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Abstract— Shared autonomy blends operator intent with
autonomous assistance. In cluttered environments, linear blend-
ing can produce unsafe commands even when each source
is individually collision-free. Many existing approaches model
obstacle avoidance through potentials or cost terms, which only
enforce safety as a soft constraint. In contrast, safety-critical
control requires hard guarantees. We investigate the use of
control barrier functions (CBFs) at the inverse kinematics (IK)
layer of shared autonomy, targeting post-blend safety while
preserving task performance. Qur approach is evaluated in sim-
ulation on representative cluttered environments and in a VR
teleoperation study comparing pure teleoperation with shared
autonomy. Across conditions, employing CBFs at the IK layer
reduces violation time and increases minimum clearance while
maintaining task performance. In the user study, participants
reported higher perceived safety and trust, lower interference,
and an overall preference for shared autonomy with our safety
filter. Additional materials available at BarrierIK.

I. INTRODUCTION

In teleoperation, shared autonomy combines operator input
with autonomous assistance to improve task performance [1].
Two common approaches are (i) blending methods, where
operator and autonomy commands are linearly blended
against each other [2], [3], [4], [5], [6], [7], and (ii) policy
methods, where operator input is treated as an observation to
weight among predefined or learned assistance policies [8],
[9], [10], [11], [12]. These paradigms improve efficiency
and reduce workload, but they typically arbitrate in task
space without enforcing constraints. As a result, even if each
command is individually safe, the blended action may still
violate safety requirements such as collision avoidance [2],
(51, [4], [13], [6].

Several approaches have been proposed to address con-
straint satisfaction in teleoperation. Many integrate collision
avoidance into the objective function, for example, through
artificial potential fields [14], [15], [16], [17], [18] or cost
terms. Others enforce feasibility by filtering operator com-
mands through collision-aware inverse kinematics (IK) [19],
[20]. While successful, these approaches treat safety as a
soft constraint, which allows violations when task objectives
dominate. In addition, modeling safety as an extra cost term
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Fig. 1: Pipeline with CBF-based safety filtering after
arbitration. The operator specifies a target pose T} (t);
the guiding policy outputs T,(¢) from the current state
s(t) = {0(t),0(t), L(t),task context}, where 6 is the
joint configuration, @ and L are obstacle and robot link
capsules, and “task context” includes task-specific info (e.g.,
rendered views). These unfiltered poses are blended in
SE(3) via arbitration weight «(t) to form T (¢) (red dashed),
which may violate safety margins. BarrierlK receives T(t)
and enforces CBF conditions to compute a safe joint com-
mand 6*(t) (green), which is applied to the robot. The
updated state s(t) is fed back to the policy and user.

can lead to conflicting behaviors and carries the risk of
lowering user satisfaction.

A promising alternative is the use of control barrier
functions (CBFs) [21], [22], [23]. CBFs are designed to
ensure forward invariance of safety sets, offering a frame-
work for formal constraints such as collision avoidance.
Unlike cost-based methods, they do not compromise between
safety and task performance. Instead, they morph potentially
unsafe commands onto the safe set via constrained quadratic
programming. CBFs have been successfully applied and
teleoperation [24], [25], [26], [27], but their application in
shared control and shared autonomy remains limited [28].
Advances in operational-space formulations now provide
efficient scalability [29], motivating our approach to strictly
enforce feasibility and aim for collision-free motion in high-
DOF manipulation tasks.

We therefore propose BarrierIK, a CBF-constrained
inverse-kinematics solver placed after policy blending. We
hypothesize that projecting blended commands into the
safety set, rather than treating safety as a soft objective,
preserves task performance while increasing constraint sat-
isfaction and maintaining user satisfaction. The pipeline
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follows the shared-autonomy order: (i) blend the task-space
command, then (ii) target safety at the IK layer. We evaluate
BarrierIK in simulation on cluttered manipulation scenar-
ios with dynamic and static obstacles, as well as in a
VR teleoperation study with ten participants. In all tested
scenarios, BarrierIK reduces violation time and increases
clearance while maintaining task performance. The user
study further indicates a consistent trend supporting our
hypothesis: BarrierIK as a safety filter improves the safety
and keeps performance in shared autonomy while preserving
user satisfaction.

