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Abstract—Shared autonomy in teleoperation remains chal-
lenging when human intent is ambiguous and environmental
geometry restricts feasible motion. Existing policy-blending and
observer-based methods often struggle to reconcile operator
input, autonomy, and constraints in cluttered environments. To
address this issue, we propose a geometry-aware probabilistic
framework that combines Riemannian Motion Policies with
entropic-regularized Bayesian inference for smooth multimodal
arbitration and reliable control. Across two navigation tasks, our
approach improves task success, alignment with user intent, and
operator effort relative to established baselines.

I. INTRODUCTION

In assisted teleoperation, shared autonomy combines human
input with autonomous assistance to improve performance,
enforce constraints, and reduce workload [1]. A central chal-
lenge is providing assistance that remains consistent with both
human intent and task requirements, especially when these
are uncertain or conflicting. Existing approaches typically
follow two paradigms. Policy-blending methods combine hu-
man and autonomous commands through arbitration, often via
weighted averaging [2]–[9]. Observer-based methods instead
treat human input as an observation and generate motion
autonomously [10]–[13]. While effective in structured settings,
both methods struggle in cluttered or changing environments.
Geometric variations, such as unfamiliar configurations or
structural modifications, introduce ambiguity, restrict feasible
motions, and may conflict with operator intent. This challenge
comes from the designed interaction between humans and
autonomy. In such scenarios, policy blending allows direct
human influence but ignores geometric constraints, while
observer-based methods limit the operator’s ability to correct
behavior when autonomy fails.

We instead treat the operator as an adaptive, geometry-
aware policy capable of resolving ambiguities, escaping local
minima, and exploring feasible motions. This requires shared
autonomy to (i) integrate heterogeneous behaviors and con-
straints in a geometric manner, (ii) consistently fuse them with
operator input, and (iii) maintain multiple hypotheses under
uncertainty, including ambiguous human intent. Thus, we
propose a shared-autonomy architecture combining Rieman-
nian motion policy (RMP) [14]–[16] with entropic-regularized
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Bayesian filtering. RMP provides a metric-aware framework
for composing behaviors into a stable controller, with the oper-
ator input being geometrically projected alongside autonomous
behaviors. A multimodal Bayesian belief maintains hypotheses
over behaviors, while entropic regularization ensures smooth
arbitration, avoiding overcommitment or oscillations. This
belief acts as a high-level arbitrator, dynamically weighting
task-specific RMPs.

Our contributions are: (i) A geometry-aware shared-
autonomy framework based on RMP combining operator
input, autonomous skills, and online constraints into a sin-
gle stable motion command. (ii) An entropic-regularized
Bayesian filtering layer or multimodal arbitration under un-
certainty. (iii) A reformulation of the operator as an active
exploratory component in shared autonomy. (iv) A unified
geometric–probabilistic framework bridging policy blending
and observer methods.

II. PRELIMINARIES

Geometric control as Inference: For reactive planning
and control, many works compose local policies into a global
behavior. Early approaches use superposition of attractive and
repulsive fields in task space [17] and were later extended to
operational space [18]–[20]. Later works generalize to non-
Euclidean spaces employing Riemannian or Finsler geom-
etry [14]–[16], [21], [22]. These approaches typically use
differentiable task maps to project the policies’ behaviors into
a common space where they combine them. Most approaches
formulate the composition of the local policies as a geometric
least-squares problem

ar = argmina∈A JC(ot,a) = argmina∈A
∑

i wiJCi(ot,a)

= argmina∈A
∑

i wi(a− ades
i (ot))

⊤Mi(ot)(a− ades
i (ot)),

where ar denote the optimal action. ades
i being the desired

acceleration from local policy i. A positive-semidefinite matrix
Mi represents the metric or priority of each local policy.
Both ades

i and Wi depend on observations ot containing
states and other contextual information. For clarity, we omit
all dependencies on joint states, task maps, and task-space
representations. This composition can also be addressed from
a probabilistic perspective using energy based models (EBMs)
[13], [20], [23]–[25]. and highlights a duality between geomet-
ric control and probabilistic inference.

