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Abstract—In shared autonomy (SA), accurate user intent
prediction is crucial for good robot assistance and avoiding user-
robot conflicts. Prior works have relied on passive observation of
joystick inputs to predict user intent, which works when the
goals are clearly separated or when a common policy exists
for multiple goals. However, they may not work well when
grasping objects to perform daily activities, as there are multiple
ways to grasp the same object. We demonstrate the need for
active information-gathering in such cases and show how this
can be done in a principled manner by formulating SA as a
discrete action Partially Observable Markov Decision Process
(POMDP), reasoning over high-level actions. One of our insights
is that apart from having explicit information-gathering actions
and goal-oriented actions, it is important to have actions that
move towards a distribution of goals and provide no assistance
in the POMDP action space. Compared to a method with
no active information-gathering, our method performs tasks
faster, requires less user input, and decreases opposing actions,
especially for more complex objects, getting higher ratings and
preference in our user study.

Index Terms—Physical human-robot interaction, human per-
formance augmentation, physically assistive devices, planning
under uncertainty

I. INTRODUCTION

With an ageing population and rising prevalence of stroke
in young adults [1], there is an increasing number of people
who require assistance to perform activities of daily living
(ADLs). Coupled with the shortage of caregivers globally [2],
robotic assistive devices such as robotic manipulators show
promise in assisting those with motor impairments to perform
ADLs, such as grasping objects, eating and dressing. However,
controlling a robotic arm is challenging due to the difference
in the degrees of freedom (DoF) between robotic manipulators
and their control interfaces.

Commercially available control interfaces such as joysticks,
sip-and-puff devices and head arrays are commonly 1-DoF to
3-DoF, while a robotic arm is 7-DoF (6-DoF for translation
and rotation and 1-DOF for opening/closing the gripper). Thus,
users have to switch control modes to control all DoF of
the arm. This increases the cognitive burden on the user and
adversely affects task performance [3].

Shared autonomy combines robot inputs and human inputs,
allowing both robot and human to interact continuously to
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Fig. 1. Overview of our shared autonomy framework. The POMDP model
plans over high-level actions a,, either moving towards a goal or asking
questions about a goal. The low-level actions executed by the robot aﬁez for
move actions are generated by a velocity command generator for each goal
and for a distribution of goals using hindsight optimization [6].

achieve a common task [4]. The robot may assist the user by
sharing the control burden, which is helpful when controlling
a 7-DoF robotic manipulator using low-DoF control interfaces.
In this work, we focus on the control of a 7-DoF robot using a
3-DoF joystick through shared autonomy. While controlling a
robot arm with a 3-DoF joystick is admittedly easier than a 1-
DoF joystick, it is still challenging due to the need to switch
between control modes, and controlling the orientation of a
robot arm may not come intuitively to most users [5].

State-of-the-art shared autonomy methods for robotic ma-
nipulators [6]-[14] predict the human intention or goal by
passively observing the user’s joystick inputs while providing
assistance. To avoid assisting to the wrong goal, shared au-
tonomy algorithms either assist only when the confidence in
the predicted goal is high [10] or assist towards a distribution
of goals [6]. In both methods, the underlying assumption is
that passive observation of human inputs while assisting is
sufficient to predict human intention. This assumption works
well when the goals are well separated from each other or
when there is a common policy for the goals.

However, real-world scenarios are generally cluttered, and
we usually grasp the objects in our daily lives differently based
on the task. Existing works [6], [10]-[14] primarily consider
objects as possible user goals without considering how to grasp
the object. These works either fix the grasp pose! for each
object or select the grasp pose that is closest to the gripper,
without further consideration of the grasping strategy for a
given object. This simplifies the problem as the size of the
set of possible goals becomes small and a common policy is
applicable to multiple goals. However, the user might not want

'A grasp pose is a 6-DoF pose of the robot gripper in which closing the
gripper would grasp the object



to grasp the object with the closest or pre-defined grasp pose,
which may cause the user to fight with the system.

To address this issue, we redefine “goals” such that our
“goals” consider different possible ways to grasp the same
object. Thus, our “goals” include the object and grasp type.
Since each object may have multiple goals due to different
ways to grasp (e.g. from the top or side), the goals are no
longer well separated. Predicting intent accurately only from
passive observation of human inputs is very difficult in such
scenarios [15], which we observe in our experiments. To
provide meaningful assistance in such scenarios, the system
should be able to explore, i.e. actively gather information from
the human when uncertainty about human intention is high,
and exploit, i.e. move towards the goal when uncertainty about
human intention is low.

In this work, we define active information-gathering actions
as verbal questions since language is the most intuitive and
effective form of communication. Unfortunately, active infor-
mation gathering would increase task completion time, and
querying the user too much could be annoying to the user.
Thus, it is important for the system to reason whether to ask
questions, when to ask questions, and what questions to ask
in a shared autonomy setting.

Partially Observable Markov Decision Processes (POMDPs)
[16] provide a principled framework for balancing exploration
and exploitation. They have been used for active information
gathering in human-robot adaptation and collaboration [13],
[17], [18]. While prior work has formalized shared autonomy
as a continuous action POMDP [6], the QMDP (POMDP
with Q-values) [19] or hindsight optimization approximation
was used to solve the model since solving a POMDP with
continuous actions is intractable. With the QMDP approxi-
mation, there is no active information gathering. While this
approximation works well in many scenarios, the lack of
information gathering could lead to a convergence to the
wrong goal in complex scenarios where the goals are close
to each other.

Thus, we formulate the problem of shared autonomy as
a discrete action POMDP, introducing active information-
gathering actions by performing decision-making on high-level
actions (Fig. 1) instead of continuous low-level actions, such
as moving left or right. Determining appropriate high-level
actions in shared autonomy is not as straightforward as in
human-robot collaboration, since high-level actions are not
inherent to the task. We carefully define our high-level move
actions to include goal-oriented actions that move towards
each goal, a hindsight optimization action that assists towards a
distribution of goals, and a no assist action that allows the user
to take full control resulting in implicit information gathering.
Using discrete high-level actions makes our POMDP solvable
by state-of-the-art POMDP solvers [20]-[24] and allows active
information gathering, which leads to better assistance in daily
living scenarios involving objects with multiple ways to grasp.

Overall, the contributions of this paper include 1) demon-
strating the need for active information gathering in shared
autonomy 2) modelling shared autonomy as a discrete-action
POMDP by defining relevant high-level actions, which in-
cludes question-asking actions for explicit information gath-

ering, a no assist action to allow arbitration of control, and a
hindsight optimization action to assist towards a distribution
of goals, and 3) two user studies consisting of 18 subjects
(3 with upper limb impairments) and 15 subjects respectively,
comparing our method against hindsight optimization [6] and
manual control. The results of the user studies show that our
method performed at least as well as hindsight optimization
for simple tasks, and outperformed hindsight optimization
in scenarios where information-gathering is required. In the
second user study, we also show that our method can scale to
scenes with a larger number of goals. The user surveys showed
greater preference for our method compared to hindsight
optimization, citing greater control, a better understanding of
the robot assistance, and less effort required to perform the
task.

II. RELATED WORK
A. Shared Autonomy

Shared autonomy can be broadly divided into planning-
based approaches [3], [6]-[14] and learning-based approaches
[25]-[27]. Learning-based algorithms learn a shared auton-
omy policy from the control input data collected through
user demonstrations. Such approaches require substantial data,
which is difficult to acquire for shared autonomy tasks. Thus,
we focus on planning-based algorithms in this work. Planning-
based approaches compute the robot’s control action by min-
imizing a cost function. The cost function is usually defined
such that the robot moves towards the user’s intended goal.
Planning-based approaches can be further classified based on
how the assistance is provided or how the human and robot
actions are blended together.

1) Assistance Based Classification: Planning-based ap-
proaches can be divided into three categories based on how
they provide assistance — 1) predict-then-act, 2) assist under
uncertainty without information gathering and 3) assist under
uncertainty with information gathering.

Predict-then-Act approaches [8]-[10] move to the most
likely goal predicted based on the user’s joystick input when
the confidence in prediction is sufficiently high. The main
drawback is that there is no assistance for a significant portion
of the task when the prediction confidence is low.

Assist Under Uncertainty without Information Gathering
approaches [6] address the drawbacks of predict-then-act ap-
proaches by assisting towards a distribution of goals, or belief,
even when the confidence of the prediction is low for the most
likely goal. This approach works well when a common policy
exists for different goals. However, the assistance provided can
be wrong when the belief starts to converge on a wrong goal.
As these approaches rely solely on passive observation of the
user’s inputs, the user may need to exert significant effort to
oppose the assistance provided to correctly update the system’s
belief.