This paper makes three contributions. First, we present
a shared-autonomy architecture that blends task-space com-
mands and then addresses post-blend safety at the IK layer,
handling failure modes of command-space blending in clut-
tered, nonconvex scenes. Second, we introduce BarrierIK,
a CBF-constrained IK formulation that treats safety as a
hard inequality constraint while remaining compatible with
standard IK objectives, including pose tracking, joint limits,
and smoothness. Third, we provide a comparative evaluation
in simulation (dynamic obstacles and frame/shelf) and in
a VR teleoperation study with ten participants, contrasting
the proposed approach with IK baselines and quantifying
benefits for both safety and task performance.

II. RELATED WORK

In this section, we review three areas relevant to our scope.
First, we discuss shared autonomy methods that incorporate
autonomous assistance in teleoperation. Second, we address
safety with a focus on collision avoidance. Finally, we review
control barrier functions (CBFs), which provide formal safety
guarantees as well as a principled way to incorporate safety.

Shared Autonomy (SA): aims to enhance operator per-
formance and reduce workload by incorporating autonomous
guidance [1]. A common paradigm is linear policy blend-
ing, where the final action is a linear combination of the
operator’s and autonomy’s commands, based on inferred
user intent [2], [5], [3], [4], [13], [7]. The autonomy policy
typically take the form of optimization problems [2], [3],
[13], movement primitives [11], [30], or encode the behavior
from data [4], [6], [7]. The arbitration value controlling the
trade-off between operator and autonomy commands depends
on the confidence of the goal probability estimate, which is
usually derived from the maximum entropy principle [2], [3],
[13] or recursive Bayesian inference [31], [7].

Other works focus on policy-based methods, where the
operator’s command is treated as an observation that in-
fluences predefined or learned assistance policies [8], [9],
[10], [12]. These approaches formalize shared autonomy as
partially observable Markov decision processes (POMDPs)
for goal-aware action selection [8], [9], [10], or arbitrate
over movement primitives based on operator commands [32],
[12]. Cost functions for these POMDP formulations and
movement primitives are typically predefined or learned from
data.

Although many arbitration mechanisms exist, linear policy
blending remains one of the most widely used methods.

However, it is prone to failure in cluttered or occluded
scenes: even when human and autonomy commands are indi-
vidually safe, their combination may fall outside a nonconvex
safe set, leading to unsafe or misaligned actions [33]. These
conflicts are exacerbated when multimodality in the joint
human-robot distribution is ignored. A natural extension of
linear blending to incorporate safety is the use of attracting
and repelling fields [14], which add safety considerations
but still treat safety as a soft constraint [4], [13], [6]. In
navigation-style SA, goal-level blending arbitrates at the
goal/distribution level instead of directly in command space,
improving responsiveness in clutter [34]. Human factors
results also show that making assistance legible (e.g., via
haptic or transparent SA) improves agreement and satisfac-
tion compared to opaque blends [35].

In this work, we retain the standard SA pipeline (blending
first) but place safety enforcement after the blend at the IK
layer. This ensures that post-blend actions prioritize safety
and collision-avoidance while remaining consistent with the
operator’s intent.

Safety in teleoperation: spans multiple notions beyond
geometry, including limiting interaction forces and ensuring
closed-loop stability (e.g., time-domain passivity), and active
constraints/virtual fixtures that restrict motion within task-
space envelopes [36], [37]. Here we focus on environment
collision safety for the manipulator during assisted operation.

Collision avoidance in teleoperation: For teleoperated
manipulation in cluttered environments, collision avoidance
is commonly handled at the IK layer. Beyond IK, sampling-
based teleoperation optimizers generate collision-aware up-
dates by selecting feasible joint states near the current pose
in real time [38]. In this section, we group IK layer methods
into (i) optimization-based solvers and (ii) differential/null-
space approaches. A canonical null-space strategy leverages
operational space control [15], [16] and projects an obstacle-
avoidance gradient into the Jacobian’s null space so the end-
effector task is preserved while shaping self-motion [39].
However, such methods require robot redundancy and are
limited by their hierarchical nature, where one task (e.g.,
end-effector motion) must be prioritized over others (e.g.,
collision avoidance).

