2026 IEEE International Conference on Robotics and Automation (ICRA 2026)

June 1-5, 2026. Vienna, Austria

Minimal Intervention Shared Control with Guaranteed Safety under
Non-Convex Constraints

Shivam Chaubey, Francesco Verdoja, Shankar Deka, Ville Kyrki

Abstract— Shared control combines human intention with
autonomous decision-making. At the low level, the primary
goal is to maintain safety regardless of the user’s input to the
system. However, existing shared control methods—based on,
e.g., Model Predictive Control, Control Barrier Functions, or
learning-based control—often face challenges with feasibility,
scalability, and mixed constraints.

To address these challenges, we propose a Constraint-Aware
Assistive Controller that computes control actions online while
ensuring recursive feasibility, strict constraint satisfaction, and
minimal deviation from the user’s intent. It also accommodates
a structured class of non-convex constraints common in real-
world settings. We leverage Robust Controlled Invariant Sets
for recursive feasibility and a Mixed-Integer Quadratic Pro-
gramming formulation to handle non-convex constraints. We
validate the approach through a large-scale user study with
66 participants—one of the most extensive in shared control
research—using a simulated environment to assess task load,
trust, and perceived control, in addition to performance. The
results show consistent improvements across all these aspects
without compromising safety and user intent. Additionally, a
real-world experiment on a robotic manipulator demonstrates
the framework’s applicability under bounded disturbances,
ensuring safety and collision-free operation.

I. INTRODUCTION

Shared control is a framework where control authority is
either continuously or intermittently shared between a human
operator and an assistive system [1], [2], and is commonly
used in teleoperation, semi-autonomous navigation, assistive
robotics, and medical systems. It combines user intent with
the enforcement of safety constraints, task-specific require-
ments, or optimal behavior. In practice, users often have
implicit goals but limited knowledge of internal dynamics or
system constraints (e.g., joint limits, actuator capabilities, or
environmental factors), which may lead to unsafe situations.
Thus, assistive systems are needed to ensure safety and
constraint satisfaction without compromising user control
intent [3]. Although user intent prediction and task-driven
shared control can enhance autonomy, they risk overriding
user control, diminish trust, and depend on accurate demon-
strations for model learning [1], [4]. Preserving intent is thus
crucial for user engagement and trust, especially in human-
centered applications [5].

Equally important is strict constraint satisfaction, which
arises from physical limitations (e.g., actuator bounds or
robot configurations), environmental considerations (e.g., ob-
stacle avoidance), and task-specific demands [6] (e.g., precise
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Fig. 1: Shared control framework: minimal adjustment of
user input to avoid unsafe regions (red).

manipulation in activities like pouring [7]). When these con-
straints are not strictly met, safety, feasibility, task success,
and user trust can be compromised. Methods such as Model
Predictive Control (MPC) and Control Barrier Functions
(CBFs) can enforce constraints, but in practice often require
tuning of horizon length or slack penalties [5], [8]-[11] and
barrier-function design (hand-crafted or learned) [12]-[14],
and may be difficult to implement reliably under strict non-
convex state constraints and bounded control inputs [15],
[16]. Learning-based assistance can be context-aware [17],
[18], but typically lacks hard guarantees beyond training
data. These limitations motivate a unified framework that
preserves user intent while providing strict constraint satis-
faction and recursive feasibility without extensive tuning in
such settings.

To address these limitations, we propose a Constraint-
Aware Assistive Controller (CAAC) framework that en-
sures recursive feasibility and safety by leveraging Ro-
bust Controlled Invariant Sets (RCISs), enabling online,
constraint-aware assistance via a single-step optimization. It
also addresses a structured class of non-convex safe sets—
specifically, those representable as the complement of a finite
union of convex polytopic unsafe sets.

Our main contributions are as follows. First, we develop
our framework by integrating offline-computed RCISs into a
single-step Constrained Optimal Control Problem (COCP),
reformulated as a Mixed-Integer Quadratic Programming
(MIQP) to handle non-convex constraints. Second, we vali-
date its effectiveness against our hypotheses through a large-
scale user study with 66 participants—the first of its kind
at this scale in shared control research. The study shows
reduced workload, increased trust, preserved control author-
ity, satisfied safety constraints, and improved performance.
Finally, we validate the method on a robotic manipulator,
where the controller maintains feasibility under bounded
disturbances and ensures collision-free operation'.

