subject to

a minimum-distance constraint relative to previously queried

configurations to prevent redundant sampling.

TABLE I: Ablation for parametric reachability prediction.

Metric Ours Ours (no reg) Implicit

IoU ↑ 0.971 0.982 0.827

# Islands ↓ 1.32 1.31 32.23

Latent smoothness (ρ) ↑ 0.998 0.294 0.844

TABLE II: Prior initialization for active learning.

Prior IoU@0 ↑ IoU@10 ↑ IoU@20 ↑

Uniform 0.1140 0.5165 0.5353

Grid 0.5222 0.5788 0.6041

LLM 0.4706 0.6756 0.7988

C. Posterior Update and Prediction

Once a query is executed and the robot observes the

outcome, the belief state is updated to incorporate this new

evidence. After observing binary outcome y ∈ {0, 1} at query

q, we update the logits via Bayes’ rule. For each embedding

zi, we evaluate the likelihood:

p(y | q, zi) =

{

σ(fi(q)/γ) if y = 1

1− σ(fi(q)/γ) if y = 0
(13)

We apply tempered likelihood updates to prevent premature

posterior collapse:

ℓi ← ℓi + η log p(y | q, zi), (14)

where η < 1 is the tempering parameter. For prediction,

we compute the posterior-weighted average occupancy using

Eq. (11) with the updated posterior weights. This Bayesian

model averaging yields a calibrated probability reflecting both

the model’s prediction and its uncertainty.

D. Assistance Modulation

Finally, the robot leverages this evolving posterior to make

assistance decisions during task execution. For a goal config-

uration qgoal, we compute the posterior mean reachability via

Eq. 11 with q = qgoal.

The assistance gain is:

α(qgoal) = σ

(

−
f̄(qgoal)

γassist

)

. (15)

When f̄ ≫ 0, the configuration is predicted reachable and

α ≈ 0 (minimal assistance). When f̄ ≪ 0, the configuration

is predicted infeasible and α ≈ 1 (full assistance). The tran-

sition sharpness is controlled by γassist. In this work, posterior

uncertainty is used to guide query selection, while assistance

modulation uses the posterior mean; extending the controller to

use lower credible bounds or worst-case reachability estimates

is left to future work.
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Fig. 5: Left: reachability inference via active query selection. Right: active learning performance compared to baselines.

TABLE III: LLM joint limit prediction

Metric (MSE) ShoulderF ShoulderA ShoulderR ElbowF

Lower Bounds 29.06 11.77 12.12 27.18

Upper Bounds 24.94 20.93 10.08 25.84

VI. EXPERIMENTS

A. Parametric vs. Implicit Reachability Representation

We investigate whether explicit parameter prediction en-

ables better-structured latent spaces than implicit geometry

prediction. We compare our parametric decoder, which pre-

dicts box bounds and Gaussian primitive parameters that are

then composed into a reachability field, against an implicit

baseline that directly predicts signed distance fields using a

SIREN network [41] with FiLM [34] conditioning (see Sup-

plementary Material for architecture details). We also ablate

our geometric regularization to isolate its contribution to latent

space structure.

Metrics. We evaluate reconstruction IoU, topological con-

sistency (mean number of disconnected components; ideal =

1.0), and latent smoothness (Spearman correlation between

latent and geometric distances).

Key findings (Table I). Our parametric approach achieves

superior reconstruction accuracy compared to the implicit

baseline. More critically, the implicit baseline produces topo-

logically invalid outputs: the mean decoded volume con-

tains 32.23 disconnected components, violating the physical

constraint that human reachability forms a single connected

region. Our parametric approach produces near-ideal topology

(mean 1.32 components) as a consequence of the composi-

tional structure: the smooth Gaussian primitives modifying

a connected baseline naturally preserve connectivity in most

cases, though occasional disconnections can occur when prim-

itives carve through the middle of the envelope.

Unregularized parametric prediction suffers from parameter-

geometry ambiguity (different parameters can encode similar

shapes), causing manifold fragmentation and poor smoothness.

While the implicit baseline (SIREN) achieves smoothness via

continuous representation, our geometrically regularized ap-

proach matches this quality while preserving topological valid-

ity and reconstruction accuracy. This yields a structured latent

space combining smooth geometry with physical correctness,

essential for active learning to ensure posterior updates reflect

meaningful, valid reachability changes.

B. Language-Based Prior Initialization

We investigate whether language models can reduce calibra-

tion effort by leveraging natural language descriptions of user

conditions (e.g., “I have limited shoulder mobility due to a

rotator cuff injury”). Using an LLM augmented with retrieval

over a clinical knowledge base (Section IV-C), we map these

descriptions to a latent prior via optimization-based inversion,

enabling the robot to begin active learning from an informed

starting point rather than a uniform prior.