Among optimization-based IK methods, CollisionIK aug-
ments a multi-objective IK with environment-distance penal-
ties and evaluates a pruned active set of nearest link—obstacle
pairs each step for tractability [19]. This yields smooth
objectives and real-time rates, but safety remains tradeable:
in narrow passages, the solver can accept transient violations
to reduce tracking error, and behavior depends on active-
pair selection (and weight tuning). Hard-constraint variants
enforce minimum-distance inequalities directly in QP-based
IK solver and report real-time collision-free updates when
constraints are feasible [40]. These turn safety into a con-
straint (not a cost) but require reliable signed distances and
careful aggregation across many contacts. When the task
is infeasible at the chosen margin, they must either relax
constraints or deviate substantially from the user’s command.
Differential IK methods that do not rely on null space have
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also been proposed for tight, cluttered workspaces (e.g.,
DawnlK [41]); their myopic linearization supports high-rate
control but offers no forward-invariance guarantee and can
be sensitive to step-size/regularization choices. We therefore
adopt an optimization-based IK formulation to support both
redundant and non-redundant manipulators.

Control barrier functions (CBFs): provide sufficient
conditions for forward invariance of a safe set and are
typically enforced via minimal-deviation quadratic pro-
grams [21], [22], [42]. In teleoperation, CBF filters have
been used to guarantee geometric and interaction constraints
while staying close to user input [24], [25], [26], [27]. For
example, QP filters are employed to constrain interaction
forces in robotic surgery [27]. In shared autonomy, works
such as [28] address safety using barrier pairs, but are
primarily focused on low-dimensional robotic navigation
tasks. Recent developments extend CBFs to task-consistent
operational-space control, providing kinematic and dynamic
formulations that scale to hundreds or even thousands of
simultaneous safety constraints [29]. These advancements
motivate our work, where we introduce a post-blend safety
filter that intercepts the blended user-autonomy command
and resolves it at the IK layer. In this approach, we retain
an optimization-based IK formulation while enforcing safety
through CBF-style inequalities, treating safety as a hard
inequality constraint after blending.

III. A SAFETY AWARE SHARED AUTONOMY
FRAMEWORK

In this section, we detail our real-time teleoperation frame-
work. The system operates in two stages, as depicted in
Figure 1: a high-level policy blending module combines user
and autonomous motion commands via linear interpolation to
generate a nominal Cartesian target. This command is then
passed to an IK solver that ensures feasibility and safety
with respect to kinematic and environmental constraints.
We describe the policy blending strategy in Section III,
followed by details on three IK solvers—Baseline N (N),
Baseline P (P), and our novel Control Barrier Function-based
BarrierIK (B).

Shared Autonomy: We assume the human operator
provides Cartesian pose commands at each time step f,
represented as a transformation Ty (t) € SE(3), consisting
of a position x,(t) € R3 and an orientation qy(t) € H
(a unit quaternion). Simultaneously, the autonomous system
proposes a reference pose T\ (t) = (x(t),q.(t)), derived
from a grasp planner. In our experiments, these poses are
heuristically defined based on geometric primitives asso-
ciated with the target objects; however, the framework is
agnostic to the grasp planner and can accommodate more
sophisticated methods.

The final blended pose T(t) = (x(t),q(t)) is computed
by interpolating both position and orientation. The po-
sition is blended linearly x(t) = (1 — au) xn(t) + oy %:(t),
where o, € [0,1] is the arbitration coefficient that
modulates the influence of the autonomous system. The

orientation is blended using spherical linear interpola-
tion (SLERP) q(¢) = slerp (qn(t), qr(t), az) ., To avoid dis-
continuities caused by antipodal quaternions, we enforce
a positive dot product between qn(t) and q.(¢) prior to
interpolation. The resulting blended pose T(¢) is passed to
the downstream IK solvers to generate a safe and executable
robot configuration.

The arbitration coefficient a; can be fixed or adapted
dynamically based on the disagreement between the user
and robot commands. Following works like [3], we em-
ploy a sigmoid function for «; over the position-space
disagreement oy = o (p (M + b)), where o(-)
denotes the logistic function, p is a slope parameter, s
is a scaling factor, and b is a bias term. This arbitration
strategy reduces autonomy when human and robot intent
diverge, and increases it when they align—encouraging fluid
collaboration. The arbitration function follows the approach
introduced by Muelling et al. [3].

