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Towards Shared Control in Clutter
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Abstract—Assistive robots can enable people with motor im-
pairments to complete everyday tasks independently, offering
active, semi-autonomous support. However, providing correct
and seamless assistance in more cluttered multi-task environ-
ments remains a key open challenge. To address this challenge,
we introduce a task-space-dependent clutteredness metric that
quantifies scene complexity considering all tasks in the scene.
This metric allows us to adapt shared control skills based on
the scene’s clutteredness with our new skill adaptation method
ShaCC (Shared Control in Clutter). ShaCC comprises two steps:
first, we optimize task space parameters to reduce task space
overlap (Shrinking), and second, provide early orientation sup-
port towards the whole scene (Merging). We apply ShaCC to
the Shared Control Template (SCT) framework for experimental
evaluation. Our results show that the clutteredness metric is
an expressive measure of scene complexity. Further, the task-
aware sKill representation of SkaCC improves assistance in multi-
task environments with higher success rates and smoother task
switching during manipulation. We show this in simulation with
up to ten tasks per scene, improving the success rate by 45% on
average, and validate ShaCC in a pilot study with three users
on the assistive robot MAYA, achieving 100% task success in a
real-world scene with five tasks.

Index Terms—Physically Assistive Devices, Human-Centered
Robotics, Intention Recognition, Shared Control, Cluttered En-
vironments

I. INTRODUCTION

SSISTIVE robots aim to empower people with motor

impairment to perform activities of daily living inde-
pendently. An underlying shared control framework lets users
interact with the environment effortlessly despite the system’s
high complexity and the use of a low-dimensional input device.
Correct and seamless assistance, especially in gripper orien-
tation, reduces mental load, increases acceptance, improves
usability, and provides greater social value [1]. In contrast,
incorrect assistance based on an incorrect user intent prediction
degrades performance, acceptance, and trust [2], and can be
worse than no assistance [3].

Providing assistance towards the correct target becomes par-
ticularly challenging in cluttered environments with multiple
possible target objects and tasks. State-of-the-art methods tend
to provide incorrect assistance in these environments unless
querying the user directly about their target when unsure [4].
One example of a common, yet challenging multi-target scene
is three targets standing in a triangle, each of which can
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Fig. 1: Illustration of our task-space-aware ShaCC method on the
assistive robot EDAN in a scene with five tasks. Shown is the camera
view (top) and the visualization in rviz (bottom) with the task spaces
highlighted in red. Left: SCT skills using the baseline Shared Control
Template (SCT) framework. Right: SCT skills using ShaCC.

be picked from the side (see table-top scene in Fig. 1) [5].
Reaching the mug standing behind becomes especially difficult
with a geometrically explicit skill representation, which does
not take other targets in the environment into account. Thus,
we introduce ShaCC (Shared Control in Clutter), a method
that considers all tasks of a scene in its skill representation.

Consequently, the following question arises: when should
we adapt shared control skills to assist seamlessly in clut-
tered scenes? To decide when to apply skill adaptation, we
identified the need to assess scene complexity, improving the
comparability between scenes. We claim that the task space
is an important indicator for the feasibility of a task since
object distances are less expressive than how these objects
could be approached when solving a task. Thus, our method
uses skills with explicit task space representations, as in [6]-
[9], to evaluate the complexity of a scene, computing the
clutteredness metric based on all tasks.

This metric reflects the complexity of a scene with poten-
tially multiple targets and skills based on explicit task space
representations. Uncluttered environments with sparse targets
and tasks exhibit low clutteredness, for which state-of-the-art
shared control assistance is likely to succeed. High clut-
teredness means that task spaces are not well separated,
but intersecting and ambiguous in their representation. Thus,
adaptation is required only when the clutteredness threshold
of zero is exceeded to improve assistance in cluttered scenes.

The second question addresses the skill adaptation: how can
we provide seamless assistance in cluttered environments with
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multiple targets and tasks? We extend skill representations
with explicit task spaces with ShaCC (Shared Control in
Clutter) to include all tasks of a scene. First, this adapts the
skills to the current scene (Shrinking), and second, introduces
a meta skill to provide early orientation support (Merging).