Assist Under Uncertainty with Information Gathering ap-
proaches address this issue by actively seeking information
from the user to update the belief correctly. Active information
gathering for shared autonomy has been studied in [14],
where implicit information gathering actions are taken when



the entropy of belief is high. By reducing the entropy of
belief, the system had a faster belief convergence. However,
the assistance provided did not improve. We observe that
a reduction in entropy is not always a good indicator of a
better policy, as a good policy can be found using hindsight
optimization [6] even when the entropy is high. Thus, overall
improvement in assistance is not achieved in [14]. In our work,
we use POMDPs to reason whether information-gathering
actions will lead to better assistance after reducing belief
entropy, performing information-gathering actions only when
needed.

POMDPs have also been used to assist with active informa-
tion gathering under uncertainty in human adaptability [13] for
a grasping task. An assumption is made that the robot knows
the optimal goal. This simplifies the action space and changes
the problem from shared autonomy to human adaptability as
there is no uncertainty about the goal. This assumption cannot
be made in real-world scenarios for a grasping task as the
optimal goal is either difficult to define or unknown.

To the best of our knowledge, we are the first to demonstrate
that active information gathering can be performed in shared
autonomy by modelling the problem as a discrete action
POMDP, instead of applying a QMDP (POMDP with Q-
values) approximation.

2) Arbitration Based Classification: Another way of classi-
fying the planning-based shared autonomy approaches is based
on how the human and robot actions are blended together.
They can be blended in 2 ways 1) outer-loop blending and 2)
inner-loop blending.

In outer-loop blending [8]-[10], [12], [13], an optimal robot
action a,. is either assumed to be known [13] or computed
based on most likely goal [8]-[10], [12]. The final action
Gtotar 1S computed by blending the user input a;, and the
optimal robot action a, based on an arbitration factor « i.e.
atotal = (1 — a)ay, + aa,. These approaches typically use
a predict-then-act paradigm, where « is determined based
on the confidence in the user intent prediction. POMDPs
have also been used to determine the arbitration factor by
predicting the human adaptability [13] for a grasping task.
The observations of the human action affect the prediction of
the human adaptability, which determines the arbitration — if
the human is non-adaptable, the robot follows the human; if
the human is adaptable, the robot insists on its policy.

The main advantage of outer-loop blending approaches is
that the assistance is provided only when the robot is confident
of the human’s goal. However, this also leads to cases where
no assistance is provided for a significant portion of the task.
Such approaches also do not consider the human action when
computing the optimal robot action, which could lead to the
rejection of sub-optimal robot actions that could be optimal
when combined with human actions.

Thus, in this work, we use an inner-loop blending approach.
Inner-loop blending approaches [6], [14] take into account
both the human action and various potential robot actions
when determining the optimal action that minimizes a cost
function for a given state. The human and robot actions are
usually blended together using a fixed arbitration factor «
inside the cost function. These approaches provide assistance

even when the prediction confidence is low since the ar-
bitration factor is fixed. However, there is a higher chance
of providing the wrong assistance. In our work, we include
explicit (via asking questions) and implicit (via no assistance)
information-gathering actions, providing the system with an
additional option of gathering more information if all the other
goal-oriented actions have a higher cost. By modelling this
problem as a discrete action POMDP, we ensure that additional
information is gathered only when needed, leading to better
assistance.

B. Robots Querying People

Natural language has been applied in robotics for com-
munication between humans and robots since language is a
natural way to convey information to humans. Prior works
have used language to query humans to get help when the
robot encounters problems [28], [29] and to disambiguate
uncertainties [17], [18], [30]-[32].

POMDPs have been used to disambiguate uncertainties in
language expressions or visual perception for a robot grasping
task [30]-[32]. Given a language instruction (e.g. “Pick up
the cup.”), the system can decide whether to perform an
information-gathering action in the form of asking an object-
specific question (e.g. “Do you mean the blue cup?”’, “Do you
mean the leftmost cup?”’), or to pick up the desired object.
Users can provide “yes” or “no” verbal responses, or provide
additional descriptions, e.g. “No, the red one”, which are
then added to the instruction and visually grounded. In such
settings, the human intent is known, and humans are used
as a source of information to reduce uncertainty about the
environment. Humans do not share the same action space with
robots, i.e. humans do not have direct control over the low-
level gripper movements, so deciding when to ask questions is
relatively easier compared to our setting as the robot does not
need to consider the human action during decision making.

In human-robot collaboration, POMDPs have been used to
decide what type of verbal communication the robot should
engage in [17], [18], such as whether to inform users about
the robot state, command users to perform an action, or ask
users about the human state. Similarly, humans and robots do
not have the same action space in these settings.

While not robots querying humans, verbal communication
has also been incorporated to disambiguate between different
latent actions of tasks in shared autonomy [27], [33]. However,
the burden of communication is placed on the human, thus no
planning is required by the robot to reason when and what
to communicate. In our work, the burden of communication
is placed on the robot, so the robot needs to decide what
questions to ask and when to ask questions.

III. PROBLEM STATEMENT AND MODEL SPECIFICATION

Given a user controlling a robotic arm with a joystick to
grasp a desired object with a desired grasp pose, we aim to
generate robot actions to assist the user in reaching the desired
grasp pose with minimal joystick control inputs and time. The
robot can observe the objects placed on a table from an RGBD
image of the scene. However, the robot does not know the



user’s intended object and grasp pose beforehand. It can be
inferred implicitly from observing the user’s joystick inputs,
or explicitly by asking questions from the user.

To generate the best robot action under human intent
uncertainty, we model this problem as a POMDP, which
is defined by the tuple (S,A,,Z7T,0,R,~). To maintain
tractability, we model shared autonomy as a discrete-action
POMDP, defining relevant high-level actions such as no assist
and hindsight optimization actions for better performance.
Furthermore, goals are defined at two levels, allowing goals to
be refined online. In the following sections, we describe the
POMDP model.

A. State Space S

S is the set of states that the robot could be in. We represent
state s € S as a tuple (x, g), where x C RS is the 6-DoF pose
of the robot gripper, g € G is the user’s goal and G is the set
of possible user’s goals. The gripper pose x is fully observed
and the user’s goal g is hidden.

1) Goal Definition: To account for different ways to grasp
an object, we consider the object (0) and grasp type (¢,) in
our goal, which we term a high-level target. Each high-level
target has a list of grasp poses (K, ), which we term a low-
level target. Thus, the user’s goal go is represented as a tuple
<07 907 ’CQ >

The higoh-level target contains the object to grasp o € O and
the grasp type 6, € ©, for that object o. The set of objects O
is determined from an RGBD image of the scene using Mask
R-CNN [34]. The set of grasp types O, can have different
values depending on the object’s intended use. In this work,
we categorise the grasp types based on the gripper orientation,
such as a top or side grasp. Thus, size of the set of goals is
G| = 0] %18, |.

However, for the same object and grasp type, there could
still be multiple grasp poses, e.g. grasping a cup with a top
grasp at the left or right rim. Thus, the low-level target contains
the list of grasp poses K, for the object o and grasp type
0,. The grasp pose k. € OICQ that is closest to the robot’s
gripper pose z in terms of translational and rotational distance
represents the user’s desired grasp pose for the goal g. To allow
our model to reason over different grasp poses when the high-
level target is known, i.e. when the user answers “yes” to a
question asked, we redistribute the grasp poses in K, for
highly likely high-level targets (See Section III-G). ’

Grasp Pose Detection (GPD) [35] is used to generate the
set of grasp poses K, from a masked point cloud of the object
0. We then cluster them into different grasp types based on
their grasp orientation to obtain the list of grasp poses K,
for each grasp type. ‘

B. Action Space A, and Transition Function T

A, is the set of high-level actions that the robot can take.
There are two types of actions: move actions A,™°"°, and
question-asking actions A,.7".

Move actions consist of velocity commands for the gripper
in the Cartesian space a,°"¢ € A,"°"¢ C RS. Theoretically,

the size of |.4,"°"¢| can be infinite. However, most of the
velocity commands would lead to sub-optimal solutions. We
reduce the size of the action space A, by considering only
a few high-level actions that either move the robot towards the
goals or follow the user action. In addition to the obvious goal-
oriented actions, we define two other move actions: hindsight
optimization action a,'t;y¢ and no assist action a,'\;o7¢.