'Supplementary material and code are available at: https://
version.aalto.fi/gitlab/irobotics/CAAC
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II. RELATED WORK

A wide range of shared control strategies have been
proposed to assist users in task completion. These approaches
differ in how they interpret user intent, ensure safety, and
preserve the user’s sense of control.

Probabilistic methods, such as hindsight optimization [4]
and policy blending [1], anticipate user intention and assist
with task completion. Hindsight optimization learns the
user’s goal through Partially Observable Markov Decision
Processes (POMDPs). Policy blending, on the other hand,
infers user intent and adjusts the controls accordingly. While
both methods offer more proactive autonomy, they lack strict
safety guarantees. Moreover, users often report a loss of
control when the system enforces a specific inferred strategy,
limiting their ability to adapt. This highlights a trade-off
between autonomous assistance and user adaptability.

In the context of vehicles, shared control literature fre-
quently focuses on predictive methods such as MPC to
enforce constraints and optimize behavior. Without a suit-
able terminal/invariant set, ensuring recursive feasibility can
require careful horizon selection and constraint handling,
and obstacle anticipation often motivates longer horizons
that increase computational cost [19]. To reduce this cost,
some works adopt variable-step horizons [9], [20], and
model obstacle avoidance via soft constraints [5], [9] or cost
penalties [8], [10]. Other works emphasize user authority
or reduce early intervention [5], [20]. Overall, challenges
remain in achieving hard safety guarantees in practice with
limited tuning and real-time computation, and in adequately
evaluating user experience.

CBF-based methods provide theoretical safety via forward
invariance safe sets, and are commonly implemented through
real-time Quadratic Program (QP)/MPC safety filters or
potential-field style controllers. In practice, barrier functions
are either hand-crafted [21] or learned from data [13], while
feasibility is often enforced through slack variables [3],
[22], [23]. However, many CBF-based frameworks do not
directly accommodate strict non-convex state and control
constraints [15], [16], and extensive user studies remain
limited.

Learning-based methods can adapt robot impedance and
provide haptic guidance based on task dynamics, as discussed
in [24]. Human behavior modeling using inverse differential
games is explored in [25]. Operator workload reduction by
learning manipulation tasks from demonstrations is proposed
in [26]. While these approaches are promising for specific
tasks, they often lack safety guarantees and restrict the user
to learned tasks, thereby limiting flexibility.

To address the need for strict safety guarantees, feasibility,
and preservation of user control, we propose leveraging
RCIS, which ensures that, from any state within the set, there
exists an admissible control input that keeps the system safe.
Recent works [27]-[29]—including implicit formulations,
lifted-space methods, and efficient set approximations—have
made RCIS practical for high-dimensional systems. While
RCIS have been widely used in control theory, their appli-
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Fig. 2: Illustration of (a) convex unsafe sets and (b) a non-
convex unsafe region decomposed into convex components.

cation to shared control remains limited. Compared to ap-
proaches that often rely on learned or hand-designed barrier
functions and feasibility tuning, RCIS provide a systematic
way to certify safety and recursive feasibility for admissible
control actions within the set.

Building on these insights, we first formulate the COCP
problem for our CAAC framework, then embed RCISs to
guarantee recursive feasibility, and finally handle non-convex
constraints within a MIQP formulation.

III. PROBLEM FORMULATION

To formalize the shared control problem, we consider a
Discrete-Time Linear System (DTLS) of the form:

41 = Axy, + Buy + Fwg, (1)

where z;, € R™ denotes the state vector, u;, € R™ the control
input, and wj;, € R? an unknown disturbance at time step .
The matrices A € R"*"™, B ¢ R"*™, and E ¢ R"*% define
the system dynamics. The disturbance wy is assumed to lie
within a bounded set W = {w € R? | Gyw < gw}, where
Gw € RP*4 and g,, € RP define the polyhedron.

a) State Constraints: We define the feasible region for
states as a convex set P and a non-convex set D. The convex
set is represented as a polytope:

P={zeR" |Fz < [}, 2)

where F € R *™ and f € R™F.