We apply ShaCC to the state-of-the-art Shared Control
Template (SCT) framework [8] for validation and experimental
evaluation. SCT skills support precise positioning and provide
the end-effector orientation in a task while preserving user
control over the principal task dimensions. This framework
has shown great usability in various experiments and demon-
strations [8], [10], [11]. However, they all involve only a
few targets and tasks in uncluttered environments. Thus, we
evaluate ShaCC applied to the SCT framework on cluttered
scenes in simulation and demonstrate it on the real robot. First,
we assess 12 scenes with varying task space constraints and
clutteredness in simulation (see Fig. 4) to provide intuition
about the experimental results. Then, we sample randomized
scenes with five to ten tasks to compare our method with the
baseline in more cluttered scenes. On the robot, we show an
exemplary scene with five tasks in a kitchen environment in a
small pilot study (see Fig. 1).

This work seeks to contribute to the development of more
effective shared control methods that can handle complex, clut-
tered real-world environments and provide users with intuitive
and transparent assistance. In summary, our contributions are:

1) We introduce a task-space-aware clutteredness metric to
measure the complexity of multi-target scenes.

2) We introduce ShaCC with a task-aware, geometrically
explicit, and transparent skill representation for seamless
interaction in multi-target environments

3) We integrate ShaCC into the SCT framework.

4) We evaluate ShaCC applied to the SCT framework in
simulation and demonstrate it on the real robot.

II. RELATED WORK

The use of explicit information gathering [4] or the selection
of tasks in a GUI [12] can overcome the challenges of user
intent inference in cluttered environments, such as incorrect
or late assistance [4]. However, empirical studies have shown
that users prefer assistance based on motion commands for
seamless interaction and simplicity rather than explicit queries
about their intention, which can be disturbing and irritating [1],
[3], [13]. Based on the user’s motion commands, assistance
with the Shared Control Template (SCT) framework [8] has
shown great usability not only in basic pick and place, but also
in more complex and contact-rich tasks such as pouring water
and opening doors [10], and even competition setups [11], all
of which include only a few and sparse tasks in a scene. SCT
skills are defined relative to an object. They are temporal- and
spatial-invariant, enhancing both transparency and users’ trust
[8]. Therefore, we choose the SCT framework (see Section III)
as the baseline for this first validation of ShaCC.

The challenge of providing robotic assistance in cluttered
environments is reflected in the limited attention given to
scenes that contain several targets positioned in close prox-
imity: instead, most of the existing work on multi-target

scenes focuses on related issues such as assistive control
policies, active intent disambiguation, or grasping of unknown
objects [1], [3], [5], [12], [14]-[16]. Consequently, systematic
evaluations of real-world multi-target scenes remain largely
underexplored. We aim to bridge the gap towards cluttered
environments with our task-aware skill adaptation method.

Currently, the main limitation of geometrically explicit rep-
resentations such as SCT skills [8] or Capture Envelopes [7] is
their context-agnostic formulation that results in undesired be-
havior like reachability problems and wrong assistance in clut-
tered environments with multiple possible targets and tasks.
Therefore, we propose our skill adaptation method ShaCC
with its Shrinking and Merging steps that uses information
about the clutteredness of a scene. It provides scene-dependent
skill representations that enhance shared control assistance
based on explicit task spaces in multi-target environments.

Some approaches for measuring the complexity of multi-
target and cluttered scenes exist in applications such as nav-
igation, computer vision, or autonomous robotic bin picking
or grasping. These include counting objects [17], density and
position of obstacles [18]-[20], object isolation and clutter
metrics based on image segmentation [21], [22], or overlap
and occlusions of bounding boxes in images which are used
mainly in bin picking [23]-[25]. Another approach uses the
3D position of objects in a collaborative task to calculate a
clutteredness measure based on entropy, i.e. comparing their
distribution in the scene with a uniform distribution [26].

However, none of these approaches explicitly incorporates
task space constraints required for object manipulation, nor
are they tailored to shared control scenarios. We tackle both
points by introducing a novel clutteredness metric based on the
task space constraints of all tasks involved. For now, we omit
obstacles and manipulability concerns in our method which
have already been addressed in [27]. Instead, we focus on the
target objects and their possibly intersecting tasks, which is a
yet unexplored topic and defines the scope of this paper.