Key findings (Table II). LLM-based initialization achieves

competitive zero-shot performance (0.4706 IoU without physi-

cal queries) compared to 6 grid-sampled queries (0.5222 IoU),

eliminating the burden of initial exploratory queries. As active

learning proceeds, the LLM-initialized posterior converges

faster: by iteration 10, it reaches 0.6756 IoU compared to

0.5788 (grid) and 0.5165 (uniform). The final performance gap

persists at iteration 20 (0.7988 vs 0.6041 vs 0.5353), suggest-

ing the LLM prior places the posterior in a favorable region of

the latent space from which refinement is more effective. We

validate LLM prediction accuracy on real stroke patient data

(Table III), demonstrating that the approach produces clinically

plausible ROM predictions from textual descriptions alone.

C. Reachability Inference via Active Query Selection

We evaluate our complete active inference approach on in-

distribution and out-of-distribution users (Figure 5), measuring

IoU over 100 queries averaged over 20 test users in each set-

ting. Following prior calibrated reachability modeling, we use

one-class SVM envelopes fit to the data from Liu et al. [27] as
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Fig. 6: Robot Experiment Results: (a) Task conditions illustrating the effect of reachability model and policy on object

placement: under-prediction places items too close (over-assistance), over-prediction places them too far (under-assistance),

and our just-right policy targets the estimated reachability boundary; the always-help policy always repositions items near the

user regardless of reachability. (b) Sandwich-making task procedure: participants retrieved four ingredients (bread, mustard,

lettuce, cheese) sequentially. (c) Quantitative results across conditions: our just-right policy achieved the highest physical

engagement and maintained full task success (4/4) while keeping physical workload moderate. (d) ARAT-inspired grasping

task: the robot places a cube at the predicted reachability boundary on an ARAT shelf (red circle); if the user fails to grasp it,

the robot issues active queries and repositions accordingly. (e) Reachability adaptation: the posterior over the user’s reachable

workspace (dashed boundary) contracts as resistance band tension changed, and the robot updates object placement in response.

calibrated reference envelopes, and compare online inference

methods by how efficiently they recover these envelopes from

sparse queries. Thus, the SVM serves as the offline reference

model rather than a competing online inference representation.

In-distribution performance. Our method achieves strong

sample efficiency, reaching ≈0.50 IoU within 20 queries and

converging to ≈0.65 IoU by 100 queries, tracking the oracle

upper bound (≈0.70 IoU). Raw parameter space substan-

tially underperforms (≈0.50 IoU), confirming that our latent

representation provides essential structure. Space-filling fails

to recover the boundary efficiently (≈0.10 IoU), reflecting

the curse of dimensionality: uniform coverage rarely samples

informative boundary regions in 4D joint space. Bayesian

Active Learning by Disagreement (BALD) [22] performs

comparably to our entropy-based acquisition (≈0.57 IoU),

demonstrating that our latent space supports multiple acqui-

sition strategies. Retrieval from real users plateaus at ≈0.35

IoU due to sparse coverage (N=132), while retrieval from

generated users reaches ≈0.65 IoU, validating the value of

parametric data augmentation and performing competitively

with our probabilistic approach in this setting.

Out-of-distribution generalization. The oracle upper

bound degrades to ≈0.62 IoU, reflecting reduced training

coverage. Our method maintains ≈0.57 IoU, demonstrating

robust generalization. In contrast, retrieval methods collapse:

nearest generated user drops to ≈0.48 IoU, while nearest

real user falls to ≈0.30 IoU. Notably, our synthetic data

generation provides substantial benefit over real data alone

(0.48 vs 0.30), but probabilistic interpolation is essential to

bridge the remaining gap (0.48 → 0.57). When test users

lie between training samples, retrieval-based matching can-

not interpolate, whereas our categorical posterior smoothly

synthesizes information across embeddings in the structured

latent manifold. This performance gap under distribution shift

demonstrates that posterior-based inference is critical for gen-

eralizable reachability estimation.

D. Real-Robot Evaluation: Knowing When Not to Help

We are interested in the extent to which our reachability

model can predict accurate, personalized, and useful ROM in

human-robot collaboration scenarios. We evaluate the system

through a real-robot user study and an ARAT-inspired demon-

stration. The study protocol was reviewed and approved by

the Institutional Review Board (IRB) of Cornell University.

1) Multi-Step ADL Task (Sandwich Making): Meal prepa-

ration tasks such as sandwich making are fundamental ADLs

that require coordinated actions across a distributed workspace



and can be challenging for individuals with upper-limb mo-

bility limitations. We hypothesize (H1) that a reachability-

aware assistance policy increases users’ physical engagement

compared to non-adaptive models and control policies that

ignore individual reachability, without reducing task success.