In this work, we define the non-convex safe set D as the
complement of an unsafe set: D = R"™ \ D". The unsafe
set D~ is modeled as a finite union of convex polytopes:
D™ =J*, Dy, where each D; is either a convex region in
itself (Fig. 2a) or a component obtained by decomposing a
non-convex unsafe region into convex parts (Fig. 2b). The
set X = P N D defines the state admissible region in which
the state x must remain at each time step.

b) Control constraints: Control constraints ensure that
the control input v lies within a feasible region represented
as a convex polytope:

U={ueR™|Gu<yg} 3)

where G € R™¢*™ and g € R™S define the half-space
representation (H-representation) of the polytope.
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c) Assistive Control Problem: The objective of CAAC
is to determine a control input w; that minimally perturbs
the user’s input «j, when necessary to ensure that safety and
task-specific constraints are satisfied for all future time steps.
Although the optimization considers only the current input,
constraints are enforced over an infinite horizon to ensure
that the selected control does not lead the system into future
states where constraint satisfaction becomes infeasible. This
is particularly important in shared control, where user inputs
may inadvertently drive the system toward the boundary of
the infeasible region, requiring early intervention to avoid
entering infeasible or unsafe states. Given zy., € PN D,
this problem can be formulated as:

.1
Ju = min 3 (uy — uj) T Qu (up — ) (4a)

s.t. Jugyp € U,Yh >0, for which;

(4b)
Azxpyp + Bugyp + BFwgyp € PND, Ywgpp € W,

where Q. is a positive definite weight matrix.

IV. METHODS

The problem (4) enforces infinite-horizon constraints,
solving it directly is intractable. We instead constrain the
system to a precomputed RCIS, guaranteeing recursive feasi-
bility and reducing the problem to a single-step optimization
solvable in real time. To address non-convex state constraints,
the safe region—defined as the complement of a union of
convex polytopic unsafe sets—is encoded using the Big-M
method [30], which converts the disjunctive structure into an
equivalent intersection of relaxed half-spaces. The resulting
constraints are constructed in sparse form within the MIQP
framework, ensuring compatibility with solver and efficient
use of sparsity. Together with one-step optimization and
the use of RCIS, this formulation enables real-time shared
control. While MIQP problems have exponential worst-
case complexity, the combination of one-step structure and
sparsity greatly reduces solver overhead in practice.

Notation: Let CI)(Al, Asa,...,Ap) denote a block-
diagonal matrix with blocks 4; € R**?. The vectors 1, and
0, are column vectors of ones and zeros of size a x 1, and
0, is the a x b zero matrix. Time indices are omitted when
clear from context: the state xj, = [z, x41], control uy, and
binary variable p; ; ;1 are written simply as x, u, and p; ;.

A. Robust Controlled Invariant Sets

Definition 1: Consider the discrete-time linear system (1),
subject to state constraints z; € X C R™ and control
constraints uy € U C R™, where X = PND. Let S, = X' xU
denote the set of admissible state-control pairs.

A set § C X is called a RCIS if, for every =, € S, there
exists a control input uy € U such that the next state zj, 1 =
Az + Buy, + Ewy, also belongs to S for all wy, € W.

Equivalently, if the system starts at any z;, € S, there exists
a control sequence {uy}x>0 € U that keeps the system within
S C X under disturbance wy,, ensuring recursive feasibility
and constraint satisfaction at all future time steps. In this
work, S denotes a polytopic representation of the RCIS for

the admissible set Sz, computed offline using the explicit
closed-form method proposed in [29].

B. COCP formulation

To ensure recursive feasibility while minimizing deviation
from the user’s control input, a safe COCP is formulated by
explicitly incorporating the RCIS as a terminal constraint,
zp+1 € S. Given z, € S, the resulting optimization problem
at k™ time-step is:

1 T
Ju = min i(uk — u;) Qu (uk — u%)
St zpy1 = Az, + Buy + Fwg,u, €U, o)
Tp41 €S C X,V € W.
C. Quadratic Programming Formulation

Reformulating the problem in (5) as a standard MIQP
allows us to encode non-convex constraints, while structuring
it in sparse matrix form provides a solver-ready formulation
that can exploit sparsity for online CAAC applications. The
COCP problem (5) can thus be reformulated as:

(6a)
(6b)

1
J = min izTQz—i—qu
s.it. 2< Az <z

Here, = is the decision vector including states, controls, and
binary variables introduced to handle non-convex constraints.
Q is the positive semi-definite Hessian matrix, and ¢ is the
corresponding linear cost vector. The matrix A encodes all
equality and inequality constraints, while z and z denote the
element-wise lower and upper bounds, respectively.

