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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/.

1Cornell University, Ithaca, NY. 2Binghamton University, Binghamton,
NY. 3Columbia University, New York, NY.
{zl873, yy2244, csc263, tty6, bl576, tapomayukh}@cornell.edu;
sto4004@med.cornell.edu; aorkwis@binghamton.edu;
kd2524@cumc.columbia.edu
∗Co-first authors. †Co-second authors.

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



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-speci�c 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-ef�cient, 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 con�gurations 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 con�guration space. A user's
reachability is characterized by a latent code zu 2 Z, where Z
is a learned latent space. This code parametrizes a continuous
reachability �eld f (�; z u ) : Q ! R, where f(q; z u ) > 0
indicates con�guration q is reachable and f(q; zu ) < 0
indicates it is not. The reachability envelope is the zero level
set:

R u = fq 2 Q j f (q; z u ) � 0g: (1)

B. Observation Model

At step t, the robot queries con�guration qt 2 Q as a target
pose for the user to attempt, and observes a binary outcome

yt 2 f0; 1g indicating whether the reach succeeded. We model
observations as Bernoulli trials:

p(yt = 1 j q t ; zu ) = �
�

f (q t ; zu )



�
; (2)

where �(�) is the logistic function and 
 > 0 controls boundary
softness.

C. Inference Objective

Given interaction history Dt = f(q i ; yi )gt
i=1 , the robot

maintains and sequentially updates a posterior belief p(zu j
Dt ) using the observation model. Under query budget T , the
objective is to select queries maximizing information gain:

q�
t = argmax

q2Q
I(z u ; y j 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 �f (q) = E z�p(zjD t ) [f (q; z)] and its variance. High
expected values indicate con�dent 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 ef�cient 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



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-speci�c boundary estimates from calibrated
data but yield data-dependent, variable-sized representations (Left). Our compositional model introduces additive and subtractive
local Gaussian �elds, enabling �exible data generation and augmentation (Middle). We validate representation �delity on real
user data and show scalability with additional �elds (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-ef�cient inference.

We focus on four degrees of freedom in the right upper
extremity: shoulder abduction-adduction, �exion-extension,
internal-external rotation, and elbow �exion-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 2 Q � R 4 denote a joint con�guration. We represent
reachability using a continuous �eld f (q) 2 R, where larger
values indicate greater feasibility and the zero level set de�nes
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 ] de�ne the feasible
range, with asymmetric weights wi > 0 allowing different
penalty rates approaching the lower versus upper limits. The
base �eld is:

dbase(q) = smin �

� �
smin� (qi � l i ; wi (u i � q i ))

	 4
i=1

�
; (4)

where smin� denotes the LogSumExp soft minimum with
sharpness parameter �. This �eld assigns highest feasibility
to mid-range con�gurations 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 de�ned by center
ck 2 R2, anisotropic covariance �k , amplitude ak , and sign
sk 2 f+1; �1g:

gk (q(i;j) ) = a k exp
�
�(q (i;j) � c k )> � �1

k (q(i;j) � c k )
�

: (5)

The �nal reachability �eld combines the baseline with these
primitives:

f (q) = d base(q) +
KX

k=1

sk � gk (q(i k ;j k ) ): (6)

Primitives with negative signs carve out infeasible regions,
modeling coupled restrictions such as reduced elbow extension
during shoulder �exion. Primitives with positive signs locally
expand the envelope, recovering feasible con�gurations 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 �tting and generation. As shown in
Figure 3, the model provides a compact parametric �t to
observed reachability data while enabling synthesis of new
reachability pro�les 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 �t 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-



Fig. 4: Using a GraphRAG pipeline, the LLM retrieves user-speci�c 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 2 R16, and a shared decoder network (3
residual blocks, 512 hidden units per block) maps zu to the
parameters of the compositional model:

�̂ u = ( l̂u ; ûu ; ŵu ; f �̂ u;k g30
k=1 ); (7)

where (̂lu ; ûu ; ŵu ) de�ne the base box and̂� u;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 �xed signs sk are determined during data
generation and remain frozen.

Training objective. We supervise the decoder using smooth
`1 regression on the predicted parameters. Box parameters
are trained in a center-span representation, and primitive
parameters are regressed against canonical targets:

L recon = L box + L prim: (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 re�ects 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 �eld 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:

L dist =
1

jPj

X

(i;j)2P

� ~dz (i; j) � ~dgeo(i; j)
� 2

; (9)

where ~d denotes mean-normalized distance over batch pairs P.
We add covariance regularization Lcov to prevent dimensional
collapse and 2̀ regularization Lprior toward the origin.

Clinical anchors. We generate anchor samples representing
clinical conditions identi�ed 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 2 R8

for each anchor k. A subset of these generated bounds was
reviewed and veri�ed 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 boundsŷ i via
line search through the level set and compute soft assignment
to clinical conditions c via Gaussian kernel:

p(c j i) =

P
k2c exp(�k ŷ i � a k k2=(2� 2))

P
k 0 exp(�k ŷ i � a k 0k2=(2� 2))

; (10)

with � = 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
con�dent condition assignments, pulling together latent codes
with similar clinical pro�les 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 speci�c muscle group de�ciencies.
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


	Introduction
	Related Work
	Adaptive Assistance
	Shared Autonomy
	Active User Modeling
	Clinical Knowledge Grounding

	Problem Formulation
	Reachability Representation
	Observation Model
	Inference Objective

	Representing User Reachability
	Compositional Parametric Model
	Latent Reachability Model
	Structuring the Latent Space

	Bayesian Active Learning for Reachability Inference
	Posterior Representation
	Active Query Selection
	Posterior Update and Prediction
	Assistance Modulation

	Experiments
	Parametric vs. Implicit Reachability Representation
	Language-Based Prior Initialization
	Reachability Inference via Active Query Selection
	Real-Robot Evaluation: Knowing When Not to Help
	Multi-Step ADL Task (Sandwich Making)
	ARAT-Inspired Assistance Task


	Discussion and Limitations