III. BACKGROUND — SHARED CONTROL TEMPLATES

The Shared Control Template (SCT) framework provides
object-centric skills that support users during task execution.
Users usually control the end-effector position p.., while the
end-effector orientation R.. is provided by the system, as
controlling it is difficult and unintuitive.

SCT skills are finite-state machines (FSMs) that define a set
of states with input mappings, active constraints, state-specific
parameters, and a set of transitions [8]. The input mapping
determines how the user’s motion command, typically via a
low-dimensional 2D or 3D input device, is mapped to the
end-effector motion, while active constraints restrict the end-
effector pose relative to the object [8]. Together, both result in
a static, object-centric geometric task space as is done with
task space regions (TSRs) [6].

We formalize shared control assistance with SCT skills as
follows: each state explicitly defines the task space s C SE(3)
of the end-effector. The task space contains a set of al-
lowed end-effector positions described with the position space
p e R3, for example, as a cone or a cylinder. For each
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Fig. 2: ShaCC shown for an example scene with two tasks. Both in-

clude a disk as position space p; € R and a point-to-target orientation
init init

space R;i(p;) € SO(3). The initial position spaces pi", p3" are over-
lapping (marked red) leading to a clutteredness of C(p™,p5™) > 0.
Shrinking optimizes the position space parameters (radii of the disks)
to reduce the clutteredness, while Merging provides early orientation
support Raq(pa) within the meta skill position space pag.

position within the position space, there is a orientation space
R(p) € SO(3), often reduced to a single orientation that the
system provides to ease task execution with a low-dimensional
input device. In combination, the end-effector pose (pee, Ree)
is constrained in the task space written as

Pee € P, }
R € R(pee)

The SCT framework decouples user intent inference from
shared control assistance. First, user intent inference decides
whether to activate an SCT skill based on the distance of
the end-effector to the target and to the position space of
its first state using predefined thresholds [10]. When the end-
effector enters the first state position space of an SCT skill, the
skill becomes active because this region typically defines the
valid entrance to successfully perform a task. For more details
on shared control assistance with SCT skills, including end-
effector projection, skill definition, and implementation, we
refer to the literature [8].

5= { (Pees Ree) € R3XSO(3)

IV. METHODOLOGY

We introduce multiple steps to enhance shared control based
on skills with geometrically explicit task spaces for cluttered,
multi-target environments. Our skill adaptation method ShaCC
comprises three parts: (1) a clutteredness metric to measure
scene complexity, (2) Shrinking to optimize task spaces, and
(3) Merging to provide early orientation support. We propose
that skills with explicit task space constraints should adapt
depending on the clutteredness of the scene as shown in Fig. 2.

A. Clutteredness Metric

The explicit geometrical definition of task spaces provides
useful information about task feasibility and scene complexity
for manipulation. Therefore, clutteredness can be defined not
only with respect to object distances as object clutteredness,
but also with respect to task spaces as fask clutteredness:

o Object clutteredness measures how close objects are

placed to each other in a scene, considering their position,
orientation, geometric shape, and size.

C SE(3).

Cobj = Crask = 0 Cojt VS. Ciagich Conjl VS Coagidd

Fig. 3: Example scenes with coffee cups to be grasped by their handle
using cones as position constraints. Here, object clutteredness and
task clutteredness are clearly different. Left: Low task and object
clutteredness due to the single task. Center: Low task clutteredness
with 0% task space overlap while high object clutteredness. Right:

High rask clutteredness with significant task space overlap while low
object clutteredness.

e Task clutteredness measures how well spaces for com-
pleting a specific task with an object are separated.

This distinction becomes particularly relevant when task
spaces differ from object proximity alone, as illustrated in
Fig. 3. Here, the possible tasks include grasping one of three
coffee cups by the handle. The single-object scene on the
left shows a single task, which implies zero clutteredness. In
the center, the objects are placed much closer to each other,
yet their task spaces are well separated, in contrast to the
overlapping task spaces on the right. Therefore, we define
clutteredness in terms of task clutteredness, as it more directly
captures the feasibility of robot manipulation in a given scene.