1) Equality State Constraints: Since the optimization is
performed over a single step, we define the stacked state and
control vectors as x = [z, 4] and u = uy to maintain a
consistent vector notation. The combined nominal DTLS (1)
and initial condition can be written compactly as:

sy [ﬂ — )
X9 = [mg,ofl ]T encodes the known initial state z;, € S at
time step k, and matrices A’ € R?"*2" and B’ € R?"*™ are
defined as:

On n Onn Onm
-A/ = [ A On,n:| — I2nxon, B = |: B :| .

2) Convex State Inequality RCIS Constraints: For the
admissible set of state—input pairs (2)—(3) with Sz = P xU
and the DTLS (1), we compute a RCIS. The RCIS is
represented by the polytope Sp = {z € R" | Cpz < cp }.To
impose these constraints only on the successor state zy1,
we use the modified representation:

Crx <cr, 3

where Cz = [0y, xn Cr|, c¢F = cp, and mc, denotes
the number of rows of Cg.

3) Non-Convex State Inequality RCIS Constraints:
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a) Decomposition of Non-Convex Safe Sets: The con-
vex unsafe region D;" is described as intersections of nc;
half-spaces, with each half-space Pp (i, j) defined by a linear
inequality: T,';z > t; ;, with T; ; is the inward-pointing nor-
mal vector of the j" half-space, and t;,; is the corresponding
offset. Thus, the region D;" is D; = N;% {x | T,z > t; ;}.
To define the safe region D;, we take the complement of
the unsafe region D;’, resulting in a union of half-spaces:
D; = u?jl{x | Ti;z < t;;}. Finally, the overall safe region
D is defined as the intersection of the individual regions D;:

D:{xER"

ey (Vo) O

Pp(i,j) = {x eR" ] Tl < tm-} : (92)
b) Conversion of Non-Convex to Convex sets: To con-
vert each non-convex set D;, which is the union of convex
half-space Pp(i,j) region, into intersection of half-spaces
Pp(i,j), we apply Big-M formulation using binary variables
pi,; € {0,1}. Each p; ; corresponds to a half-space Pp (i, j) of
the non-convex safe set D,. The binary variables determine
whether the set Pp(i,j) is active (p;; = 0) or relaxed
(pi,; = 1). A large constant M > 0 is used to relax the
constraint when p; ; = 1, effectively deactivating it. In this
way, the union of convex regions is represented through the
intersection of all constraints—active or relaxed—controlled
by binary variables.
Thus, the corresponding safe-set can be defined as:

ey (T
{ZE eRrR" ) ﬂ?:bl (ﬁjZI (me — ti,j < Mpi,j))} .

To ensure that the system state x lies within at least one
convex region TZT]x —t;; < 0 of each non-convex safe set
D;, we enforce:

(10)

nci

ngpi,jgnci_L Viel,...,n.
Jj=1

Y

The above formulation of (10) and (11), applied for all i €
{1,np} and j € {1,n¢,}, ensures that the user is not restricted
to a specific region but can freely switch between regions that
best satisfy the control objectives.

c) Imposing RCIS Constraints: For each convex
region Pp(i,j) that defines a half-space of a non-
convex safe set D;, we define the -corresponding
set of admissible state-control pairs as: Szu(i,j) =
{(x,u) cR" x R™ |F:L’ <f, Tijx <tj, Gu< g}.

A RCIS, S(i,j) is computed for each admissible set
Sz,.u(%,7). Bach S(i,j) contains all states zj for which
there exists a control input u; such that the successor state
Zpy1 = Axp + Buy + Fwy, remains within the set for all
wy, € W, satisfying all constraints. These sets are represented
as polytopes in the state space of the form S(i,5) = {z €
R"™ ‘ CiJ‘:I' < Ci,j}9 where Ci,j € R™MC.5 X" and Cij € R"C5
define the polytope.