Inverse Kinematics: Given a desired end—effector pose
T(t) € SE(3), we implemented a non-linear,optimization-
based inverse kinematics (IK) solver to compute joint con-
figurations 8 € R™, where n is the number of degrees of free-
dom (DoF). Our implementation builds on prior work [43],
which enables smooth, feasible motions while accounting
for pose tracking and self-collision avoidance by ensuring
smoothness of motion. We re-implemented this framework
in JAX to enable high-performance automatic differentiation
for forward kinematics, self-collision checking, and differen-
tiable collision detection algorithms for the IK solvers [44],
[45], [46].

The IK problem is posed as a constrained optimization

0* = argming J(0)

1
S.t. ck(O)SO,kzl,...,K, l; < 0; < uy; Vi M

Here, ¢ (0) are inequality constraints (e.g., for manipula-
bility or CBF constraint for BarrierIK), and [l;,u;] denote
the joint limits. The objective function J(0) is defined
as a weighted sum of differentiable task-specific terms
T(0) =M w gm(Fm(8)), where w,, € RY is the
weight, f,,(0) is a differentiable task feature, and g,,(-)
is a scalar penalty function of the m-th objective. We
solve equation 2 using Sequential Least Squares Program-
ming (SLSQP), an SQP method that, at each iteration,
linearizes the constraints and minimizes a quadratic model
of the Lagrangian, yielding a sequence of QP subprob-
lems [47]. Because SLSQP relies on local linearizations,
it enforces constraint feasibility only up to a numerical
tolerance, providing approximate rather than continuous-time
safety guarantees.

Following [43], the task features f (@) includes (i) end-
effector tracking that penalizes position and orientation errors
relative to T'(¢), (ii) motion-smoothness regularizers on joint
velocities/accelerations/jerks and on Cartesian velocity, and
(iii) a self-collision avoidance term that penalizes proximity
between robot links using an ANN predictor of link-pair
distances conditioned on 6. In our JAX implementation, this
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network remains fully differentiable through the optimizer
steps. In addition, we impose a manipulability constraint
¢m (0) that keeps the Jacobian well-conditioned by prevent-
ing the smallest singular value from falling below a small
threshold and capping the condition number at each step.

We use this IK solver in the following sections as a
baseline, referred to as Baseline N. It includes the above-
mentioned objectives and constraints to comprise the track-
ing, smoothness, and self-collision avoidance together with
the manipulability constraint, but does not model obstacles.

BarrierlK: Control  Barrier = Function-Based
Environment-Aware Inverse Kinematics: We introduce
BarrierIK, an IK formulation based on Control Barrier
Functions (CBFs), to target safety during teleoperation, by
preserving the objectives and manipulability constraints as
defined in Baseline N.

For each obstacle o € O we define the control bar-
rier function h,(0) = ¢,(6) — € where ¢, is the minimum
signed robot—obstacle distance and ¢ is the safety margin.
In practice, we identify the active link—obstacle pair that
realizes ¢, (i.e., the closest pair) and compute its gradient
via automatic differentiation [46].

We enforce a discrete-time CBF condition of the
form Vh,(0)" A8 + K(ho(0)) > 0, with extended class-
K function K(h) = vh + Sh* where 7,3 > 0 are class-K
coefficients controlling convergence to the safe set boundary.
This formulation adopts a position-based update rule (A8)
rather than a velocity-controlled formulation; while this devi-
ates from classical continuous-time CBFs, such a discretized
version suits our position-based control loop as a design
choice.

To avoid discontinuities in constraint switching and to
mitigate underflow or overflow issues, we aggregate all CBF
constraints using a temperature-scaled soft-max (log-sum-
exp) approximation

conr(8) = % 1085 ,c0 exp(T [~ ho(8) — K(ho(9))])

where /1,(0) = Vh,(0)T A8. The temperature parameter T
controls the max-approximation (higher T'=>closer to max).
The optimization problem of the BarrierIK

0* = argming J(0)

2
s.t. ¢n(0) <0, copr(0) <0, I; <6; <u; Vi, @

minimizes the same objective and retains the manipu-
lability constraints as defined in Baseline N, along with
the additional control-barrier inequality ccpr(6) < 0. The
CBF constraint enforces a stepwise safety margin while
tracking and promotes forward invariance of the safe set
under sufficiently small updates.

