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Enhancing Shared Autonomy in Teleoperation Under
Network Delay: Transparency- and
Confidence-Aware Arbitration

Bagak Giilegyiiz
Harsimran Singh

Abstract—Shared autonomy bridges human expertise with ma-
chine intelligence, yet existing approaches often overlook the im-
pact of teleoperation delays. To address this gap, we propose a
novel shared autonomy approach that enables robots to gradually
learn from teleoperated demonstrations while adapting to network
delays. Our method improves intent prediction by accounting for
delayed feedback to the human operator and adjusts the arbitration
function to balance reduced human confidence due to delay with
confidence in learned autonomy. To ensure system stability, which
might be compromised by delay and arbitration of human and
autonomy control forces, we introduce a three-port extension of the
Time-Domain Passivity Approach with Energy Reflection (TDPA-
ER). Experimental validation with 12 participants demonstrated
improvements in intent prediction accuracy, task performance, and
the quality of final learned autonomy, highlighting the potential
of our approach to enhance teleoperation and learning quality in
remote environments.

Index Terms—Human-robot collaboration,
demonstration, telerobotics and teleoperation.
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I. INTRODUCTION

ILATERAL teleoperation with haptic feedback enables
B operators to remotely control robots with a sense of touch.
It is particularly valuable in environments like underwater ex-
ploration, space missions, and long-distance operations, a need
further accentuated during the COVID-19 pandemic. However,
the effectiveness of teleoperation is often compromised by net-
work impairments such as delay and packet loss, which can lead
to instability and reduced transparency [1].

Shared autonomy (SA) presents a promising solution by
blending human expertise with machine intelligence, offering
a balance between direct teleoperation (DT) and full auton-
omy [2], [3]. Effective SA requires accurate intent prediction
to adapt robot behavior to human input. Prior SA frameworks
improve performance and reduce workload using haptic guid-
ance [4], [5] or arbitration by blending human and autonomy
commands [6]. Autonomy can be hand-crafted or learned from
demonstration (LfD). For example, gradual deployment of LfD
has been shown to improve task efficiency [7]. However, these
methods often assume reliable network conditions and overlook
the impact of delay on both execution and learning.

Network-induced delays, whether due to distance or net-
work load, pose a major challenge in teleoperation, degrad-
ing transparency and performance. This is especially critical
in telemanipulation scenarios, such as remote inspection and
maintenance, where operators perform contact-rich tasks under
different network delays. Prior work addressed this by switching
to pre-learned autonomy during severe delays [8], [9]. While
this ensures task continuity, such discrete switches are overly
conservative and lack human supervision. Moreover, relying
on pre-learned autonomy is often impractical in dynamic or
unstructured remote environments where robots primarily de-
pend on teleoperated demonstrations for task acquisition. How-
ever, demonstrations under delay suffer from noise and reduced
precision, leading to suboptimal learning outcomes [10]. A
promising alternative is to progressively incorporate autonomy
learned from teleoperated demonstrations. Yet, since neither
delayed teleoperation nor learned autonomy is entirely reliable,
SA systems must adaptively balance both inputs. This calls for
approaches that dynamically adjust control authority based on
human input quality and autonomy confidence.

This study tackles a key limitation in existing SA systems:
their limited ability to operate effectively under delays. We
focus on a scenario where a remote operator incrementally
teaches a robot to perform precise manipulation tasks under
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Fig. 1. Overview of the proposed SA framework under delay, integrating
delay-aware intent inference, and progressively learned autonomy. Arbitration
dynamically blends human and autonomy inputs based on teleoperation trans-
parency and autonomy confidence.

delays ranging from 100 to 400 ms. Fig. 1 depicts the proposed
system, which refines autonomy in SA through successive LfD
updates. Our approach integrates delay-awareness into three
core components of the SA pipeline: (1) intent inference, (2)
arbitration, and (3) stability. First, we extend Boltzmann rational
models [11], [12] by conditioning intent inference on the delayed
state observed by the operator, capturing the impact of delayed
visual and force feedback on human decision-making. Second,
we propose a novel arbitration strategy that dynamically blends
human and autonomy commands based on two confidence esti-
mates: one derived from teleoperation transparency (affected by
delay), the other from the uncertainty in the learned autonomy.
To our knowledge, this dual-confidence arbitration under delay
has not been previously explored. Third, we extend the two-port
TDPA-ER [13] into a three-port framework to ensure passivity
under delay and dynamic arbitration. With this integrated ap-
proach, our objectives are twofold: (1) enhance SA task perfor-
mance under delay, and (2) improve learned autonomy quality,
facilitating a more efficient transition from DT to full autonomy.
We validated our approach in experiments with 12 participants in
two tasks, showing improved task performance and final learned
autonomy. Our contributions can be summarized as:
® A delay-aware intent inference method that extends Boltz-
mann rational models by considering the delayed state
perceived by the human operator.
® A novel arbitration strategy that dynamically blends hu-
man and autonomy control inputs based on teleoperation
transparency and autonomy confidence.
® Three-port TDPA-ER to ensure passivity in SA under time
delay and varying control authority.

