
at the robot's current poseqR and twist q̇R, and �nally
aggregated following Equation (4).

Remark. In line with the fully autonomous setup motivated
in Section I, it is crucial to note the absence of direct manual
control over robot motion by the user. Instead, user in�uence
is indirect via metric scale adjustments, eliminating the need
for designing suitable arbitration laws between human and
planner [29]. Additionally, robot motion is more deterministic,
driven by globally de�ned and provably stable motion policies.

2) Human Reward: Given our choice of task parametriza-
tion (see Section II-D1), each motion policy in Equation (5)
fundamentally optimizes the associated task feature. There-
fore, scaling the former's metrics byαi is equivalent to ad-
justing the latter's relative importance, enabling the modeling
of the human objectiverH : RdH ! R� 0 in the input manifold
H as a linear combination of all task feature potentials [22]:

rH (hR) = �
NmisX

i=1

αiΦ
H
i (hR) =: �ΦH

des(hR) (6)

Following Section II-C, the operator issues corrective actions
u H to optimize the robot con�guration with respect to this
reward function. In practical terms, this involves achieving a
robot velocityḣR aligned with the gradient ofrH , i.e., along
the negative gradient of the desired potential�r ΦH

des(hR).
This implies that the human effectively indicates the desired
potential function gradient, which is a crucial postulate for the
task adaptation discussed in Section III.

Remark. Users could adjust the policy scaling directly to
convey their desired objective, but such explicit communication
is often ineffective [37, 38]. This motivates the adoption of a
more implicit form of information exchange, like the natural
indication of desired robot motion pursued here.

III. TASK ADAPTATION

The individual mission-speci�c policies are weighted and
combined based on the currently desired task, which is dynam-
ically inferred from the user's input. Our proposed adaptation
approach involves two steps: i) determining policy likelihood
and ii) scaling policy importance. We determine thepolicy
likelihood of all mission-speci�c RMPs by evaluating how
well they match the observed human input. Thepolicy scaling
step then prioritizes policies with likely and non-con�icting
features. In the following, both steps are presented in detail.
A conceptual 2D example is shown in Figure 3.

A. Policy Likelihood

1) Human-desired Motion and Likelihood Formulation:
As outlined in Section II-D, the human corrective inputu H

provides insights into their desired potential gradientr ΦH
des.

Adopting a modeling approach for human-interactive trajec-
tory deformation [16, 39], this relationship is formalized as:

�r ΦH
des = ḣR + Ku H , (7)

whereK 2 RdH � dH
>0 is a scaling matrix.

qR,1

q R
,2

r Φ1 r Φ2

q̇R
uH

r Φdes

α1 " α2 #

Fig. 3: A 2D task adaptation example, resembling a top-down view of the
scene in Figure 1: The human-desired direction of motionr � des aligns
better with the �rst policyr � 1 . The task adaptation prioritizes it� 1 ↑ over
the second one� 2 ↓.

Remark. If u H is normalized, the matrix K represents
the maximum permissible human velocity adjustment. This
intuitive interpretation simpli�es the tuning process.

We then de�ne the likelihoodPi 2 [0, 1] of each mission-
speci�c RMP i = f1, . . . , Nmisg as:

Pi := P
�

r ΦH
des

�� �f H
i , A H

i

��
� P
��

f H
i , A H

i

��
, (8)

where the �rst factor represents the conditional likelihood
of achieving the human-desired gradient with this particular
policy, and the second term is the policy prior.

2) Conditional Likelihood P
�

r ΦH
des

�� �f H
i , A H

i

��
: The

conditional likelihood quanti�es the disparity between the
human-desired and policy induced potential gradient. Assum-
ing that the human primarily indicates the desired direction
of motion rather than the actual speed (see Section II-D), the
conditional likelihood is modeled based on the alignment angle
between these two gradients. We therefore measure the cosine
similarity which lies in[�1, 1], utilizing the inner product and
norm induced by the policy metric, and project it onto[0, 1]:

cos sim=
< r ΦH

des, r ΦH
i >AH

i����r ΦH
des

����
AH

i
�
����r ΦH

i

����
AH

i

(9)

P
�

r ΦH
des

�� �f H
i , A H

i

��
=

1

2
(1 + cos sim) (10)

3) Policy Prior P
��

f H
i , A H

i

��
: Unlike the conditional

likelihood, the policy prior is not in�uenced by the human-
desired direction of motion. Instead, it incorporates more
intrinsic factors associated with the policy. We take into
account two aspects: i) the optimality of the robot's current
state with respect to the policy's underlying task feature, and
ii) the policy's metric which encodes its relative importance
compared to all other polices.