Instead of imposing obstacle avoidance as a hard con-
straint in BarrierIK, we employ it as a soft constraint
inside the objective referred to as Baseline P. Following
the proximity-penalty formulation in [19], it incorporates
environment awareness by penalizing proximity between the
robot and surrounding obstacles. For each obstacle o € O

Task Scene Collision Scene

<
Signed Distance * A
Vectors \ [ ©
Do )y )

Human
Target Pose

T, '(t)

Basket Area -, e

Autonomous
Target Pose

Obstacle Colliders
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Fig. 2: Simulated task and collision-evaluation setup. Left:
scene with human target T} (¢) and autonomous reference
T.(¢). Right: robot link (red) and obstacle (black) convex-
capsule colliders; for each link ¢ € £ and obstacle o € O we
compute signed distances ¢y,(0) and signed distance vectors
used by Baseline P and BarrierIK (colors encode magnitude).

and each robot link ¢ € £, we compute the signed dis-
tance ¢y, (6) between the link and the obstacle, and define the
corresponding collision objective as X¢,(0) = weae (97, (6)+
§)~t, where wgre = (5€)? is a scaling factor based on the
scalar safety margin €, and J is a small regularization constant
to avoid division by zero. The final objective of Baseline P

jp(@) = jN(O) + Weol - gcol(Fcol(e))a

augments the Baseline N objective Jn(6), which combines
end-effector tracking, motion smoothness, and self-collision
avoidance by adding a collision penalty over all link—obstacle
pairs £ co1(0) = D e D oco Xto(8), where each x,,(6) pe-
nalizes proximity between link £ and obstacle o. Also, manip-
ulability constrained preserved c,, as defined in Section III.

The scalar weight w¢o controls the relative importance
of obstacle avoidance in the overall cost. This soft-penalty
formulation allows the robot to trade off safety against task
objectives in a smooth and differentiable manner, but it
does not guarantee forward invariance or strict constraint
satisfaction.

IV. EXPERIMENTS

We evaluate the CBF-based safety layer in autonomous
mode and teleoperation to test whether BarrierIK improves
safety, performance, and user experience over two baselines:
N (no environment collision handling) and P (soft penalty-
based collision avoidance). We report collisions, clearance,
tracking, and smoothness, marking significant B vs. P differ-
ences. To model the environment and robot links, we adopt
a differentiable collision checking algorithm for capsule
primitives [46], as illustrated in Figure 2.

Autonomous Evaluation Tasks and Environments:
We evaluate BarrierIK in cluttered environments to assess
both performance and generalizability. First, we perform
autonomous rollouts on two complementary tasks—(i) a
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TABLE I: Autonomous trajectory evaluation (mean =+ s.d.). For Min. clearance, higher is better (negative = penetration).
For all other metrics, lower is better. Bold indicates a statistically significant B vs. P difference (N serves only as a reference;

excluded from the significance analysis test).

Task Solver #Collisions Min. clearance [m] Violation time [%] Pos. err. [m] Ori. err. [°] Task jerk [m/s®] Joint jerk [rad/s®]
N 4413 £ 9.74 -0.162 + 0.016 2452 +£ 1.19 0.020 + 0.001 4.15 + 0.07 4.197 + 0.354 48.15 £+ 2.89
Shelf P 19.30 £ 5.85 -0.171 + 0.017 426 + 522 0.049 £ 0.018 4.50 £ 0.12 6.518 4+ 0.738 57.22 + 3.35
B 16.80 + 4.31 -0.153 + 0.020 0.53 £ 0.19 0.043 + 0.009 476 £ 049 6.037 + 0.496 65.89 £ 6.22
N 13.43 + 3.30 -0.091 + 0.025 56.25 + 16.62 0.002 + 0.004 7.26 + 0.13 2.835 + 0437 45.55 + 3.51
Dynamic P 1.55 + 1.80 -0.033 + 0.022 4.04 £ 9.17 0.023 £ 0.015 7.35 + 0.25 3.219 + 0.911 33.62 + 6.25
B 2.05 + 3.74 -0.024 + 0.022 0.84 £ 192 0.017 + 0.010 8.13 £ 1.32 5949 + 1.927 5447 £ 4.92

N = Baseline N (no collision avoidance); P = Baseline P (objective-based collision avoidance); B = BarrierIK (Ours) (CBF-based collision avoidance)

shelf/frame scene with tight clearances, and (ii) a dynamic-
obstacle scene with prescribed obstacle motions—each de-
signed to stress different aspects of behavior such as mini-
mum clearance, violation time, pose tracking, and smooth-
ness. We then test BarrierIK in a human-in-the-loop teleoper-
ation setup. All controllers share the same non-environment
objectives; BarrierIK differs only by enforcing CBF safety
at the IK layer, and the same safety margin e.