The hindsight optimization action a,7;¢y¢ allows the model
to choose an action for moving towards a distribution of goals,
which is important at the start when all the goals are equally
likely. This prevents moving towards a random goal through
goal-oriented actions or asking questions about random goals
through question-asking actions, which can be annoying for
the user.

The no assist action a,3;97¢ simply executes the velocity
command corresponding to the user’s joystick input. This
action allows the robot to arbitrate control and gives the user
full control when all other move actions oppose the user action,
or when uncertainty is high.

Thus, A,.™°Y¢ consists of goal-oriented actions (ar;m’“e for
each goal g), a hindsight optimization action a,7;¢y° and a no
assist action a,/°"°. The size of move actions is A, =
1G] + 2.

A velocity command generator is used to convert the high-
level move actions a,™°" to robot velocity commands a’¢'.
Each goal-oriented action a,.”*°"® moves the gripper pose x
in the direction of the goal g. If k_ is the closest grasp pose
to the current gripper pose x among the list of grasp poses in
goal g, then argd x (k. — x). For the hindsight optimization
action a,.';;y¢, the robot velocity command is computed using
the algorithm in [6] that assists towards a distribution of goals.
For the no assist action, the robot velocity command is zero.
To compute the final velocity command a?**® associated with
each move action, the velocity command corresponding to the
user’s joystick input? a,’°¥ is added to the robot velocity
command a?®! with a fixed arbitration factor v of 0.5.

The robot can also explicitly ask the user about his/her
goal through question-asking actions A4,9". As asking the
user about the low-level target verbally is not feasible, we
only include the high-level target in the questions. For a goal
g consisting of (0,6,,K, ), the robot action a,I" will be
to ask : “Is OBJECT NAME with GRASP TYPE your goal?”.
OBJECT NAME and GRASP TYPE will be filled based on o and
6,. The user can answer either “yes” or “no” through button
inputs. Once the user answers “yes”, the high-level target is
known. At this point, the low-level target is still unknown, as
the system still has uncertainty about the user’s desired grasp
pose for the known high-level target. There are |G| question-
asking actions, one for each goal. In total, there are 2|G| 4 2
actions. For a better understanding and visualization of the
actions selected by the model, please refer to Section IV.

To manage the model’s complexity and keep it tractable in
scenarios with a large number of goals, we constrain the action
space only to consider the top G,, number of goals according
to their probability. If multiple goals have the same probability,

>The velocity command corresponding to the user’s joystick input is
determined using the joy package: http://wiki.ros.org/joy



they are sorted based on their distance to the current gripper
pose z, i.e. actions with goals that are closer to the gripper will
be considered. This is based on the assumption that the actions
associated with the lower probability goals are less likely to
yield a high reward, so pruning removes these unpromising
actions from the action set. In our experiments, we set G, to
10, so the maximum possible number of actions is 22.

The transition function 7{s,a,,s’) models the probability
of transitioning from state s to s’ after robot action a, is
taken. Since we do not want to reason about low-level velocity
commands, we make move actions terminal, similar to [31].
When a question-asking action a,?" is performed, the robot
stops moving and the state remains the same. Thus, we need
not model the transition function for all actions.

C. Observation Space Z

Z is the set of observations that the robot can observe at
every time step. We represent observation z € Z as a tuple
(z,a,,7°, a; %), where z € R is the 6-DoF pose of the robot
gripper, a,7°Y is the velocity command corresponding to the
joystick input from the human and a, " is the “yes” or “no”
response for question-asking actions.

D. Observation Function

O(z,s,a,) = P(z|s,a,) is the probability of observing
z € Z after taking action a, to reach state s. For move actions,
the observation is the velocity command corresponding to the
user joystick input a@,7°%. Similar to [6], we compute the
probability P(a,’°Y|s = (z,g),a,™°") using principles of
maximum entropy inverse optimal control (MaxEnt IOC) [36].

For question-asking actions, the observation is a,". We
assume that the human is truthful and define the probability
P(a,™|s = (z,9),a,7") as 0.999 for “yes” answers and
0.001 for “no” answers, if g4, = g, where g, is the goal
asked by the question and g is the goal in state s. Similarly, if
Jqn 7 g, the probability is 0.999 for “no” answers and 0.001
for “yes” answers.

E. Reward Function

R(s,a,) is the reward function specifying the immediate
reward obtained after the robot action a, is taken in state s.
If the action is a move action a,”°"¢, for a state s with
a desired grasp pose k. and gripper pose x, we want to
reward actions that take the gripper closer to the desired grasp
pose (R4(s,a,™°"¢)) and penalize actions that oppose the
user action (R, (s, a,™°"¢)). Thus, we define R (s, a,™°"¢) =
Ra(s,a;™%) + Ry(s,a,™°"¢), where

if
Rd(87 a;nove) _ Rt 1 dtrans >4 (l)
Rt + Rr if dtrans < 0

Ri = —100(1 — 27 dtrans*B) g the reward based on the
Euclidean distance® dypqns, Where 3 controls the rate of

3dirans and dyot are calculated between the desired grasp pose k. and
the gripper pose @’ reached after applying final velocity command af°t®!
corresponding to robot action a;*°V¢ to the current gripper pose x.

change of reward and is set at 8 in our setup. An exponential
function is chosen so that R; is bounded at —100. When
the gripper is close to the desired grasp pose, or within
a ¢ threshold, an additional reward R, = —100 * % is
given. d,.,; is calculated based on the quaternion distance?.
We set 6§ = 0.1m, which is about twice the length of the
gripper fingers. This additional rotational reward is only given
when the gripper is close to the object to reduce the robot’s
sensitivity to rotational distances when far, allowing the robot
to first approach the correct object. This is similar to our
observations on how users teleoperate the arm, which is to
translate the arm towards the object first, then adjust the
gripper rotation.

Ru(s,a,™) is —5 if the robot velocity command as-
sociated with the move action a’® opposes the user action
a,’°Y. There is opposition if the velocity commands of
the robot action and user action are in opposite directions
for any dimension i in RS, ie. ‘a, 7% x ‘a?® < 0 and
(|*a, 7|, [*a®¢'|) > (0.01,0.01).

To compute R4(s, a**"¢), we need to know the user action
ap,; at the next time step ¢ but this is unknown at the time
of search. For simplicity, we assume that aj ;1 = ap; since
each time step is small, i.e. < 0.3 seconds.

For question-asking actions a,-9", a fixed reward of —5 is
incurred to encourage the robot to ask a minimal number of
questions.

The maximum reward of 100 is given for successfully
reaching the user’s desired grasp pose. To prevent asking
repeated questions and improve the efficiency of the search
tree, the maximum penalty of —100 is incurred when the robot
asks about a goal that has already been asked about.

F. Belief Tracking

Partial observability of the user’s goal is captured using a
belief b(s), which is a probability distribution over s. The
POMDP maps the belief b € B to actions a, € A, and the
solution is an optimal policy 7, : B — A, that maximizes the
value V. (b) for all b € B. The value of a policy 7, at belief
b is defined as:

Vi, (6) = E | 34" R (s, w0 (b)) b = b
t=0

where 0 < v < 1 is the discount factor set as 0.95 and by
is the initial belief. Since the user goal g is the only hidden
part in the state s, the probability distribution over s becomes
a probability distribution over user goals. Initially, we set a
uniform distribution on the possible user’s goals. As the user’s
inputs are observed, the probability distribution on goals is
updated using the observation probability function described
in Section III-D.

G. Redistributing Grasp Poses

At the start, each goal has a unique high-level and low-
level target. The low-level target contains all the grasp poses
associated with the high-level target. We assume each goal
is equally likely i.e. p(g) = 1/|G| Yg € G. As the system
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Fig. 2. Redistribution of grasp poses. Each box represents a goal with a high-
level target represented by an ID, shown as the upper number in the box, while
the lower number denotes the probability of the goal. The dots on the right
of the box represent the low-level targets, with each dot representing a grasp
pose. For simplicity, we only show five grasp poses in a low-level target in
the figure. At ¢t = 1, all high-level targets have the same probability (row 1).
At t = n, the probability of high-level target 2 is high (row 2), making the
effective size of belief small. This triggers resampling, which causes high-
level target 2 to be duplicated (row 3). After redistributing the grasp poses
across low-level targets (row 4), high-level target 2 has three different low-
level targets associated with it. The final row shows the state at the end of
t=n.

observes the user actions, the probability of some goals
increases and some goals decreases.