Because users typically control the position of the end-
effector, we consider only the position space for clutteredness.
Formally, we compute the overall clutteredness C' by adding
the pairs of intersecting volumes V(p; Np;) between all
n(n — 1)/2 combinations of position spaces p; and p;. We set
this in relation to the sum of all position space volumes V (p;).
More position space overlap is a direct measure for high
clutteredness because it reflects how much space is occupied
by more than one task, which makes the skill representation
ambiguous in this region. On the other hand, clutteredness
is zero if all position spaces are well separated. The metric
counts areas with more than two intersecting position spaces
more than once, so cluttered regions with multiple overlaps
further increase the clutteredness.

_ Yim1 g Vi Npj)

C(pr,---pn) = Z’Ll V(pi)

(D

B. Shrinking - Task-Aware Skill Representation

For non-zero clutteredness C > 0, we adapt the skills
applied on the current scene.

Formally, let P = {pi™, ... pi} denote the set of all
object-centric position spaces, where each pi™ is an initial
position space. We aim to minimize clutteredness, so that
p?ptﬂp;’-pl — @ Vi,j which implies minimal clutteredness
CY,...,px") — 0, while strictly not exceeding parameter
limits ¢ < g™ < ¢ Vk that are derived from the skill
definition and ensure feasibility. For example, g5 could be the
radius of a cylinder. To prevent task failure, we set a lower
bound on ¢i: the minimum radius is chosen such that task

execution remains feasible, e.g., avoiding collisions with the
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object. Additionally, we want to keep the position spaces as
large as possible for better usability and ensure that all tasks
are well represented in the scene.

We tackle this problem by simultaneously reducing the val-
ues of the parameters g, of intersecting task spaces iteratively
until one of the following conditions is met:

« the position space p; no longer has intersections, or

o the lower limit of the parameter gj is reached.

This ensures that all task spaces are optimized concurrently
until zero clutteredness or until further down-scaling is impos-
sible, and at the same time maintain large position spaces.

C. Merging - Early Orientation Support

To address the requirement for early orientation support, we
introduce meta skills based on the current scene that adjust the
end-effector orientation R.. within each cluster of tasks. A
cluster IC is a set of tasks with mutually intersecting position
spaces (directly or through a chain of intersections), while
the cluster as a whole does not share intersections with any
position space of any other cluster. Formally, a cluster-centric
meta skill M is defined for a cluster of tasks

K:init C rPinit
that satisfies the following properties for its position spaces:

1) Internal connectivity: For every piMt € K there exists
at least one pi € K™ with i # j such that

piinit mpzpit 7& &

2) External disjointness: For all plte KMt and all
pitit € Pinit\ it guch that

pinit A plhit = g,

Therefore, multiple meta skills may exist, one per cluster
of tasks. Since the orientation space R(p) is usually disjoint
between tasks and defines a fixed orientation at each position,
two options arise: (1) giving more freedom to the user by
restricting the orientation within the range of the orientation
spaces, or (2) providing early cluster-level orientation support
by averaging them to a cluster-centric orientation R . Given
the typically low-dimensional input device and the requirement
for early orientation support, we chose the latter option.

Each meta skill M 1is active within the union of its initial
position spaces pi™' while allowing the user to move freely in
the unified position space paq and choose any subtask within
the cluster. An object-centric subtask refers to the optimized
version of the initial task with a position space p}*, allowing
one to decide for a subrask in closer proximity to the target
object. Orientation support of the meta skill is active if the
end-effector is within the union of initial position spaces pi™,
but not within any final optimized position space p;"":

= | Up™
=1

We define the desired end-effector orientation R (paq) of a
cluster ™" as the weighted average orientation of all subtasks

\ LJp(;pt ,i=1,....n
i=1

of K" using quaternion averaging as described in [28]. The
weights of each quaternion depend on the Euclidean distance
between the end-effector position p.. and the position space
p™ of each subtask, so that nearby subtasks have more impact
and transitions between subtasks become smooth:

1/d? , opt .
i = ———, With d; = d(pee, p;") st Zwi =1.
Sy
j=1

V. IMPLEMENTATION

We applied our ShaCC method to the SCT framework for
evaluation (see Section III). For implementation details of
SCT, we refer to the literature [8], [10].