In the Dynamic Obstacles (DO) task, three cylindrical
obstacles oscillate along orthogonal front—back, left-right,
and vertical axes with distinct phases (capped at 0.025 m/s),
occasionally approaching the tool. The end-effector remains
near center with primarily rotational adjustments, mimicking
camera/tool reorientation and stressing responsiveness to
moving constraints. The Frame / Shelf (FS) task contains a
rectangular shelf-like frame with four large “windows” sepa-
rated by vertical cylindrical bars, simulating a tool insertion
task. The end-effector must pass through each opening in
sequence with varying orientations. Transitions between win-
dows are deliberately challenging: the reference trajectory
lightly penetrates the frame edges, exposing whether con-
trollers can maintain clearance without sacrificing tracking
fidelity. For each task, we specify waypoints and generate
a time-parameterized end-effector trajectory. All IK solvers
track the identical predefined trajectory.

We conducted a VR-based teleoperation user study to
evaluate the proposed shared autonomy framework with a
7-DoF arm controlled via HTC Vive handheld controllers in
Unity3D, as depicted in Figure 2. The task was to pick three
color-coded cubes and place them in a basket within clutter.
The task involved picking up three color-coded cubes and
placing them into a designated basket. The environment was
deliberately cluttered, requiring precise navigation around
obstacles to complete the task. Ten participants (6 male, 3
female, 1 non-binary; mean age: 27.9 + 3.14) completed
trials under six configurations: (i) Baseline N without shared
autonomy (N), (ii) Baseline P without shared autonomy (P),
(iii) BarrierIK without shared autonomy (B), (iv) Baseline N
with shared autonomy (SA-N), (v) Baseline P with shared
autonomy (SA-P), and (vi) BarrierIK with shared autonomy
(SA-B). Participation was voluntary, informed consent was
obtained beforehand, and all data were collected and ana-
lyzed anonymously without collecting any personally identi-
fiable information. Each participant completed five zero-shot
trials per condition without prior task-specific training. A 3-
minute familiarization phase preceded the trials. Condition

order was randomized per user to avoid learning effects.
Each trial had a 3-minute time limit and a maximum of
five collisions; exceeding either threshold resulted in failure.
Trials were also marked as failed if objects were dropped
outside the workspace.

The complete pipeline—including simulation, shared au-
tonomy, and IK solving—ran at 90Hz to match the VR
headset refresh rate. Although the computational backend
supported higher frequencies, rendering was the bottleneck.
In 100 Hz-capped testing, B ran at 98.2Hz (£ 7.91), P at
99.0Hz (£ 3.20), and N at a fixed 100Hz (due to imple-
mentation constraints). All computations ran on CPU (Intel®
Core™ i7-14700F); GPU acceleration was disabled for com-
patibility with SteamVR and JAX, which lacks stable CUDA
support on Windows.

Evaluation Metrics: We report objective and subjective
metrics across autonomous rollouts and teleoperation.

In the autonomous rollouts setting, we evaluate the
performance of three IK solvers—Baseline N (N), Base-
line P (P), and BarrierIK (B)—across two challenging tasks.
All controllers share the same non-environment objectives;
differences emerge only from how they handle obstacle
avoidance. We report the following metrics, averaged across
40 trials with randomized seeds: (i) Number of Collisions:
Total link—obstacle collisions over the trajectory; (ii) Mini-
mum Clearance: The smallest signed distance ming , ¢, (0)
between any robot link ¢ and any obstacle o; (iii) Violation
Time Percentage: The percentage of timesteps for which
any ¢y, < 0, indicating penetration; (iv) Position Error
and Orientation Error: The average Euclidean and rota-
tional (quaternion) error between the executed and reference
end-effector trajectory; (v) Task Jerk: The time-averaged
magnitude of third-order derivatives of end-effector position,
reflecting Cartesian motion smoothness; (vi) Joint Jerk: The
time-averaged magnitude of joint-space jerk 6 (t), indicating
low-level actuation smoothness. For evaluation, collision
checking is performed using the HPP-FCL [48], a high-
fidelity geometric proximity library capable of computing
signed distances between convex capsule models.