As a standard practice, resampling from the probability
distribution is performed when a small number of values (goals
in our case) have a much higher probability than other values
[37]. The purpose of resampling is to obtain a better estimate
of the probability distribution. Resampling is triggered when
the effective size Neff of the belief (probability distribution
over the goals) measured using Kish’s formula [38] is small
ie.

- 1
eff

__ v
= 5] 2" 2
2iz1(p(9i))

After resampling, a highly likely goal will be sampled
multiple times, while a less likely goal might not be sampled.
Thus, there will be duplicates of highly likely high-level
targets in our set of goals. To consider various grasp poses
for these high-level targets, we redistribute the grasp poses in
the low-level targets across the duplicated high-level targets.
The redistribution of grasp poses in the low-level targets is
based on their distance from the current gripper pose x, such
that the user’s desired pose k, for each goal is unique. Thus,
if a high-level target is duplicated three times, the grasp pose
with the smallest distance to the gripper pose will be set as
a low-level target for one instance; the grasp pose with the
second smallest distance will be set as a low-level target for
the second instance; the list of remaining grasp poses will be
set as the low-level target for the third instance, as illustrated
in Fig. 2.

Thus, after redistributing the grasp poses, there will be more
goal-oriented move actions towards the highly likely high-level
targets, with each action considering a different grasp pose.
This allows the POMDP solver to reason which grasp pose
for the same object and grasp type is the user’s target pose,
which is important especially after a question is asked.

IV. SIMULATION EXPERIMENTS

Side vertical

Side horizontal

Top horizontal
©

Fig. 3. (a) Scene 1 with 3 objects and 4 goals in simulation. (b) Scene 2
with 10 objects and 18 goals in simulation. (c) Grasp types used in Scene 2.

Top vertical

To evaluate different components of our method (referred
to as Policy), we first conduct experiments in simulation to
ensure the object poses and grasp poses are the same when
comparing different components. hyp-DESPOT [22] was used
to solve the POMDP for Policy with a planning time of 0.1
seconds. All tasks in this section were performed by one of
the authors.

For comparison, we use a state-of-the-art shared autonomy
approach based on passive information gathering [6] (referred
to as HO) as our baseline policy. To better study the im-
portance of the no assist action and question-asking actions,
we also implemented a no assist version of the baseline HO
(referred to as HO+NoAssist). In HO+NoAssist, when the
optimal robot action computed by HO does not oppose the user
action, we follow the implementation in the original paper, i.e.
the robot action is executed. However, when the robot action
opposes the user action, we provide the user full control, i.e.
we only execute the user action. Opposition is measured in the
same way as described previously in Section III-E. For both
HO and HO+NoAssist, the goals are set to be the same as the
high-level targets in our method.

First, we discuss the importance of different actions in
the POMDP in Section IV-A by studying in detail how the
system behaves for a given task when different actions are not
included. Next, we demonstrate the robustness of our method
by comparing it with HO and HO+NoAssist for 8 different
tasks in simulation IV-B.

The following objective measures were used to evaluate the
performance of the algorithm:

o Task completion time measures the time taken to grasp
an object.

o Number of mode changes records the number of times
the mode was switched between translation and rotation,
measuring the effort required to achieve the goal.
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Fig. 4. Trajectories, actions selected and belief for HO, HO+NoAssist, Policy+NoQns, Policy+WithoutNoAssist, Policy+NoHO and Policy for a sample run

to grasp a cup with a top grasp in simulation.

o Total joystick input measures the total joystick input
provided by the user, computed by the absolute sum of
the raw joystick input in 3 dimensions at every 0.025s.

o Percentage opposing time measures the percentage of
time where the robot actions oppose the user actions,
which measures the assistance provided. Opposing ac-
tions are defined according to Section III-E.

o Correct prediction rates records the proportion of trials
where the system predicted the user’s goal correctly at
the end of the task with a confidence greater than 0.7.

A. Importance of Different Actions in Model

To demonstrate the importance of different high-level ac-
tions, we use simulation Scene 1 (Fig. 3a) and perform the
same task of grasping a cup from the top with different ablated
versions of our method and the two baselines. The different
ablated versions of our algorithm are as follows:

e Policy+NoQns: Our method without question-asking ac-
tions

o Policy+WithoutNoAssist: Our method without no assist
action

e Policy+NoHO: Our method without hindsight optimiza-
tion action

For each method, we plot the belief change, the actions
generated, opposing actions, the angular and linear velocity
commands of the robot and user, and the mode changes in
Fig. 4. The tasks in this section were only performed once for
a detailed analysis of that particular instance. The results for
the objective measures are shown in Table I.

The following sections discuss the importance of different
high-level actions based on the quantities plotted in Fig. 4 and
measured in Table 1.

1) No Assist Action: We evaluate the importance of
the no assist action by comparing Policy against Pol-
icy+WithoutNoAssist. The number of opposing actions is sig-
nificantly higher for Policy+ WithoutNoAssist (Fig 4). This also
led to an increase in the opposing time, total joystick input and
task completion time (Table I).

A similar effect is seen when comparing HO against
HO+NoAssist. Note that there are no opposing actions in
HO+NoAssist by design, as the robot action is not executed
whenever it opposes the user action. Thus, the assistance
provided in HO+NoAssist is less than HO, which should
have led to more joystick inputs from the user. Instead,
HO+NoAssist performed better in terms of total joystick input,
task completion time and the number of mode changes, as seen
in Table I. This is because the no assist action prevents the
system from providing the wrong assistance.

Thus, for both Policy and HO, including a no assist action
reduces the opposing actions, which helps improve the overall
assistance.

2) Question-Asking Actions: First, we compare the belief
change for algorithms with question-asking actions* (Policy,
Policy+NoAssist, Policy+NoHO) and algorithms without (HO,
HO+NoAssist and Policy+NoQns). From Fig 4, all three al-
gorithms without question-asking actions failed to converge to
the correct goal. Even though the task could be accomplished
despite the incorrect belief convergence, there were more mode
changes and total joystick input compared to the algorithms
with question-asking actions (Table I).

4The timestamp when question-asking is triggered varies across different
trials. This is because the POMDP model takes into account the user
action and the possible robot actions when determining whether information-
gathering is the best action for that time step. Given that user inputs vary
across different trials, the possible move-to-goal robot actions also vary due
to a difference in the gripper state. Thus, information-gathering actions are
selected at different time steps for different trials.
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Fig. 5. Screenshots showing the belief, gripper pose and teleoperation mode for the runs in simulation to grasp the cup with a top grasp (in yellow) for (a)
HO (b) HO+NoAssist (c) Policy. A different colour is used to show each high-level target, and the corresponding belief for each high-level target is displayed
using the same colour. For each algorithm, screenshot 1 shows the starting pose while the last screenshot shows the final grasping pose where the gripper is
closed. The screenshots in between are taken before a mode change. In Policy, screenshot 3 is taken when a question is asked, while screenshot 4 is taken to
show the belief update after the user answered “yes”.



TABLE I
RESULTS FOR SCENE 1 GOAL 1

Algorithm Completion Time (s) Mode Changes  Total Joystick Input ~ Opposing Time (%)  Correct Prediction (T/F)
Manual 42.73 4 316.45 - -

HO 57.13 7 471.81 74.6 F
HO+NoAssist 46.27 4 347.96 - F
Policy+NoQns 45.72 4 331.94 10.7 F

Policy+WithoutNoAssist 44.42 2 286.61 51.7 T
Policy+NoHO 39.23 2 223.62 25.4 T
Policy 37.06 2 218.45 9.7 T

To understand why the belief does not converge to the
correct goal with passive information gathering in HO and
HO+NoAssist, we show the screenshots of sequences of
actions for HO, HO+NoAssist and Policy in Fig. 5. Each
screenshot shows the gripper position and the probability of
different goals before a mode change, or before and after a
question is asked.

For HO (Fig. 5a), as the user translates the gripper towards
the cup, both the top and side grasps for the cup have high
probabilities in screenshot 2. At this point, the user performs
a mode change. When the user rotates the gripper, the gripper
is closer to the side grasp, which increases the probability of
the cup with side grasp. Thus, the action computed by HO
opposes the user action. This is also captured in Fig 4, under
the Y-axis angular velocity and the opposing actions for HO.
To overcome the wrong assistance, the user performs several
mode changes, but the belief has converged to the wrong goal
of a cup with side grasp. As such, the robot always assists
towards the cup with side grasp and opposes the user.