Whenever the system detects a world state change, we
assess the clutteredness and apply ShaCC: we first compute
the intersecting volumes for the given position spaces using
boolean mesh operations as described in [29] with trimesh [30]
to evaluate the scene’s complexity and group the tasks into
clusters. A non-zero clutteredness indicates that ambiguous
task spaces exist requiring ShaCC. In that case, we iteratively
reduce the relevant position space parameters within their
predefined bounds, while continuously performing collision
checks using the COAL algorithm [31], until it converges
to minimal clutteredness. The full skill adaptation of ShaCC
completes in under 0.1s for ten tasks, which is sufficient for
the updates required in shared control. Finally, we create one
meta skill for each cluster of tasks to provide early orientation
support and smooth task switching during operation.

We implemented ShaCC on two assistive robotic platforms
that both employ the SCT framework: EDAN [32] and MAYA.
Each consists of a commercially available wheelchair platform
equipped with an 8-DoF DLR light-weight robot or a custom
7-DoF robotic arm, a Robotiq 2F85 2-finger gripper, an
RGB-D camera for object detection and pose estimation, and
a 3-DoF joystick as an input device.

VI. EXPERIMENTAL EVALUATION

The main experiments to test ShaCC were performed in
simulation to ensure repeatability and comparability of differ-
ent runs. In addition, we conducted a final demonstration on
the real system as described in Section VII to demonstrate the
applicability and usability of our method. This section presents
objectives (VI-A), our study design (VI-B), experimental re-
sults (VI-C), and discusses them (VI-D).

A. Objectives

The first set of experiments assesses our new clutteredness
metric with the purpose of testing the following hypothesis.

Hypothesis 1 (H 1) The clutteredness metric is negatively
correlated with the success rate of reaching the intended task
and assisting correctly. High clutteredness leads to low success
rates, low clutteredness leads to high success rates.

We compare our clutteredness metric with other distance-
based measures. In this experiment, we use the baseline SCT
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Fig. 4: Set of scenes analyzed in our first experiments. We assessed 12 manually created scenes with varying clutteredness (uncluttered (u)
and cluttered (c)), different tasks, and asymmetry. This setup aims to provide a good intuition about the effectiveness of our method.

framework to check whether the end-effector reaches the
desired positional task space successfully, and average the
respective success rate per target for each scene.

The ultimate goal of this paper is to introduce and validate a
method that improves shared control assistance in multi-target
environments. Thus, the second set of experiments aims to test
the following hypothesis.

Hypothesis 2 (H2) ShaCC improves the baseline resulting
in higher success rates and smooth task switching, i.e., less
orientation change when activating a skill. Both, Shrinking
and Merging, contribute to this improvement.

To this aim, we first assess the baseline performance, not
applying any part of our ShaCC method to SCT. Second, we
apply Shrinking by optimizing the position spaces of a scene
to adapt the skills. This reduces the size of the position spaces
within (see Section IV-B). Finally, we evaluate the entire
ShaCC pipeline including Merging to provide early orientation
support through the meta skill (see Section IV-C).

B. Study Design

We use two representative tasks for the evaluation in sim-
ulation: pick up a coffee cup by its handle and pick up a
mug from the side. The corresponding SCT skills implement
either a cone, which guides the end-effector towards a grasp
pose, or a cylinder for axially symmetric objects, which allows
the user to choose the approach direction. Both represent the
most common position spaces used in SCT skills. Orientation
spaces are either constraining the end-effector to point towards
the target or relative to the grasp pose of the target.

For evaluation in simulation, we first designed 12 exam-
ple scenes with three tasks each and varying clutteredness
(Fig. 4) for illustration and interpretability of results, and
then uniformly and Gaussian sampled randomized object poses
across 20 scenes with five to ten tasks for a more abstract,
but challenging setting (Fig. Sa). We further sampled 36 end-
effector start positions in a vertical plane in front of the scene
with arbitrary orientations (Fig. 5b). We iterated through all
start poses and tasks in the scene with the goal to reach
each task using the Automaton, a greedy supervised autonomy
solution [33] that generates commands to move the end-
effector toward the closest valid pose of a selected task.