We denoteh?
R;i as the optimal state of each task fea-

ture expressed in the human manifoldH, i.e., h?
R;i =

argminhR
ΦH

i (hR). Inspired by the goal detection in [29], we
formulate the policy prior by considering the distance vector
di = hR�h?

R;i 2 RdH between the current and optimal state.
This essentially creates an arti�cial region of attraction for the
different policies.

The policy metric should account for the directional and
axis-speci�c weighting properties (see Section II-B). To do
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Fig. 6: Task adaptation convergence time for inspection position (pos) and rotation (rot) part of each task across theN = 7 operators. Note that task adaptation
is non-blocking, running in real-time at the same rate as robot motion control. This enables the robot to remain in motion and move towards the most likely
target even prior to convergence.

Fig. 7: Translational joystick inputs for transition from task2 to 3, accumu-
lated over allN = 7 operators. Dots correspond to inputs commanded by the
users, with opacity corresponding to the occurrence frequency. Labels indicate
the mapped robot motion axis while black arrows represent the optimal
commands for convergence of the respective task adaptation methodology.
Notably, the input manifoldsH for Ours and 2D feature two translational
control inputs, while the ones for3D andSota feature three.

manual control, leading to numerous small-scale direction-
changing corrective inputs. This conclusion strongly supports
the use of anexclusively autonomous motion control frame-
work.

When comparing withSota, their task adaptation achieves
similar convergence rates as ours. However, the required
human input is much more intricate. As the human input
manifold is the cartesian con�guration spaceSE(3), the motion
needs to be carefully coordinated for the human to be able
to correctly indicate the task along the curved surface. This
becomes particularly evident when considering the transla-
tional control inputs during the transition from task 2 to
3. In Ours, where the input manifoldH encompasses the

surface, convergence is achieved by a 2D input alongvS and
zW , as indicated by the black arrows in Figure 7. InSota's
SE(3) manifold however, this necessitates coordinated motion
along all three principal axes,x W , �yW and zW . When
moving along�yW , providing control input alongx W , i.e.,
pushing the robot towards the surface, is crucial, since the
task adaptation otherwise converges on task5 or 6 due to the
ambiguity in motion. Many operators found this challenging,
as evidenced by the strong corrective actions alongyW

in Figure 7. In fact, oral intervention from the experiment
supervisor was often necessary, since the required correction
along x W was not self-evident. Consequently, this transition
exhibits the largest median convergence time forSota across
all tasks. This observation highlights the advantages of apurely
local motion planning framework, allowing us to leverage the
inherent geometry of applications and design appropriate input
manifolds.

Finally, we highlight key differences between ourmodular
approach and the full body motion planning used inSota.
In Sota, each task is expressed as a singleSE(3) dynamical
system, responsible for controlling every aspects of robot
motion. This means that all desired behaviors, task completion,
safety measures, and system constraints have to be formalized
within a single function. The design and debugging of these
functions becomes notably challenging. Independent testing
of individual components is often not feasible, and given that
many aspects, e.g. safety considerations, are common across
all tasks, redundant de�nitions are necessary. Indeed, experi-
ments in [32] required prior learning-from-demonstration for
dynamical systems that did not follow the simple form of
linear or circular motion. This reduces overall adaptability,
as even small changes in tasks or the environment necessitate
redesigning the entire dynamical system.

On the contrary, modular motion planning, exempli�ed
by RMPs, allows us to represent tasks as a combination
of smaller, individually testable policies. Each component
addresses a speci�c challenge and can be geometrically com-