III. METHODOLOGY

In goal-centric shared autonomy methods, the autonomy
must infer two factors to assist the human effectively: (i)



the human’s intention and (ii) whether assistance is required.
Let srt ∈ S and ar

t ∈ Ar be the robot’s state and
action, respectively. An observation at time t is given by
ot = (srt ,a

h
t , ct) ∈ S ×Ah × C, comprising of the robot’s

state, the human’s action, and additional context encountered
at t. Here, we follow the traditional wait-and-move strategy
[2], [5], [26], where assistance is conditioned on an inferred
goal g drawn from the space of possible goals, which is a dis-
crete or continuous subset of the state space, i.e., g ∈ G ⊂ S.
In our work, we assume a discrete set of goals and want to
estimate a belief bt over the latent variable z = [g, c]⊺. The
first latent variable, c ∈ [0, 1]nG , corresponds to selecting the
correct goal given the observation. The second c ∈ [0, 1]2 rep-
resents whether assistance is required. We keep this notation
to later extend uncertainty beyond the target distribution to
assistance levels. We factorize the joint distribution

p(ar
0:T ,o0:T , z0:T ,O0:T ) =

1
Z p(o0)p(z0)p(a

r
0) (1)∏T

t=1 p(Ot | ot, zt,a
r
t )p(ot | ot−1,a

r
t−1)p(zt | zt−1)p(a

r
t )

This model treats the robot’s action ar as a random variable.
A binary variable Ot ∈ 0, 1 encodes task optimality at each
time step [27], [28]. It depends on the observation ot, belief
bt, and action ar

t . We model it using a Gibbs likelihood
p(Ot = 1 | ot, zt,a

r
t ) ∝ exp(−JC(ot, zt,a

r
t )), with a task-

specific objective JC(·). For brevity, we omit Ot = 1
in equation 1. The objective may be an aggregated cost
JC(·) =

∑
i wiJCi

(·) where each weight wi ∈ R+ represents
a temperature parameter. These cost components may relate
separately to belief update and action selection.

Sequential Belief Update with Entropic Mirror Descent:
First, we aim to infer a belief p(zt | ar

:T ,o:t,O:t) over the
latent state zt from the history seen so far up to time step t.
Assuming the Markov property and the joint distribution in
equation 1, the posterior factorizes as

p(zt | o:t,O:t) ∝
∫
A p(Ot | ot, zt, â

r)p(âr) dâr∫
Z p(zt | ẑt−1)bt−1(ẑt−1) dẑt−1

(2)

where bt−1(ẑt−1) ≈ p(ẑt−1 | o:t,O:t) represents the previous
belief. The first term represents prediction step b̂t(ẑt) on the
transition model p(zt | ẑt−1). The second corresponds to the
likelihood step p(Ot | ot, zt) based on a new observation [29].
Given a previous belief bt−1, we are minimizing the KL-
divergence subject to a relative-entropy constraint

b⋆t (z) = argminb∈Pb
DKL(b(z), p(z | o:t,O:t))

s.t. DKL(b(z), bt−1(z)) ≤ ϵ,
∫
b(z) dz = 1,

(3)

where Pb denotes the space of admissible belief distribu-
tions. This formulation corresponds to an entropic mirror
descent [30], [31] update combined with a sequential im-
portance sampling scheme [29]. The constraint on relative
entropy prevents abrupt changes in belief, leading to a smooth
evolution of the estimated posterior. The resulting closed-form
update is

bt(z) ∝ bt−1(z)
[

b̂t(z)
bt−1(z)

]η
p(Ot | ot, z)

η

where η ∈ R+ acts as an inverse temperature parameter that
interpolates between the prior and likelihood contributions.
The likelihood term incorporates an importance ratio between
the predictive model b̂(ẑ) and the prior bt−1(ẑ). Thus, it
predicts the change in the belief based on this ratio and
corrects the estimate, taking into account the evidence from
the observations.

We consider the belief bt(·) over users intention and arbi-
tration at time t represented hierarchically as

bt(z) = wc
1δ(c1) + wc

2δ(c2)
∑nG

i=1 w
g
i δ(gi),

s.t. wc
1 + wc

2

∑nG
i=1 w

g
i = 1.

At the inner level, wg ∈ ∆nG−1 encodes the relevance of each
assistant policy. At the outer level, wc ∈ ∆1 represents the
arbitration between user and autonomy. Although equivalent
to a flat mixture over nG + 1 hypotheses, the hierarchical pa-
rameterization improves interpretability and separates human
intent inference from policy blending.

Action selection through approximate Inference: We
assume that the robot follows a policy that corresponds to

πt(a
r
t | ot) ∝ Ezt∼bt(·) [p(Ot | ot, zt,a

r
t )] p(a

r
t ).

given a curret estimate of bt(·) at time t. Thus, we approximate
it using a point estimate via maximum a posteriori (MAP) in-
ference at equation 2. For our choice of RMP, this assumption
is valid and computationally efficient as the MAP estimate
aligns with the optimal action. Under a geometrical control-
as-inference view, the posterior can be expressed as the EBM

πt(a
r
t | ot) ∝p(ar

t )p(Ot | ot,a
r
t )∑

i=1 w
ip(Ot | ot, z

i
t,a

r
t ).

Like in prior work [13], we split the posterior into geometry
parts, such as obstacle avoidance, and zi

t-dependent parts,
such as reaching-target policies or a velocity-tracking policy.
The optimal action ar

t can be computed in closed form and
represents a softmax-weighted mixture over the different RMP
policies. It resembles expectation-maximization like structure.
We first update the belief over goals (e-step). Then we opti-
mize the action given that belief (m-step).