We evaluated this hypothesis through a real-robot user

study using objective and subjective measures. The study

employed a within-subject 3 × 2 factorial design with three

reachability modeling conditions and two robot control poli-

cies: the always-help policy, which always repositioned in-

gredients near the user regardless of reachability, and the

just-right policy, which intervened only when an item was

predicted to be unreachable and placed it at the esti-

mated reachability boundary to require final user effort. The

three reachability modeling conditions were under-predict

(underestimation/over-assistance, placing items too close),

over-predict (overestimation/under-assistance, placing items

too far), and our proposed method (just-right), as illustrated

in Fig. 6(a). Since the always-help policy ignores reachability

estimates entirely, it is invariant to the reachability modeling

condition, collapsing the 3 × 2 design into four conditions:

under-predict, over-predict, always-help, and just-right. Task

success was recorded objectively, while physical engagement

and physical workload were each assessed using 5-point

Likert scales. For physical engagement, 1 indicated “not at

all engaging” and 5 indicated “very engaging”; for physical

workload, 1 indicated “not at all demanding” and 5 indicated

“very demanding.”

The sandwich-making task was conducted using a Franka

Emika Panda 7-DoF robotic arm. Participants assembled a

sandwich using four ingredients distributed across a tabletop.

Perception was provided by three Intel RealSense cameras:

two external cameras placed in the room and one wrist camera

mounted on the robot. SAM 3D Body [44] was used to

estimate user joint configurations and task-space geometry,

while the wrist-mounted camera enabled ingredient detection.

Ten student participants took part in the study. To simulate

upper-limb mobility limitations, resistance bands were worn

across all conditions, and condition order was counterbal-

anced across participants. An initial reachability estimate was

obtained using 20 uniform-prior queries, after which the

estimate remained fixed for the duration of the task. If a

participant failed to retrieve a predicted-reachable item, they

were encouraged to make additional attempts; after three

failed attempts, the item was marked as unsuccessful. The

average task completion time was 11 ± 3 min across all

conditions, and we did not observe significant differences in

task completion time between conditions. Inference ran in real

time at 178± 1Hz throughout.

Results are shown in Fig. 6. A Friedman test showed a

significant effect of assistance condition on perceived physical

engagement (χ2(3) = 18.29, p < 0.001). Our method yielded

the highest engagement (M = 3.6, Mdn = 4.0), significantly

outperforming both proactive assistance (p = 0.010) and over-

assistance (p = 0.006), while maintaining full task success

(4/4). Physical workload remained moderate (M = 3.4)

and was significantly lower than underestimation (M = 4.4,

p = 0.019). These results demonstrate that explicitly targeting

the reachability boundary enables the robot to support task

completion while promoting meaningful physical participa-

tion.

2) ARAT-Inspired Assistance Task: This study used

the same participant group as the sandwich-making task

(Sec. VI-D1). Each participant experienced this task once,

and the study focused exclusively on our proposed just-right

policy. While the sandwich-making task evaluated assistance

strategies under a fixed reachability estimate, this task was

designed to demonstrate the framework’s ability to adapt

online to changes in a user’s reachability over time. To sim-

ulate fatigue-induced reachability shifts, researchers increased

resistance band tension during the task, requiring the robot to

update its beliefs about the user’s reachability. A cube was

placed on an ARAT shelf at the user’s estimated reachability

boundary using the posterior from Sec. VI-D1. If the user

failed to grasp the cube, the robot issued active queries to

update the reachability posterior and repositioned the cube to

the nearest predicted reachable location, demonstrating closed-

loop adaptation as reachability changed. Example trials are

shown in Fig. 6(d).

VII. DISCUSSION AND LIMITATIONS

Our framework demonstrates that explicitly modeling hu-

man capability through active inference allows robots to

provide assistance that is both effective and preserves physical

engagement. By grounding the latent space in biomechanical

and clinical anchors, the system successfully bridges the

gap between high-level diagnosis and low-level joint-space

functionality. However, several limitations exist.

Kinematic abstraction: Our 4-DoF formulation captures

gross arm reachability, but extension to higher-DoF arm–torso

models still requires further attention.

Clinical population validity: Our user study recruited

healthy participants with resistance bands to simulate upper-

limb impairment. This protocol may not capture the full

complexity of clinical conditions. Validation with clinical

populations remains an important next step.

Query efficiency: Although our method achieves better

performance and recovers from poor initialization substantially

faster than uniform baselines, reducing this to single-digit

queries remains future work. Future work should also explore

integrating users’ mental states and fatigue signals into the

active update cycle to maintain well-calibrated assistance over

longer interaction durations.
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