Although our method also scales to multiple tasks per
object, e.g., picking up a mug from the top or from the side,
because it only cares about the actual tasks without further

relation to the object itself, we decided to consider only one
task per object for clarity and visualization.

We compare our clutteredness metric with the mean object
distance d towards the center of the scene and the entropic
clutteredness metric i [26] using Pearson correlation. For
each experimental setup, we report the averaged scene success
rates Ugcene, and additionally, the averaged orientation delta dg
when starting a skill successfully. We further calculate 95%
confidence intervals via bootstrap.

EE start plane
@ success P

A\ failure

(a) Randomized Scene Example

(b) Experimental Setup

Fig. 5: (a) Example of a randomized scene for the sampled experi-
ments showing initial (red) and optimized (blue) position spaces. (b)
Experimental setup: the end-effector is placed at a point p.. on a
vertical plane in front of the scene and moves towards the desired
task with purgec using the Automaton [33].

C. Results

The results of our experimental study in simulation are
summarized in Fig. 6.

1) Clutteredness Metric: Although each of the 12 man-
ually designed scene contains three tasks, success rates
with the baseline range widely from 44% (scenes 6 and
10) to 100% (scenes 1 and 7). The sampled scenes have
a lower average scene success rate of 50% ([14%,96%]).
Fig. 6a confirms that the clutteredness metric C' exhibits
a stronger correlation with the success rate (Pearson’s
pc = -0.53, 95% ClI[-0.72,-0.27]) than with the distance-
based metrics d or i whose confidence intervals include zero,
indicating no correlation. Fig. 6b shows that clutteredness is
on average at 30% for cluttered and Gaussian scenes, while it
is zero or up to 11% for less clutter (uncluttered, uniform).

2) Shrinking: Shrinking reduces the clutteredness C' effec-
tively to zero for most of the manual scenes (except 10 and
11) and uniform scenes (see Fig. 6b). It reduces clutteredness
greatly for the remaining, e.g., by -76% (30% — 7%) for the
Gaussian scenes, and by -84% (23% — 4%) for all scenes
with O™t > 0%. This results in an average relative improve-
ment of +36% in the success rate (57% — 77%) as seen in
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Fig. 6: Evaluation of our ShaCC method compared to the baseline SCT and Shrinking on the 12 manually created scenes as shown in Fig. 4
split into the categories "cluttered" and "uncluttered", 20 randomized scenes with their sampling categories "uniform" and "gaussian", and
summarized in "all". (a) Pearson correlation between success rate uscene and scene complexity measures based on distance d, entropy h [26],
and clutteredness C' for the baseline experiments. (b) Final clutteredness Cfnal - (¢) Mean scene success rates Ugcene. (d) Mean difference in
orientation dgr at the start of a skill for successful trials. 95% confidence intervals are computed via bootstrap and shown with error bars.

Fig. 6¢. Scenes that have low clutteredness with the baseline,
do not show any significant improvement (uncluttered and uni-
form), while initially more cluttered scenes (cluttered manual
and Gaussian) reveal a large improvement averaging +61%
(49% — 79%). Across all scenes with C™t > 0%, Shrinking
improves success rates by +45% (52% — 75%).

3) ShaCC: Comparing the success rates of Shrinking with
the entire ShaCC pipeline shows the same improvement. Merg-
ing only affects the orientation difference dp at the start of the
skill, most notably in highly cluttered scenes (see Fig. 6d). The
offset improves on average by -61% (1.65 rad — 0.65 rad).
Across all scenes with C™' > 0, Merging improves dr by
-69% (1.66 rad — 0.52 rad) compared to the baseline.