In the teleoperation experiments, participants teleoperate
the robot in VR. We evaluate task efficiency and safety
across the three solvers—Baseline N, Baseline P, and Barri-
erlK—each with and without shared autonomy.

As objective metric we report (i) Success rate: percentage
of trials placing all three objects without breaching time
or collision limits; (ii) Completion time (successful trials
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Fig. 3: The stacked bar chart illustrates the number of partic-
ipants who ranked each controller configuration from 1st to
6th choice. Each color segment within a bar represents the
count of users selecting that configuration at the respective
rank.

only), measured from first human movement ¢; to final place-
ment t7; (iii) Collision count from Unity PhysX. Internally,
solvers use JAX-based differentiable collision models, but
Unity’s engine provides real-time contact detection and user
feedback/visualization. We omit position/orientation tracking
errors and jerk in teleoperation because human variability
makes these low-level metrics less diagnostic for comparison.

To assess perceived usability based on subjective met-
rics, we administered a modified NASA Task Load Index
(TLX) [49] after each configuration, in which all dimensions
were inverted so that higher scores indicate more favorable
outcomes. The inverted scales included physical (I-PD), tem-
poral (I-TD), and mental demand (I-MD), perceived effort (I-
EFF), frustration (I-FL), and perceived performance (I-PER).
We further extended the TLX with dimensions specific to
shared autonomy, namely perceived control level (CL), as-
sistance (AL), and safety (SL). These ratings were visualized
as polar plots, where larger areas represent a more favorable
user experience. Finally, participants provided a ranked list
of the six configurations from most to least preferred after
completing all trials.

V. RESULTS

This section presents our experimental findings across
autonomous and teleoperation settings. We evaluate Barri-
erIK against baseline methods using standard safety and
performance metrics, and report both quantitative results and
user study outcomes.

Autonomous Trajectory - Evaluation Results: Across
both scenes, B achieves markedly lower violation time and
less negative minimum clearance than P, indicating that when
contacts do occur they are shorter and shallower. The resid-
ual violation time for B results from discrete-time position
updates and SLSQP’s local linearization, which can lead
to transient numerical penetrations between control steps.
Practically, the controller does not linger near the boundary
but returns to the safe set promptly—i.e., it recovers from
adverse states rather than getting stuck at the constraint.

Teleoperation - Subjective Results: Participants split
into two clear archetypes: a group favoring N (no assis-
tance) and another preferring SA-B (shared autonomy with
BarrierIK) (Fig. 3). These configurations sit at opposite
ends of the autonomy spectrum, yet both deliver favorable
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Fig. 4: Subjective workload and usability across teleoper-
ation configurations. (a) Polar (“radar”) plot of modified
NASA-TLX dimensions—physical demand (I-PD), temporal
demand (I-TD), mental demand (I-MD), performance (I-
PER), effort (I-EFF), frustration (I-FL), control level (CL),
assistance level (AL), and safety level (SL)—with “I-” de-
noting inverted scales so that larger values correspond to
more favorable assessments. (b) Violin plots of participants’
aggregated NASA-TLX scores for each configuration (mean
o, median ¢), where lower workload (higher support) appears
toward the top of the scale.

experiences, indicating that perceived quality depends as
much on how assistance interacts with the operator as on
how much assistance is provided.

On the inverted NASA-TLX radar (Fig. 4a), N and SA-
B cover the largest areas: lower perceived mental, physi-
cal, temporal demand, effort, and frustration, together with
higher control level, assistance level, and self-reported safety
level. Notably, SA-B concentrates responses near the favor-
able region, suggesting that constraint-aware assistance can
reduce workload without eroding agency, consistent with
high CL alongside high AL and SL. In contrast, intermediate
shared-autonomy modes (SA-N, SA-P) exhibit smaller, more
dispersed footprints, reflecting mixed impressions: when
assistance deviates from user intent, operators report reduced
control and lower perceived support.