The operator is modeled as a time-varying RMP
(MH

Ai
,fH

Ai
) representing a velocity tracking policy. We model

it as a quadratic cost in the tangent space of SE(3) that
minimizes the deviation between the robot’s current twist and
a desired twist provided by the operator. This operator-induced
policy is incorporated as an additional expert in the energy-
based action posterior.

IV. EXPERIMENTS AND RESULTS

As a proof of concept, we investigate: (i) how does task
performance scale with increasing task complexity; (ii) how
well does the assisting output align with operator intent; and
(ii) how does this affect intervention effort. Thus, we evaluate
these questions in 2D navigation tasks with varying levels
of complexity and goal ambiguity. The point mass must be
steered from randomly sampled start locations to one of multi-
ple goals. Two scenarios are used: Toy Task, where the primary
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Fig. 1. The task success rate (TSR) and task completion time (TCT) for all methods across all evaluation stages. (a) TSR: A checkmark indicates full
task success, numerical values show partial success rates (mean ± std), and a cross indicates complete failure. (b) TCT: Aggregated results across R2 and
SE(2) and all trials from the six operators. Columns represent the two complexity levels, from No-Obstacle to L-Obstacle. Each violin shows the full data
distribution, with the boxplot indicating the mean, median, and interquartile range. B-SPIN and A-SPIN consistently solve the task and achieve lower TCT
than the other assisted methods across all levels of complexity.

challenge is resolving goal ambiguity, and L-Toy Task, which
adds an L-shaped obstacle inducing a strict local minimum
for myopic controllers. Task difficulty is further varied by
expanding the action space from 2D translations, i.e., R2, to
SE(2) control with an additional orientation component. To
get an estimate of the algorithmic properties across different
operator, the study is conducted with six expert participants
who have prior experience with the system.

We compare our approach, B-SPIN, against structured ab-
lations that isolate key design choices. A-SPIN replaces the
belief-weighted goal distribution with a MAP estimate to
evaluate hard goal selection. SC-SPIN removes adaptive ar-
bitration by enforcing constant blending, representing shared-
control approaches. O-SA removes direct operator control
entirely, treating the operator as an observation for belief
updates, corresponding to observer-based shared autonomy.
We further include PT as a no-assistance baseline, as well
as fully autonomous variants PA and ORACLE, the latter
assuming access to the true goal as an oracle. All methods
share identical RMP leaves, including goal attraction, obstacle
avoidance, and smoothness, to ensure fair comparison. We
evaluate performance in terms of task success rate (TSR),
task completion time (TCT), task-space smoothness (TS),
alignment (AL), operator effort (OE). These measures jointly
capture effectiveness, feasibility, and usability.

In figure 1 and figure 2, results are aggregated across
action-spaces and expert participants. The autonomous PA

and ORACLE are included as reference points for task-
space smoothness (TS) and task completion time (TCT) under
fully autonomous control. The results indicate that across
both action-spaces increasing complexity in form of obstacles
causes a performance drop for several assisted teleoperation
methods. Weighted SPIN (B-SPIN), argmax SPIN (A-SPIN),
and pure teleoperation (PT) maintain a high task success rate,
with B-SPIN, A-SPIN at substantially lower operator effort. In
contrast, observer-based shared autonomy (O-SA) and shared-
control SPIN (SC-SPIN) show higher TS and operator effort
(OE) alongside a lower alignment (AL). This indicates a dis-
agreement between the resulting action command and operator
intent that likely increases mental demand of the participant.
As the primary uncertainty in the navigation task is inferring
the correct goal, B-SPIN and A-SPIN perform comparably,
suggesting that hard MAP goal selection is sufficient when
goal ambiguity is the dominant difficulty.

V. CONCLUSION

This work presented a geometry-aware shared autonomy
framework that combines goal inference, belief-based arbitra-
tion, and policy blending. The proposed framework allows the
operator to remain in control when autonomy fails, while still
benefiting from assistance when it is reliable. In future work,
we will evaluate our method on high-dimensional manipula-
tion. We will further conduct a user study examining how
operators develop trust in the system and whether reduced
operator effort translates to lower perceived mental demand.
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Fig. 2. Aggregated results across R2 and SE(2) and all trials from the six operators. Rows represent the two complexity levels, from No-Obstacle and
L-Obstacle. Columns show task-space smoothness (TS), alignment (AL), and operator effort (OE). Each violin shows the full data distribution, with the
boxplot indicating the mean, median, and interquartile range. B-SPIN and A-SPIN consistently achieve lower OE as well as higher AL than the other assisted
methods across all levels of complexity.
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