For HO+NoAssist (Fig. 5b), similarly, the top and side
grasps for the cup have high probabilities in screenshot 2. The
probability of the cup with side grasp again increases when
the user switches to rotation mode as the gripper is closer
to the side grasp. However, the robot does not oppose the
user action in this case, which can be seen in Fig. 4, where
the no assist action is selected while in rotation mode for
HO+NoAssist algorithm. However, when the user switches to
translation mode to fine-tune the gripper position, the robot
starts rotating the gripper to a side grasp due to a wrong
belief. This is because rotating the gripper does not oppose
user actions in translation mode. Thus, the user has to switch
modes again to rotate the gripper to the correct orientation
before grasping the cup.

For Policy (Fig. 5c¢), a question is asked in screenshot 3,
when both the top and side grasps of the cup have a high
probability. Since the user answers “yes” to the question, the
high-level target is known. The robot assists the user towards
the correct goal and the task is completed with minimal time,
mode changes and total joystick input, as shown in Table I.
We note that there is still uncertainty over the user’s desired
grasp pose (low-level target), so opposing actions still exist
after question-asking, as shown in Fig. 4.

For the same task, we also present a scenario where the
system reasons to ask a question about the cup with side
grasps instead of top grasps (Fig. 6). Even though the user
answers “no”, the system receives sufficient information to
disambiguate between the goals and could provide correct

assistance without asking additional questions.

This analysis shows the need for active information gather-
ing, especially when the goals are not well separated, as it is
difficult to estimate the user’s intent from passive observation.
However, it is not trivial to decide when and which questions to
ask. One way could be to ask a question whenever the entropy
of the belief is higher than a certain threshold. However, this
will lead to questions being asked at the start about a random
goal since all goals are equally likely. In some cases, when the
policies for all goals are similar, active information gathering
might not even be needed. A threshold-based method will still
ask questions as it does not evaluate the results of possible
future actions. By modelling the problem as a discrete-action
POMDP, we can compute the optimal action for different cases
in a principled manner.

Opposing
Actions
Completion Time: 37.08s
Selected Mode Changes: 2
Actions Total Joystick Input: 203.1
: : . } Opposing Time: 10.9%
Belief | [
0 10 20 0
Time (s)

Fig. 6. Actions selected, belief and objective measures for a sample run using
Policy in simulation to grasp a cup with a top grasp. The legend is the same
as in Fig. 4. In this run, the question “Is mug with side grasps your goal?”
was asked and the user answered “no”. No additional questions were asked
after that.

3) Hindsight Optimization Action: To evaluate the impor-
tance of including an action that assists towards a distribution
of goals, we compare Policy against Policy+NoHO. From
Fig. 4, Policy selects the hindsight optimization action at the
start while Policy+NoHO selects actions moving to different
goals. Table II shows the detailed sequence of actions selected
by Policy+NoHO and Policy before a question is asked.
Different move-to-goal actions are selected by Policy+NoHO,
e.g. moving to the mug with top grasps at the first time
step, but moving to the mug with side grasps at the second
time step. While this does not cause any opposition when the
user is in translation mode, the robot action would change
the gripper’s orientation, which could confuse the user. The
random selection of goals at the start leads to a slightly longer
task completion time and more joystick input (Table I). In
our experiments, we observed that the hindsight optimization
action is often selected at the start, suggesting that this is an
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Fig. 7. Results for the qualitative experiments in simulation, where *= p < 0.05, **= p < 0.01, ***= p < 0.001, ****= p < 0.0001.

optimal action at the start when the goals are far and there is
a minimal policy that is good for all goals. By including this
action in the POMDP model, the solver can choose a more
optimal action instead of selecting random actions.

TABLE I
ACTIONS SELECTED

Time Algorithm

step Policy+NoHO Policy
1 Move to mug with top grasp HO action
2 Move to mug with side grasp HO action
3 No assist No assist
4 No assist No assist
5 Move to bowl with top grasp No assist
6 Move to mug with side grasp HO action
7 Move to mug with side grasp  Ask about mug with top grasp
8 Move to mug with side grasp
9 Move to mug with top grasp
10 Ask about mug with top grasp

TABLE III
HIGH-LEVEL TARGETS FOR EACH TASK

Scene | Task

1

High-Level Target
Cup with top grasps
Chips can with side grasps
Bowl with top grasps
Cup with side grasps
Cup with top horizontal grasps
Scissors with side vertical grasps
Drill with side vertical grasps
Spoon with top vertical grasps
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B. Robustness

After discussing the importance of various components of
our approach through in-depth analysis of a single task, we
demonstrate the robustness of our method by evaluating its
performance for 8 different tasks (Table. III) across 2 different
simulation scenes (Fig. 3). Scene 1 only contains 3 objects,
a cup, a chips can and a bowl, giving 4 high-level targets
— cup with top grasps, cup with side grasps, chips can with
side grasps, and bowl with top grasps. We also set up a more

complex scene, Scene 2, which consists of 10 objects and
18 high-level targets. We define four grasp types to generate
more goals in Scene 2, as shown in Fig. 3c. The high-level
targets in Scene 2 are cup with top horizontal grasps, cup with
side horizontal grasps, chips can with side horizontal grasps,
meat can with side horizontal grasps, scissors with top vertical
grasps, scissors with side vertical grasps, drill with top vertical
grasps, drill with side vertical grasps, drill with side horizontal
grasps, bleach cleanser with side horizontal grasps, spoon with
top vertical grasps, spoon with side vertical grasps, spoon with
side horizontal grasps, bowl with top vertical grasps, bowl
with top horizontal grasps, banana with top horizontal grasps,
sugar box with top horizontal grasps and sugar box with side
horizontal grasps.

We compare our method Policy with the baseline HO and
HO+NoAssist for these 8 tasks. For evaluation, one of the
authors performed each task 5 times for each algorithm and
the objective measures were recorded. In addition, we also
note the average number of questions asked for each task for
Policy. The results of this evaluation are presented in Fig. 7.

The difficulty of tasks is reflected in the task completion
time and the number of mode changes for the baseline
HO. Task 2 in Scene 1 was the easiest task, requiring no
mode changes and was completed in the shortest time. All
three methods were able to predict the intent correctly and
performed similarly. Task 1 in Scenes 1 and 2, and Task
4 in Scene 2 required a longer task completion time and a
greater user effort. For these tasks, HO+NoAssist performed
better than HO in terms of the number of mode changes and
total joystick input, while Policy outperformed HO+NoAssist.
This shows that our approach performs as well as HO and
HO+NoAssist for simple tasks and provides better assistance
when the task is difficult.

While the system asked a relatively higher number of
questions in Scene 2, the highest number of questions asked
only averaged to be 1.6 in Tasks 1 and 3. This shows that
Policy can reason whether to ask questions and can scale to
more complex scenes.

The simulation experiments allowed us to perform an in-



depth analysis of various components and study the robustness
of our method by performing different tasks in a controlled
environment. To study whether our approach has a practical
impact on usability and efficiency for real users, we conducted
a user study using a real robot arm with human subjects.

V. USER STUDY ON REAL ARM — SIMPLE SCENE

We conducted a within-subject study on three reaching
and grasping tasks. A total of 18 participants (15 without
motor impairments, 2 stroke subjects, 1 Duchenne muscular
dystrophy (DMD) subject; 7 female 11 male; age range 15 -
60) were recruited. All participants gave their signed consent
for the experiment procedure, which was approved by the
Nanyang Technological University Institutional Review Board.

To ensure the experiment was not too long and to pre-
vent user confusion when assessing different algorithms, we
compare our algorithm Policy with the existing approach HO.
Users also tried a manual approach before trying Policy and
HO so that they could evaluate whether the robot assistance
helped them complete the tasks. We did not compare against
a fully autonomous approach as past studies have shown that
shared autonomy systems outperform these approaches and
that users prefer to retain control [6], [14], [39].

A. Hypotheses

We tested the following hypotheses in our experiments:

H1 Active information gathering will reduce the time taken
to complete the task during teleoperation.

H2 Active information gathering will reduce the effort
required to teleoperate the robot arm.

H3 Active information gathering in the form of asking
questions will improve intent recognition and reduce opposing
actions from the robot.

H4 Participants will prefer Policy over HO.

B. Experimental Setup

The experiments were set up with four objects on the table
— a cup, bottle, bowl and spoon. The objects were placed in
the same positions to ensure consistency across subjects. The
objects were placed close to each other without occlusion from
the camera (Fig. 8a), an Intel Realsense Depth Camera D435
mounted on the xArm-6 gripper.