Similar to (10), the enforcement of the RCIS constraint at
time step k + 1 for any admissible set Sz« (i,7) follows the
same approach. The resulting safe set is defined as:

N,
{l”kﬂ ER" ‘ N2y (ﬂjzl(ci,jwkﬂ

—ci5 < Mlmciyjpi,j,k+1)>}~ (12)

Following the conversion of non-convex to union of con-
vex constraint formulation, we use equation (12) to impose
the RCIS inequality constraints corresponding to the j
subregion (half-space) of the non-convex safe set D; at next
time step k+ 1: C; jopiq — M1MCi,jpi,j,k+1 < ¢;,; For the
full stacked state vector x;, this constraint is written as:

Ome, ;xns Cijl Xk — Mlme, pijr+1 < Cij-
—_—

Ci;

For brevity, we omit the time indices and write x in
place of x; and p;; in place of p; ;1. To include
all S;; for all j € {1,...,n¢} corresponding to the it
safe set D;, we write C;x — MLp,p; < c¢;, where C; =

T .
[01,17 e 7Ci—|7—nc.}—r’ Lpi = ¢(1m01 10 1mci N )’ blnary
vector p; = [p 1, .. ,pInCi]T, and ¢; = [¢/,, - vC;—nci]T

Similarly, to impose the intersection over all sets D; for
1€{1,...,np}, we obtain:

Crx — MLpp < c7, (13)

where Cr = [¢],-,C,]T, Lp = P(Lp,,...,Lp,,) is a
block-diagonal matrix of dimension (Zf:b o mci)j) X
Np, p:[p]—a“' aCZL—b]T'

d) Enforcing constraints: From equation (11), at least
one region Pp(i,j) belong to D; must be active in order to
ensure avoidance of D;" unsafe convex set for time step k+1.

This can be compactly written as:

7p;Lrb]Ta and CT = [Cirv' o

.
p, <1, [p?,l pio pZnCi] <P,

7

P

where p, = 0, p; = (nc; — 1). To enforce this constraint for
all safe regions (Vi € {1,...,np}), we define:

p<Ep<p, (14)
where E = @(1261,...,1;%), p =04, and p = [(ne, —
1)...ne,, — 1]

4) QP Constraint Matrices: The decision variable is
defined as z = [x| u' p']'. Combining the control input
constraints (3), equality constraint (7), convex (8) and non-
convex (13) RCIS state inequality constraints, and binary

variable constraints (14). The complete constraint set in (6b)
can be expressed as z < Az < z, where

—X0 A B 0 —Xp

—00 C}‘ 0 0 Cr
z=|—-|, A=|Cr 0 —-MLp|, z=|cr |. (15

—00 0 G 0 g

p 0 0 E B
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5) QP Objective Matrices: The total objective function is
expressed as J = Jz+Ju+Jp, corresponding to state, control,
and binary variable costs, respectively. Since we only track
the user-provided control input, J, = 0 and J, = 0. The
objective reduces to the control cost: J, = %uT Quu+ ¢y u.

The full objective function (6a) is then:

J = min %zT D(Q., Qu, Q) 2 + [ql u q;] z,  (16)
Q 5
where Qz = O2nx2n, Qu = Lmxm, Qp = Onpxnpa qx =
0n.92, q;[ = —urTQu, @p = On,, and np =
represents the total number of binary variables. In this
formulation, Q is positive semi-definite, as only Q, con-
tributes a strictly convex term. The worst-case computational
complexity for this MIQP is O (Z”P -(2n+ m)3).

ny
i=1 i

V. USER STUDY

This section presents a user study designed to evaluate
the effectiveness of the proposed Constraint-Aware Assistive
Controller (CAAC). Our goal is to investigate how its
use impacts task load, trust, perceived control, and task
completion (performance). The study involves two modes—
one with CAAC and one with User-Only Control (UOC),
where the user task is to navigate a maze-like environment by
guiding a robot toward goals while avoiding obstacles. Given
concerns about user and machine safety arising from letting
novice users interact without assistance on a real system, we
decided to conduct the user study in a simulation setting.
We first describe our hypotheses, simulation setup, and user
study setup. We then explain the evaluation methodology and
statistical testing approach used to assess our hypotheses.

A. Hypotheses

The following hypotheses were formulated to evaluate the
effectiveness of CAAC compared to UOC:

H1: CAAC decreases task load from the user.

H2: CAAC increases user’s trust of being able to complete
the task safely and successfully.

H3: CAAC does not decrease the user’s perception of being
in control of the system.

H4: CAAC decreases task completion time.

B. Experimental Setting

To evaluate the hypotheses, we designed a simulation
(shown in Fig. 3) in which the objective is to guide a
robot, represented by a small blue circle (1), to sequentially
reach green goal circles (2), with progress tracked by a
goal-reached counter (3), while avoiding black obstacles (5).
Navigation is restricted to safe gray regions (4).