The performance of reaching the intended target is clearly
visible in the success field, as shown exemplary for scene 9
in Fig. 7. Both methods succeed almost perfectly for the left-
and right-mugs. The centered mug is unreachable with the
baseline, as the end-effector either enters another task space
first or hits the ambiguous overlap. For this example, ugcene
improves greatly with ShaCC (56% — 96%), because the
reduced task spaces let the user move between the outer mugs.

D. Discussion

The results in Fig. 6 show that the clutteredness metric is a
valid measure of scene complexity and that ShaCC improves
the performance for cluttered scenes, while maintaining base-
line performance on easy-to-reach targets.

1) Clutteredness Metric: The baseline experiments pre-
sented in Fig. 6a confirm Hypothesis 1: the clutteredness
metric shows a strong negative correlation with the success
rate of reaching the intended task (Pearson’s p = —0.53,
see Fig. 6a). It is more meaningful than the distance-based
measures which fail most for asymmetric task spaces. For
example, scene 2 with a clutteredness of C' = 41.8%, reveals
a much lower success rate than scene 1 with a clutteredness of
C = 0%, even though the objects in scene 2 are farther apart.
In symmetric situations, such as picking up one of three mugs
from the side (e.g., scenes 3-6), distance and clutteredness
exhibit similar correlations. Nevertheless, clutteredness con-
stitutes a more general measure of scene complexity. While it
captures well the ambiguity of task spaces, it does not account

Mug Left Mug Right

Fig. 7: Success ﬁelds for all startmg pomts on the EE start plane (see
Fig. 5b) for scene 9. It shows the success of reaching the intended
targets Mug Left, Mug Center, and Mug Right with the baseline SCT

(top) and our ShaCC method (bottom) from each point on the grid.
Green areas mean success, orange failure.

Mug Center

Baseline

ShaCC

for reachability problems that result in low clutteredness but
still low success rates, as seen in Fig. 6 for the uniform scenes.
2) ShaCC: The results in Fig. 6¢c and Fig. 6d confirm
that ShaCC improves the baseline in cluttered scenes with
C™Mt > 0% by improving clutteredness (by -84%), success rate
(by +45%), and orientation difference (by -69%), supporting
Hypothesis 2. The success rate improvement is entirely caused
by the Shrinking step, which is expected because Merging does
not further change the task space of the target skill, but only
the end-effector orientation within the meta skill. On the other
hand, we see a large improvement of the orientation difference
due to the Merging step, which will result in smoother transi-
tions between tasks. While we cannot draw final conclusions
due to the simulated environment and the greedy human model
for automation and repeatability, these results validate the
effectiveness of our method: ShaCC maintains performance in
uncluttered scenes and adds value in cluttered environments in
terms of success rates and orientation offset at skill start.

VII. APPLICATION ON ROBOT

For the final robot evaluation, we extended the scene to
include multi-level tasks such as picking up an apple or
opening a drawer, demonstrating applicability beyond table-
top environments. The scene comprised five objects (apple,
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The Meta Skill allows to
move between targets in
close proximity providing
support towards the scene.

Fig. 8: Example scene with five tasks demonstrated on our assistive
robot MAYA (see video) to compare ShaCC with the baseline SCT.

mug, thermos, two drawers), each with one associated task, as
shown in Fig. 8 with an illustrative video attached.

We conducted a pilot study with three able-bodied users
who are familiar with the system but new to ShaCC. Each
session was repeated three times and began with a free
exploration phase, followed by a task sequence: picking up the
rear mug, placing it in front, and opening the lower drawer.

A. Results

Before performing the pick and place task, the scene con-
tained two clusters of tasks with a final clutteredness that
decreased from 27% with the baseline to 0.4% with ShaCC.

Exploring the scene was hindered by the large task spaces
of the baseline, which led to early, but wrong assistance,
inferring the thermos or the apple as the intended target. On
the other hand, ShaCC activated early orientation support with
the meta skill. This allowed users to switch between tasks in
close proximity to the objects, while the orientation of the
end-effector changes smoothly as seen in the attached video.

With the baseline method, eight (of nine) trials of the pick
and place task failed, while the open drawer task always
worked, leading to an overall success rate of 58%. With
ShaCC, users were able to complete the entire sequence of
tasks. Still, ShaCC saved 30% of execution time compared to
the baseline SCT. More importantly, it reduced the fraction of
time that the robot inferred users’ intent wrongly and provided
wrong assistance from 56% to 3% as shown in Fig. 9b.