Mask R-CNN [34] was used to detect the objects in the
scene. We assumed the set of possible object classes the user
might want to grasp is known. Based on this assumption, we
removed objects like tables and chairs detected.

For both shared autonomy algorithms, the Grasp Pose
Detection (GPD) package [35] was used to generate grasp
poses, which were classified into different goals — top grasps
and side grasps®. In total, there were 6 goals generated (Fig.
8b).

The xArm-6 robotic arm (UFactory) with the xArm two-
finger gripper was used. The robotic arm was mounted on

5Note that the bottle only had side grasps as top grasps exceeded the arm’s
workspace, while the bowl only had top grasps since the gripper could not
grasp the bowl with a side grasp.

(b)

Fig. 8. (a) Experimental setup with four objects placed on the table. The
robot arm was reset to this pose before each trial. (b) Goals generated in our
experiments. Goals for each object are shown in a separate colour, where top
grasps are shown in blue and side grasps are shown in red. There are 6 goals’
in total. Participants had to complete three tasks by grasping the object with
a particular grasp type in the following order - 1) bottle with side grasp, 2)
spoon with top grasp and 3) cup with top grasp, as indicated by the numbers
in the image.

a wheelchair that was fixed during the experiment. Users
teleoperated the robotic arm using a Razer Hydra controller,
with the right joystick and the left and right trigger buttons
controlling three degrees of freedom (DoFs). Three buttons
on the right controller were used to switch control modes,
control the gripper closing/opening and answer “yes” or “no”
for question-asking actions. To allow the stroke subjects to
control the arm using only their healthy hand, the joystick
controls were modified such that the stroke subjects had a 3-
DoF joystick on the right controller. For all subjects, there
were 2 control modes available — translation and rotation
mode. The rotational component of the velocity command was
set to zero in translation mode and vice versa.

hyp-DESPOT [22] was used to solve the POMDP for Policy.
The POMDP model had 14 actions and a planning time of 0.3
seconds. The robot communicated through a speaker, using an
off-the-shelf text-to-speech package to ask questions.

C. Procedure

Participants had to complete three trials, one each for
manual, HO and Policy. Each trial consisted of the following
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Fig. 9. Bar plots with error bars for each method across all participants for the simple scene user study. The plots for (a) objective measures and (b) subjective
measures, where *= p < 0.05, **= p < 0.01, ***= p < 0.001, ****= p < 0.0001. v denotes that a lower score is better. The colour of the bars representing

the control methods is consistent across all graphs.

three tasks (Fig. 8b):

1) Grasp the bottle with a side grasp;
2) Grasp the spoon with a top grasp;
3) Grasp the cup with a top grasp.

The tasks were chosen to include tasks of different difficulties.
The first task of grasping the bottle in each trial was the
easiest since it did not require rotation of the gripper. The
second and third tasks were more difficult as users had to
rotate the gripper towards a top grasp and the system had
to disambiguate between top and side grasps for the object.
For each task, participants had to teleoperate the robotic arm
from a fixed starting pose and grasp the target object with
the specified grasp type. The gripper closing signalled the
end of the task for task completion time measurement, but
subjects were asked to lift the objects after grasping. If users
failed to grasp or lift an object, they were given an additional
attempt. The robotic arm and scene were reset after each task
for consistency.

Before the trials, participants were given a user sheet
containing instructions, task descriptions and controller inputs.
They were given five minutes to practice manual teleoperation
on a practice scene to familiarise themselves with the con-
trols. The scene in Fig. 8a was then set up and participants
completed all the tasks with manual control. Manual control
was always performed first so participants could evaluate
the robot assistance using the shared autonomy algorithms
later. Similarly, for the shared autonomy methods, participants
had five minutes to practice on a test scenario. They then
completed all the tasks with the same control strategy before

switching to the other shared autonomy method. The order of
testing the shared autonomy methods was randomized across
participants to counteract the effects of novelty and practice.

After each task, participants filled out a NASA-TLX [40]
survey, where participants had to rank their workload on
six sub-scales. Mental demand measured the mental and
perceptual activity required; physical demand measured how
physically demanding or laborious the task was; temporal
demand measured how much time pressure the participant
felt; effort measured how hard the participant had to work
to achieve the level of performance; frustration measured
how annoyed, stressed and irritated the participant felt; per-
formance measured how successful the participant felt in
completing the task.

For the two shared autonomy methods, they were also asked
to rank their agreement on a 7-point Likert scale after each
trial for the following usefulness and ease-of-use statements.

1) “This algorithm helped me complete the task more
quickly.”

2) “This algorithm made it easier to complete the task”.

3) “If were to teleoperate a robotic arm, this algorithm
would be useful for me.”

4) “Learning to use this algorithm is easy for me.”

5) “I felt in control while using this algorithm.”

6) “I would find this algorithm easy to use.”

At the end of all three trials, participants were also asked
which method provided them with better assistance and
which method they preferred.

We also evaluated the performance of the three control



methods using objective measures mentioned in Section IV
and included success rates as an additional measure, which
is the proportion of successful trials. The trial is successful if
the participant grasps the object with the intended grasp type,
lifts the object, and none of the objects falls off the table.

D. Results

Since the subjects with upper limb motor impairments did
not have difficulties operating the joystick, we combined the
analysis for all the subjects together.

The experimental results reflected the varying difficulty
levels of the tasks. Task 1 did not require rotation of the
gripper pose, resulting in fewer mode changes and faster task
completion time. Note that for task completion time, mode
changes, total joystick input and opposing time, the data
reported is from the first attempt if the attempt was successful.
Otherwise, the data reported is from the second attempt if
the second attempt was successful. If both attempts were
unsuccessful, the data was not included in the analysis of these
measures.

1) Objective Measures: A two-way repeated measures
ANOVA was performed to evaluate the effect of the task
and assistance method (manual, HO, Policy) on task com-
pletion time, number of mode changes and success rates. A
Greenhouse-Geisser correction was performed if the data vio-
lated the assumption of sphericity. If a significant main effect
was found, a post hoc analysis using pairwise comparisons
was performed using Bonferroni corrections to identify which
conditions were statistically different from each other (Fig.
9a).

For task completion time, there was a statistically sig-
nificant difference between control methods (F(2,31) =
7.13,p < 0.001). Post hoc analysis showed a significant
difference between HO and manual (p = 0.006) in Task 2
and between Policy and HO (p = 0.019) in Task 3. There was
a marginal difference between Policy and manual (p = 0.093)
in Task 2. Even though insignificant, we note that Policy had
a slower task completion time compared to HO in Task 2.
This additional time can be attributed to the time to ask and
answer questions. Thus, Policy performs at least as well as or
better than HO and manual in terms of task completion time,
showing support for H1.

Number of mode changes differed significantly between
control methods (F'(2,36) = 8.039,p < 0.001). Post-hoc
analysis revealed significant differences between Policy and
manual (p = 0.014) and between HO and manual (p = 0.035)
for Task 2, and between Policy and HO (p = 0.014) for Task 3.
Marginal differences were also found between HO and manual
(p = 0.099) for Task 2.

Total joystick input differed significantly between control
methods (F(2,34) = 10.625,p < 0.001). Post-hoc analysis
revealed significant differences between Policy and manual
(p = 0.012), and between HO and manual (p = 0.025) for
Task 2, and between Policy and HO (p = 0.003) and between
Policy and manual (p = 0.041) for Task 3. Marginal differ-
ences were also found between HO and Policy (p = 0.071)
for Task 2. Thus, the number of mode changes and total
joystick input measures show support for H2.
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Fig. 10. (a) User preferences when asked which method provided better

assistance and which method they preferred the most. (b) Number of questions
asked by Policy for each task for the simple scene user study.

For success rates, there were multiple failures due to
grasping too early, knocking over objects and opposition from
the assistance. There were 18 failures on the first attempt —
for Task 1, there was 1 failure with Policy; for Task 2, there
were 3 failures with manual, 6 failures with HO and 3 failures
with Policy; for Task 3, there was 1 failure with manual and
4 failures with Policy. Participants who failed the first attempt
were given a second attempt. After which, there was 1 failure
with manual for Task 2 as the bowl fell off the table after the
spoon was grasped, and 3 failures with HO for Task 3 because
of opposition from the control method due to incorrect intent
prediction.