1) Robot Behavior: The robot state is defined as z;, =
[(Xg, Yi, v, vZ]T and the control input as uy = [af, aZ]T,
where (Xj,Y)) denote position, (vj,vy) velocity, and
(af,aj) acceleration in = and y directions. All quantities are
expressed in consistent, unitless values without mapping to

@Robot

@Current Goal

Goal Reached
Counter

@Safe Region

(®Unsafe Region

Fig. 3: Simulation layout with goal sequence (a — d) shown
in green for illustration; only one goal appears at a time.

a physical scale. The robot follows linear damped double-
integrator dynamics x1 = Axy, + Buy, where

10 At 0 0.5At> 0
0 1 0 At 0 0.5At2

A= 0 0 1—~At 0 N N 0 - a7
0 0 0 1—yAt 0 At

The damping coefficient is set to v = 0.1, causing velocity
to build gradually with input and decay without input. Veloc-
ity and acceleration are bounded along both axes. The user
provides the reference acceleration uj, through the joystick’s
right analog stick, where direction sets the acceleration vector
and deflection magnitude controls its strength.

The environment in Fig. 3 defines the robot’s workspace
bounded by outer walls and five axis-aligned rectangular
obstacles (unsafe region). The constraints are expanded to
account for the robot’s shape, ensuring collision avoidance
considers its geometry, not just its center point. The robot
must stay within the environment bounds and avoid each
obstacle by satisfying a union of axis-aligned half-space
constraints.

Based on the system dynamics in (17) and the defined
constraints, we constructed the admissible set S . (i,j) for
each jM half-space belonging to the i obstacle. We then
computed a RCIS for every S, (4, ), constructed the con-
straint matrices (15) and objective (16), and solved the
resulting MIQP using Gurobi solver [31] on a 12th Gen Intel
Core 17-12700H with 32 GB RAM; the average solve time
of 1.81 ms per step (solver-limited upper bound ~ 552 Hz).
The simulation ran at 30 Hz and the CAAC node at 50 Hz.

2) Sequence: Each mode begins with a fixed 120-second
training session where the user can familiarize with the
controls and freely move around. After training, participants
begin a performance session where they are tasked to se-
quentially reach goals (green circles) in sequence as quickly
as possible (shown in Fig. 3), with only one goal appearing
at a time.

3) Collisions and Goals: A collision is triggered when
the robot enters a black region, causing it to respawn at the
initial or last goal position. A goal is reached only when the
robot fully enters the green circle at under 0.9 units/s.
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4) Termination: A session ends either when all goals
are reached (performance session) or when the time limit
is reached (training session). For each performance session,
we recorded Completion Duration (CD) and collision count.
After the session, the user completed the feedback survey.

C. User Study Setup

Participants were divided into two groups: Group A
experienced their first sequence (training + performance
session) with UOC, followed by a second sequence with
the CAAC, while Group B followed the reverse order. Each
sequence began with a dedicated training session before the
corresponding performance session.

1) Participants: The study included 66 participants, com-
pensated with a free lunch. All surveys were optional. Most
were aged 25-34 (54.5%), followed by 18-24 (36.4%) and
35-44 (9.1%). The sample was predominantly male (71.2%),
with female participants comprising 28.8%. Professionally,
the majority were students (41.5%), followed by engineers
(30.8%), researchers (16.9%), and others (10.8%). Regarding
prior experience, 43.9% of participants reported rarely play-
ing video games (less than once every two months), while
only 10.6% played daily. Joystick use was even less common:
77.3% of participants used a joystick rarely, and 3% daily.
The study was approved by our institution’s research ethics
committee, and informed consent was obtained from all
participants.

2) Survey: Participants completed a survey after each
simulation session, which included RAW-TLX Questions
(RTQs) listed in NASA Raw Task Load Index (Raw-
TLX) [32], [33], Additional Questions (AQs), and two Open-
ended Questions (OEQs) were asked to capture qualitative
feedback. All items except the OEQs were rated on a five-
point Likert scale. For RTQs ranging from “Failure” to
“Perfect” for Successful (SC) and “Very Low” to “Very
High” for the rest. For AQs, from “Strongly Disagree” to
“Strongly Agree”. The exact questions asked are:

Mental Demand (MD): How mentally demanding was the task?
Physical Demand (PD): How physically demanding was the task?
Temporal Demand (TD): How rushed was the task pace?
Successful (SC): How successful were you?