To summarize across dimensions, we aggregated inverted
workload scores with CL/AL/SL into a composite measure
(Fig. 4). SA-B achieved the highest average score, followed
by N. The SA-B distribution also appears tighter, suggesting
more consistent relief in perceived workload across partic-
ipants. With n=10, a Friedman test with Nemenyi post-
hoc found no significant pairwise differences (all p>0.05),
and therefore the observed patterns should be interpreted as
indicative trends rather than conclusive effects. Nevertheless,
the results indicate a coherent tendency: operators either pre-
fer the transparency and predictability of N or the consistent,
constraint-aware guidance of SA-B.

We interpret the results as follows: Participants accept help
if the system prioritizes safety and they can retain control.
Employing CBF at the IK layer guides actions to morph
within safe and feasible regions rather than overruling the
operator. Accordingly, SA-B scores better on CL (control),
AL (assistance), and SL (safety) than SA-N/SA-P.

Teleoperation - Objective Results: For success rate,
results cluster around ~80% for most configurations; SA-P
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Fig. 5: Objective evaluation across six system configurations. Subplots (a)—(c) report performance and safety metrics: success
rate (higher is better), task completion time (lower is better, measured only for successful trials), number of collisions (lower
is better). ¢ indicates the median, asterisks indicate statistical significance: * p < .05, ** p < .01, *** p < .001.

is the exception with a lower average success rate and higher
variability (Fig. 5a). The non-assisted B configuration trends
toward a higher median success rate with a tighter interquar-
tile range; however, pairwise differences are not statistically
significant at our sample size. In terms of completion time
(successful trials only), SA-P appears faster on successful
trials (Fig. 5b), but this reflects the exclusion of failed runs
rather than an inherent efficiency advantage. For collisions,
unstructured assistance tends to increase contacts in cluttered
environments. SA-N and SA-P show higher collision counts
than their non-SA counterparts (Fig. 5c¢). Among shared-
autonomy modes, SA-B reduces collisions, while B (no SA)
remains best overall on raw collision count.

VI. CONCLUSION AND FUTURE WORK

We presented a hierarchical shared-autonomy framework
that separates goal-directed guidance from IK-level safety
enforcement. The safety layer, BarrierIK (B), integrates
control barrier functions with an optimization-based IK to
systematically address safety after blending human and au-
tonomous inputs. Our evaluation comprised (i) autonomous
rollouts in representative cluttered scenes and (ii)) a VR
teleoperation study with and without shared autonomy. In
autonomous rollouts, B consistently reduced violation time
and yielded less-negative minimum clearance compared to
the cost-based baseline P. These findings indicate shorter,
shallower boundary contacts and more reliable recovery to
the safe set. In teleoperation, assistance without an IK-
level safety filter (SA-N, SA-P) tended to degrade outcomes
in clutter (e.g., lower success, higher collisions), whereas
our method SA-B recovered safety and maintained user
acceptance, producing the most balanced overall profile when
considering both subjective and objective criteria. We refrain
from pairwise significance claims on collision counts at our
sample size, and interpret these patterns as consistent trends
that align with our predefined hypothesis that projecting
blended commands from CBFs into the safety set preserves
task performance while increasing constraint satisfaction and
maintaining user satisfaction.

Limitations: Treating safety as a hard constraint can
induce detours; in our study, this appears as a higher average

joint jerk for SA-B. Although violation time and clearance
are reduced, this safety—smoothness trade-off may be unde-
sirable for contact-sensitive tasks. Our CBF implementation
is discrete and, in dynamic scenes, does not incorporate
obstacle-velocity estimates; the resulting safe set can be
conservative when obstacles move. Design choices for the
barrier (e.g., class-K functions and shaping) materially in-
fluence intervention behavior and were not tuned per-user
or per-scene. Finally, while CBFs are typically posed in
velocity/torque space, our teleoperation stack runs in position
space; we therefore approximate a task-space velocity via
a temporal-difference between the current end-effector pose
and the shared-autonomy target. This myopic, step-wise ap-
proximation enables IK layer CBF enforcement at real-time
teleoperation rates but may miss longer-horizon structure.

Future work: We plan to deploy on physical hardware
and directly measure contact dwell to quantify recovery,
incorporate velocity observers to update dynamic CBF con-
straints online, and study the impact of class-/KC choices
and adaptive shaping on user acceptance and intervention
rates with a more extensive user study. Overall, the results
show that an optimization-based IK solver can be equipped
with CBF constraints to provide myopic safety awareness
at teleoperation rates, yielding intent-preserving, constraint-
aware assistance in cluttered environments.
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