A Wilcoxon signed-rank test was performed on the assis-
tance measures, comparing the percentage opposing time
provided by Policy and HO. A statistically significant differ-
ence was found for all tasks, suggesting that Policy produces
fewer robot actions that oppose user actions. Even for a simple
task like Task 1, where users did not need to change the
gripper orientation, Policy had a significantly lower percentage
opposing time (p < 0.01). For tasks that required changing the
gripper orientation, users spent a significantly larger proportion
of time opposing the robot action in HO (p < 0.001). Since
the robot should minimize conflicts with the user in shared
autonomy [4] for effective assistance, H3 is supported.

For correct prediction rates, HO predicted all trials in Task
1 correctly, but Policy performed better in Tasks 2 and 3, with
a statistically significant difference for Task 3. This suggests
that for a simple task like Task 1, both HO and Policy can
predict the user intent accurately, but HO struggles in more
complex tasks. This further supports H3.

2) Subjective Measures: For self-reported participant work-
load using the NASA-TLX survey, a Friedman’s test was
performed. Significant differences were found for all measures
(Fig. 9b), with Policy outperforming HO and manual. A post
hoc analysis was performed using Bonferroni corrections.

A Wilcoxon signed-rank test was performed on the user-
reported subjective measures on the usefulness and ease-of-
use of the shared autonomy algorithms. Significant differences
were found for all subjective measures between Policy and
HO (Fig. 9b), showing that users felt that Policy helped them
achieve the task more quickly, performing the task was easier,
the assistance was useful and they felt in control.



When asked to select the algorithm that provided better
assistance, 88.9% of participants selected Policy, supporting
H4 (Fig. 10a). Most participants preferred Policy over HO as
the “questions asked allow communication between operator
and robot” and that they could “better understand what the
algorithm is trying to do”. With better intent recognition, many
participants also commented that they did not have to “fight
against the robot”. Notably, all three subjects with upper limb
impairment preferred Policy, commenting that for HO, “the
robot doesn’t know what I want” and the robot “didn’t move
the way I expected it”.

When asked about their preference between all three con-
trol methods, 9 participants selected Policy, 5 participants
selected manual and only 1 participant selected HO. There
were 2 participants who selected both Policy and manual, and
1 participant who did not have any preference. Participants
that preferred manual commented that manual provided them
with the greatest control, suggesting there is further room for
improvement for Policy.

E. Discussion

Generally, the results show that Policy can assist users
towards their goals at least as well, or better than HO and
manual, validating our hypotheses. For a simple task that does
not require any gripper rotation like Task 1, all three control
methods perform similarly.

Our experimental results show the benefits of active
information-gathering actions in the form of asking questions,
which improves intent recognition. The average number of
questions asked for each task was 0.41, 1.12 and 1.24 respec-
tively (Fig. 10b), showing that the model does not ask too
many questions and can reason if and when to ask questions.

In particular, for Task 3, where HO cannot predict the
user’s goal accurately, information-gathering actions in Policy
resulted in fewer mode switches and shorter task completion
times. Given that the same planner is used to generate robot
actions for both methods, the difference in performance can be
attributed to the information-gathering actions. Interestingly,
with incorrect goal inference, we found that HO performed
worse than manual for Task 3 in terms of task completion time
and number of mode changes. This supports that no assistance
is better than providing wrong assistance.

VI. USER STUDY ON REAL ARM — COMPLEX SCENE

To investigate the scalability of the proposed approach to
scenes with a larger number of goals, we conducted another
within-subject study on three reaching and grasping tasks on
a more complex scene. 15 participants (6 female 9 male; age
range 21 - 60) were recruited from the Nanyang Technolog-
ical University community. This study was approved by the
Nanyang Technological University Institutional Review Board.

A. Hypotheses

In addition to the hypotheses in Section V-A, we tested the
following hypothesis:

HS The average number of questions asked in the complex
scene will not increase significantly as compared to the simple
scene.

Drill with side
vertical grasps

Can with side
horizontal grasps

(b)

Fig. 11. (a) Experimental setup with 11 objects placed on the table. (b) The
three tasks in this user study — grasping the object with a particular grasp
type in the stated order.

Bowl with top
horizontal grasps

TABLE IV
GOALS IN COMPLEX SCENE USER STUDY

Object Grasp Types
Drill Top vertical, side horizontal, side vertical
Apple Top vertical, top horizontal
Banana Top horizontal
Plate Top vertical
Scissors Top horizontal, side vertical
Spray cleaner Top vertical, side vertical, side horizontal
Cup Top vertical, top horizontal, side horizontal
Bottle Side horizontal
Can Top vertical, side horizontal
Bowl Top vertical, top horizontal
Spoon Top vertical, side vertical

B. Experimental Setup

The same hardware, i.e. robotic arm, camera and joystick
controller, was used as in Section V. 11 objects were placed
on the table in the scene (Fig. 1la, Table IV). To generate
more goals, we defined four grasp types — side horizontal,
side vertical, top horizontal and top vertical grasps, as shown
in Fig. 3c.

As some of the objects could not be detected using Mask
R-CNN [34] with the MS COCO dataset [41], we manually
labelled the object names in the scene. Using the Segment
Anything Model [42], we provided bounding box prompts
to obtain the object masks and point clouds. Grasp Pose
Detection (GPD) [35] was used to generate the grasp poses
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Fig. 12. Bar plots with error bars for each method across all participants fo
subjective measures, where *= p < 0.05, **= p < 0.01, ***= p < 0.001, **
representing the control methods is consistent across all graphs.

from the object point cloud. In total, 22 goals were generated
for the shared autonomy algorithms, as shown in Table IV. An
AruCo marker [43] was placed to obtain the transformation
between the arm and the generated grasp poses. The object
names, grasp types and grasp poses were saved with respect
to the AruCo marker and kept consistent across subjects.

To keep computation tractable, only the top 10 most likely
goals were considered in the action space for Policy, as
mentioned in Section III-B. Thus, the model had 22 actions,
and a planning time of 0.1 seconds was used.

C. Procedure

We used a similar experimental procedure and metrics as
outlined in Section V-C, with the differences explained below.
We added a time limit of 100s to complete each task to
prevent the experimental process from being overly lengthy.
Participants had to complete the following three tasks (Fig.
11b) for each control method — manual, HO and Policy:

1) Grasp the bowl with a top horizontal grasp;
2) Grasp the can with a side horizontal grasp;
3) Grasp the drill with a side vertical grasp.

The tasks were carefully chosen to include tasks with
different grasp types. The objects to grasp were also located at
different locations in the scene, with the object in Task 1 being
the closest to the starting position of the gripper and the object
in Task 3 being the furthest away from the gripper. For the
objects further away from the gripper, the gripper would have

r the complex scene user study. The plots for (a) objective measures and (b)
*#=p < 0.0001. v denotes that a lower score is better. The colour of the bars

to pass by other objects, allowing us to evaluate whether our
proposed method could reason what questions and whether to
ask questions. The same objective and subjective measures in
Section V-C were used for evaluation.

D. Results

The results in the complex scene user study show a similar
trend to the results in the simple scene user study, with Policy
performing at least as well or outperforming manual and HO.
Similar to the previous study, for task completion time, mode
changes, total joystick input and opposing time, the data
reported is from the first attempt if the attempt was successful.
If the first attempt failed but the second attempt was successful,
the data reported is from the second attempt. If both attempts
were unsuccessful, the data was excluded from the analysis of
these measures.

1) Objective measures: A two-way repeated measures
ANOVA was conducted to evaluate the effect of the task and
assistance method on task completion time, mode changes and
total joystick input. If the data violated the assumption of
sphericity, a Greenhouse-Geisser correction was performed.
Subsequently, if a significant main effect was found, we
performed post hoc analysis with Holm-Bonferroni corrections
to identify statistically different conditions. The results are
shown in Fig. 12a.

A significant main effect was found for task completion
time (F'(4,112) = 2.466,p = 0.049), but post hoc analysis
did not show any significant differences. Thus, there is no



support for H1. This is likely due to the time limit of 100s
placed in this set of experiments, which resulted in more
failures.