Effort (EF): How hard did you work?

Frustration (FR): How stressed or annoyed were you?

Safe (SF): [ felt safe avoiding obstacles.
Control (CT): The agent accurately followed my actions.

RTQs

AQs

The assistive controller affected my performance by [text].

OEQs . . . -
Q My experience with and without assistive controller was [text].

D. Evaluation and Testing Criteria

To evaluate our hypotheses, we used survey responses
(RTQs, AQs) for H1I-H3 and the metric Completion Du-
ration (CD) for H4, supplemented by open-ended questions
(OEQs) for qualitative insights. We applied the Wilcoxon
Signed-Rank (WSR) test for paired samples and the Mann-
Whitney U (MWU) test for unpaired samples. Normality was
assessed using the Shapiro-Wilk (SW) test.

Based on our predefined hypotheses, we conducted direc-
tional statistical tests to assess whether the median values

—— Median

IQR (25% -

75%) Tails (5% - 95%)

(a) With UOC. (b) With CAAC.
Fig. 4: RTQs and AQs responses: UOC vs. CAAC. Arrows
show the desirable direction: 1 = higher is better, | = lower
is better.

under the CAAC were significantly higher or lower than
those under the UOC. Tab. I outlines the null hypotheses
(Hz or H5) associated with each question and the corre-
sponding hypothesis (H1-H4) it supports. A two-sided test
(Hg) was applied only in cases where assessing distributional
symmetry was relevant. The significance level for each sta-
tistical test is categorized as follows: o < 0.05* (significant),
a < 0.01"* (highly significant), and o < 0.001*** (very
highly significant).

VI. USER STUDY RESULTS

We evaluated the CAAC’s effectiveness through qualita-
tive analysis for H1-H3 and quantitative analysis for H4 to
assess overall impact.

a) Qualitative Analysis: To assess subjective experi-
ence and workload, we aggregated responses across all
participants and analyzed the RTQs, AQs, and OEQs surveys,
targeting hypotheses H1-H3. As shown in Fig. 4, CAAC
consistently outperformed UOC across all questions sup-
porting our hypothesis H1-H3.

To further validate these results, a paired one-tailed
WSR test confirmed statistically significant improvements for
CAAC across all metrics (Tab. I), with very highly signifi-
cant difference (o < 0.001***), except for Temporal Demand
(TD), which only showed significant difference (« < 0.05%).
In addition, most of the OEQs responses from the users
anecdotally reinforced that CAAC reduced the workload,
made them feel much safer, and kept them feeling in control.
One user reported:

“It is interesting with assistive system when the agent

can avoid the obstacles by itself to make the player feel

safe and secured despite how careless the player is. The

agent was driven faster to reach the goal.”

b) Quantitative Analysis: To evaluate hypothesis H4,
we used OEQs and recorded experimental data to calculate
task Completion Duration (CD) metric. For a fair compari-
son, CD under the UOC was computed only from collision-
free trajectories, excluding any collision or respawn delays.
No collisions occurred with CAAC, supporting its safety
guarantees.

This analysis revealed that CAAC significantly reduced
CD, supporting hypothesis H4. As visualized in Fig. 5,
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MD PD TD EF FR SF CT CD
Null Hypothesis (Ho) HE HE HE HF HF HS H5 HE
Alternate Hypothesis (H) H1 H1 H1 H1 H1 H2 H3 H4
Significance () 0.001*** 0.001*** 0.05* 0.001*** 0.001*** 0.001*** 0.001*** 0.001*** 0.001***
Sample Size (N) 66 65 64 60 61 62 66 66

TABLE I: Wilcoxon Signed-Rank (WSR) test results comparing UOC vs. CAAC.
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Fig. 5: Aggregated Survey. Fig. 6: Group-wise Survey.

participants completed the task faster under CAAC. To
validate these findings, we used paired data across all partic-
ipants. The two-sided Shapiro-Wilk (SW) test yielded very
highly significant difference (o < 0.001***), rejecting the
null hypothesis (Hg) of normality, prompting the use of
non-parametric one-tailed WSR test, which confirmed a very
highly significant reduction in CD when using CAAC («a <
0.001***). Feedback from the OEQs further supports this
trend. Many users felt safer with CAAC, which reduced
perceived risk and made them less conservative, resulting in
lower CD. One user noted:

“With no assistive system, I tend to choose more conser-

vative route-move slower, always ready to stop and take

detour if it can avoid collision. With assistive system, |

tend to choose more aggressive (and shorter) route.”

c¢) Learning effect: To investigate how prior experience
in one condition influences performance in the other, we
conducted additional group-wise analyses using unpaired
data within each group. Qualitative group-wise results were
generally consistent with the paired data findings but did not
reach significance for TD, likely due to reduced statistical
power in the smaller subgroups. In contrast, quantitative
group-wise results statistically mirrored the paired analysis,
confirming that CA AC significantly reduced task CD across
both groups, as shown in Fig. 6. Additionally, the analysis
revealed a learning effect under UOC: participants who
first used the CAAC took longer time when later operating
without it, suggesting a potential reliance. No such effect
was observed under CA AC—prior experience did not affect
CD—indicating that CAAC supports consistent behavior
regardless of potential earlier experience without it.

VII. REAL-WORLD EXPERIMENT

Shared control robotic applications such as surgery, indus-
trial assembly, and hazardous material handling often require
strict constraint satisfaction under disturbances. To demon-
strate relevance in such settings, we evaluate our method
on a Franka Panda manipulator (Fig. 7a). Measurement
noise, delay, and unmodeled dynamics are treated as bounded
disturbances, with bounds found experimentally.

The user was tasked to navigate the end-effector, fitted
with a 19mm peg, through a maze of three rectangular
blocks with 32mm passages, leaving 6.5mm clearance per

Manipulator

0.000

—0.032 \
0.567 0.599 0.631 0.663 0.695
z [m]

(a) (b)

Fig. 7: Real experiment setup. (a) shows the maze workspace,
and (b) the trajectory with disturbance bound (red circle).
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Fig. 8: Y-axis position, velocity, and control inputs
(top-bottom), with RMSE of user vs. controller input.

side, reduced to about 3.5mm under +3mm disturbance
bounds. Five trials were conducted, and the trajectory from
one trial is shown in Fig. 7b. Velocity is constrained to
[—0.05,0.05]m/s (disturbance +0.01m/s) and acceleration to
[-1,1)m/s%. A Cartesian controller drives the end-effector
in the X-Y plane using assistive inputs uf generated by
the proposed CAAC framework, with states (X,Y,v", vY)
governed by (17). Acceleration-level control is used instead
of position-level control, making the task more challenging.
To analyze the controller’s behavior, we focus on the y-axis,
where the manipulator covers a larger distance. As the z-
and y-dynamics are decoupled, it is sufficient to examine
this axis. Fig. 8 shows the evolution of position, velocity,
and control inputs(top-bottom).

The controller’s behavior can be categorized into three
regions. In region (P), the controller intervenes to avoid wall
collisions in narrow passages. In region (V'), the controller
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enforces velocity limits whenever user inputs wu; would
exceed the limits. In region (), the controller followed the
user inputs exactly (RMSE = 0), as the end-effector was
well aligned with the passage and required no correction to
satisfy the limits.

The experiment confirms that the controller enforces safety
and constraint satisfaction with minimal intervention under
disturbance. Importantly, the system remains safe under
arbitrary user inputs, as the controller intervenes only when
necessary. This property is also relevant in teleoperation
with communication delays, where deploying the controller
locally ensures safety.

VIII. CONCLUSIONS

We proposed a constraint-aware CAAC framework for
real-time shared control with formal safety guarantees under
structured non-convex constraints. The user study confirmed
the effectiveness of the CAAC. Qualitative results showed
improved safety, control, and reduced workload, while quan-
titative analysis demonstrated faster task completion with
zero collisions. Overall, the CAAC enabled more direct
routes without loss of perceived control, reflecting greater
trust and confidence.

The real-world manipulator experiment further confirmed
the framework’s practicality by showing that it can maintain
safety under disturbances and operate reliably with structured
non-convex constraints. This highlights its applicability to
assistive tasks and teleoperation scenarios where safety as-
surance is paramount.

While the approach assumes known linear time-invariant
dynamics, it establishes a principled foundation for
constraint-aware shared control. Thus, extending the work
to dynamic and uncertain settings, nonlinear models, and
learning-based safety sets is an appealing avenue for the
future, towards transparent, reliable, and minimally intrusive
real-time assistance.
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