After picking and placing the mug, the skills for the scene
were updated, and ShaCC adapted them to the new scene.

B. Discussion

The impact of ShaCC was shown not only in simulation,
but also tested on the real system in a pilot study, indicating
that our method is of practical use and has the potential to
improve intent prediction accuracy and execution times (see
Fig. 9b). We showed that ShaCC can handle multiple targets
in close proximity in multi-layered environments, while the
baseline method fails in high clutter.

The pilot study indicates that ShaCC allows users to seam-
lessly switch tasks and select the correct one more reliably.
Picking the mug required moving the end-effector between the
two other objects on the surface. This consistently triggered
wrong assistance with SCT, while ShaCC opened a corridor
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Fig. 9: Results of the pilot study on the real robot. (a) Accumulated
task success per method. (b) Averaged execution times split by
the robot assistance compared to the user intent: no (default 3D
translational control), scene (meta skill for early orientation support),
and correct / wrong assistance (towards the correct / wrong goal).

to pass through. For the drawer task, all users successfully
navigated around the upper drawer’s task space to reach the
lower one. ShaCC would have permitted a shorter path in front
of the drawer as seen in the video, but most users appeared to
default to the baseline strategy they are already familiar with.

The first validation of ShaCC in a pilot study indicates
that users can easily reach the desired task and can even
switch seamlessly between different tasks with our method.
Compared to that, the baseline is more likely to activate a
wrong skill because of the inadequate skill representation
in a cluttered scene and even hinders users from reaching
their intended target. Objective measures suggest that the
robot provides better and more correct assistance in cluttered
environments with our ShaCC method, which is in line with
the requirement of correct, early, and orientation assistance

[1].

VIII. LIMITATIONS AND FUTURE WORK

This paper presents a first validation of ShaCC via simula-
tion and a pilot study on the real robot. Below, we discuss key
limitations to contextualize results and guide future research.

So far, we evaluated ShaCC against a single baseline using
objective measures for repeatability. As future work, we plan
an extensive target user study to draw more robust conclusions
on usability, generalizability, and real-world impact.

Some scenes cannot reach zero clutteredness due to the
parameter bounds that ensure feasibility, which leads to lower
success rates especially in the highly cluttered randomized ex-
periments. Some of the failures can be explained by the greedy
user input model that ignores obstacles compared to a real user
who might simply move around them or modify the scene.
Introducing scene-level skills or combining ShaCC with non-
prehensile manipulation to actively modify the environment
could further improve assistance in these challenging cases.

The merging step has two limitations: the averaged orienta-
tion may not point directly towards any target, which can feel
unintuitive and will be assessed in the planned user study,
and opposing orientation constraints can cause a sudden flip
when moving between two tasks. Since these locations are
precomputable, they could serve as an indicator that neither
task is intended, an interesting direction for future work.

© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Robotics and Automation Letters. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/LRA.2026.3723281

IEEE ROBOTICS AND AUTOMATION LETTERS. PREPRINT VERSION. ACCEPTED JULY, 2026

ShaCC was developed for shared control systems with
explicit task spaces, such as SCT [8], Capture Envelopes [7], or
skills derived from Kernelized Movement Primitives [9], and
is complementary to methods based on implicit policies such
as Hindsight Optimization [1] or POMDPs [3], [4] that directly
evaluate the user input. ShaCC is agnostic to the user input
(direction) because it evaluates the end-effector position in
relation to the task spaces statically. Combining those dynamic
methods with ShaCC remains an interesting open topic.

IX. CONCLUSION

This paper introduced ShaCC, a new skill adaptation method
for shared control in cluttered environments with multiple
targets. First, we presented clutteredness, a general measure
for scene complexity that can be employed with any skill rep-
resentations using explicit task spaces. Second, we introduced
Shrinking and Merging to adapt skills to the current scene
based on the available tasks. Finally, we implemented and
evaluated ShaCC within the SCT framework, discussed the
results and outlined directions for future work.
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