For success rates, 33 failures occurred during the first
attempt — 5 failures with manual, 21 failures with HO and
7 failures with Policy. If participants failed the first attempt,
they were given a second attempt. For the second attempt,
there were 10 failures for HO and 4 failures for Policy. Thus,
there were 47 failures in total. Most failures occurred due
to exceeding the time limit, with a total of 23 out of 47
failures attributed to this. There was only one case in manual
control where the task failed due to exceeding the time limit,
suggesting that the time limit was exceeded mainly due to
opposition from the assistance provided. 19 failures in HO
and 3 failures in Policy were attributed to exceeding the time
limit. 20 failures were due to the object slipping after grasping,
with 3 (all with HO) in Task 2 and 17 (2 with manual,
8 with HO and 7 with Policy) in Task 3. These failures
were mainly because participants closed the gripper when the
gripper was too far away from the object, resulting in an
unstable grasp. The remaining failures were due to a collision
with the environment (twice in manual, once in Policy) and
a wrong grasp type (once in HO due to opposition from the
assistance).

A significant main effect was found for mode changes
(F(4,112) = 3.343,p = 0.013) and total joystick input
(F(4,112) = 4.868,p = 0.001). Post hoc analysis found
significant differences in mode changes between manual
and HO (p = 0.0329) and between manual and Policy
(p = 0.0329) for Task 3. For total joystick input, post hoc
analysis revealed significant differences for most comparisons,
with manual requiring significantly more total joystick input
as compared to HO and Policy. Significant differences were
observed between HO and Policy for Task 2 (p < 0.01) and
Task 3 (p < 0.001), supporting H2.

A Wilcoxon signed-rank test was performed to compare
the percentage opposing time and correct prediction rates for
HO and Policy. For percentage opposing time, a statically
significant difference was found for all tasks (p < 0.001),
with Policy having a lower percentage opposing time. For
correct prediction rates, a statistically significant difference
was found for Tasks 1 (p < 0.01)and 3 (p < 0.0001), with
Policy performing better. Thus, there is support for H3.

2) Subjective Measures: A Friedman’s test was performed
on the self-reported participant workload using the NASA-
TLX survey. Significant differences were found for temporal,
effort, frustration and performance measures, with Policy and
manual outperforming HO. To compare the usefulness and
ease-of-use of the shared autonomy algorithms, we performed
a Wilcoxon signed-rank test, which showed significant differ-
ences for all measures between HO and Policy, suggesting that
participants felt that Policy generally provided better assistance
compared to HO. The results of these measures are shown in
Fig. 12b.

80% of participants preferred Policy over HO (Fig. 13a),
when asked which algorithm provided better assistance,
most citing that Policy gave them more control compared to
HO. When asked about their preference between all three

control methods, 9 preferred manual, 2 preferred HO and 4
preferred Policy. Similar to the previous study, participants
who selected manual mentioned that manual provided them
with the greatest control.
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Fig. 13. (a) User preferences when asked which method provided better

assistance and which method they preferred the most. (b) Number of questions
asked by Policy for each task for the complex scene user study.

E. Discussion

The results obtained from this study were similar to the user
study on a simple scene, where Policy outperformed HO. This
suggests that Policy can scale to more complex scenes.

1) Number of Questions Asked: Even for a complex scene
with more objects, the model only asked 0.4, 0.8 and 0.92
questions for each task (Fig. 13b), supporting HS. To provide
more insights on the belief change and the questions asked,
we selected Task 3 to analyse as it had the highest mean
number of questions asked. Fig. 14 shows two runs by two
different participants during the trial. The system only asked
one question for the left plot in Fig. 14. Since the user
answered “yes” to the question about drill with side vertical
grasps, there was no more uncertainty, so no more questions
were asked. For the right plot, two questions were asked. The
first question was asked about plate with top vertical grasps,
so the participant answered “no”. Another question about drill
with side horizontal grasps was asked subsequently, to which
the participant also answered “no”. With these questions,
the system gathered sufficient information and was able to
converge to the correct goal of drill with side vertical grasps.
The results show that Policy can reason that when there are
many goals, many questions will need to be asked to know
the user’s intent, which is less optimal than doing passive
information gathering via move actions, such as move-to-goal,
hindsight optimization and no assist actions.

2) Task Completion Time and Success Rates: Incorporating
a time limit of 100 seconds was beneficial in this study, as
it allowed us to more clearly distinguish cases where the
assistance significantly opposed the user input. While the task
may have been completed if given more time, it is more
beneficial to categorize those instances as failures, given that
the assistance impeded the task completion. Furthermore, by
excluding failed attempts that exceeded the time limit from
the analysis of completion time, our analysis of the objective
measures becomes more representative of task performance.
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Fig. 14. Trajectories, actions selected and belief for Policy for Task 3 by
two of the participants in the study. Only one question was asked for the run
on the left as the user answered “yes” to the question. Two questions were
asked for the run on the right. Even though the user answered “no” for both
questions, the system gathered sufficient information to correctly predict the
user’s goal.

Given the average task completion time of approximately 50
seconds, the selected time limit of 100 seconds is adequate
since it is double the average task completion time.

3) Perceived and Actual Effort: Surprisingly, although
manual control demanded significantly more joystick inputs,
participants generally did not perceive an elevated level of
effort or physical demand associated with its use. Instead,
they reported a significantly higher level of effort required for
HO as compared to manual and comparable effort between
Policy and manual. This contrast in reported effort could be
due to the diminished control authority when using HO, which
could have led to increased mental, physical and temporal
demand and frustration levels. These factors likely contributed
to the participants’ perception of greater effort when using HO,
highlighting that factors beyond total joystick input and mode
changes affect users’ perception of effort and usability. We
note that this user study only involved participants with no
upper limb impairments. Therefore, any potential additional
effort due to an increase in joystick input may not have been
noticeable to these participants. However, this observation may
not apply in the same way to individuals with upper limb
impairments.

4) Limitations due to Generated Grasp Poses: While par-
ticipants preferred Policy over HO, they showed greater pref-
erence for manual over both shared autonomy algorithms in
this study. Even though some participants acknowledged that
“manual requires greater focus and effort”, they preferred

manual as it provided them “total control”. This was especially
so when fine-tuning the grasp pose, as both shared autonomy
algorithms would generate policies to assist the user towards
one of the generated grasp poses. The greater preference
shown for manual in a more complex scenario could be due to
users having more specific preferences to grasp an object to
avoid the neighbouring objects. However, the user’s desired
grasp pose may not be in the list of grasp poses, leading
to repetitive adjustments to reach their desired grasp pose
and a loss of control. To enhance the perception of control,
future work could consider planning for cases where the user’s
desired grasp pose is unknown or stop assistance when the
gripper is within a certain distance threshold of an object.

5) Improvement in Second Attempt: The improvements in
successive success rates suggest that users may adapt to the
assistance provided. This was also observed as some par-
ticipants changed their teleoperation strategy after observing
that the robot failed to assist them in the first attempt. For
example, some users first provided translational inputs to bring
the gripper close to the object and provided rotational inputs
to change the gripper orientation. If this strategy failed to
complete the task in the first attempt, some users changed their
strategy to rotate the gripper to the correct orientation at the
start to compensate for incorrect intent recognition. For future
work, a longitudinal study could be done to assess whether
user preferences would change with experience.

VII. CONCLUSION

In this work, we presented a novel shared autonomy frame-
work that allowed for active information-gathering and no as-
sistance when uncertainty is high. By introducing information-
gathering actions in the form of asking questions, our proposed
method could disambiguate between goals better, which pre-
vented assistance towards the wrong goal.

We conducted qualitative ablation experiments on the high-
level actions included in our model. Without question-asking
actions, the system was unable to predict the user’s goal
successfully in complex cases, resulting in greater user effort
due to conflicting actions between the human and robot. By
introducing a no assist action and allowing the system to arbi-
trate control, the performance improved. The introduction of a
hindsight optimization action also improved the performance
of the system by ensuring the system does not select random
actions at the start.

A user study was also performed to evaluate our approach in
the real world, showing that our proposed method resulted in
better task completion time, fewer mode changes and joystick
inputs compared to HO in complex scenarios. Even though our
method has significantly reduced opposing actions compared
to HO, some users still preferred manual due to greater control.
One of the key reasons is that the user’s desired grasp pose
might not be in the list of generated poses. To address this
issue, we can consider the history of a few time steps of human
actions to determine opposing actions, which can allow the
human to bring the gripper to any pose. Future work can also
consider more informational questions and answers from the
user via responses like “Yes, I want to grasp the object, but
with a different grasp type”.



Even though the question-asking actions are meant for the
robot to gather information about the human’s goal, many
participants commented that they liked the questions asked
as they can better “understand what the algorithm is trying
to do”. This shows the importance of transparency in what
the system is doing, and simply by asking questions, users
find that they can gain greater awareness of the system’s
behaviour. Increasing trust and transparency through other
forms of statements could also be explored in the future.
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