II. RELATED WORK

Predicting user intentions is crucial, as incorrect guidance
can be more harmful than no assistance. Prior studies have
explored various approaches to intent inference, including hand
gestures [14], eye gaze [15], and user movement history [6], [11].
Dragan et al. used maximum entropy to infer user intent from
trajectory history [6]. Jain et al. proposed a Bayesian framework
that incorporates Boltzmann rationality [11]. This model consid-
ers human actions as probabilistic goal-directed actions, where
goal probability depends on the agreement between human and
autonomy control inputs. A similar approach in [12] estimated
goal likelihood based on the agreement between user actions
and offline-learned Dynamic Movement Primitive commands.
Notably, this agreement is often more reliable, as LfD-based
agents align well with human input [16]. In this work, we extend
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prior work by explicitly accounting for delays in teleopera-
tion. We analyze human-autonomy agreement considering the
delayed state from which the human perceives the robot and
environment, thereby improving intent prediction accuracy.

LfD is a key approach for enabling autonomous behaviors
in SA. Zeestraten et al. used Gaussian Mixture Model (GMM)
for task learning, probabilistically fusing autonomy and human
inputs [17]. To regulate automation levels, autonomy confidence
was linked to state covariance, while human confidence was
kept constant. Tanwani et al. applied Task-Parameterized Hidden
Semi-Markov Model (TP-HSMM) to pre-train autonomy in
SA [18]. Xi et al. also used TP-HSMM for offline learning in
grasping and peg-in-hole tasks, with fixed-coefficient arbitra-
tion [19]. Peternel et al. proposed online learning via locally
weighted regression and arbitration based on model availabil-
ity [20]. While their method enables progressive learning, it
relies on smoothed binary blending. Recent SA work tackled
contact-rich tasks: Youssef et al. encoded motion and stiffness
as virtual fixtures using GMM for drawing and wiping [21], and
Jadav et al. combined motion encoding with variable impedance
and force control for co-manufacturing [22]. In this work,
inspired by [23], we adopt TP-HSMM with an attractor for-
mulation and stiffness estimation, ensuring precise execution
via variable impedance control. We progressively update the
learned model with each demonstration, enhancing autonomy’s
confidence and contribution in subsequent SA trials.

In SA, human and autonomy commands are blended using
an arbitration factor, typically based on intent prediction con-
fidence, assuming that autonomy is sufficiently accurate [6],
[11], [12]. Some approaches incorporated autonomy confidence,
often modeled through state covariances of learned models [7],
[17], [24] or Bayesian filter covariances for sensor data [25].
Prior research emphasizes contextual assistance by considering
both autonomy and human confidence [6], [11], with dynamic
adaptation [7]. A recent study [26] proposed arbitration based on
network delay but relied on pre-learned autonomy, focusing only
on SA performance without addressing progressive learning or
final autonomy quality. Moreover, its arbitration scaled human
input with delay. In contrast, our method integrates both auton-
omy and human confidence. Autonomy confidence is derived
from TP-HSMM state covariance, and human confidence is
linked to teleoperation transparency with a measure of the con-
servatism of the passivity controller [13], which we previously
found more reliable than delay alone [10].

Arbitration, implemented as a weighted combination of hu-
man and autonomy control forces, can potentially violate pas-
sivity [27], [28]. With closed-loop communication under delays
in teleoperation, the challenge is even greater. Early work by
Panzirsch et al. ensured stability for multilateral systems using
2-port tracks and TDPA [29], later extending TDPA-ER for
position—position architectures with track separation [30]. Sel-
vaggio et al. proposed using energy tanks to maintain passivity
in shared control [31]. Balachandran et al. [27] introduced a
model-free approach with damping injection and later extended
it with gain gradient limitation and stiffness adaptation [28]. Our
approach builds on TDPA-ER with position-force architecture,
which was recently included in the IEEE standard 1918.1.1-2024
for time-delayed teleoperation [32]. It is recognized for its
reduced conservatism compared to traditional TDPA [13]. By
extending it to a three-port framework, we ensure passivity under
both time delays and the arbitration of human and autonomy
inputs.



9656

III. APPROACH

This section first outlines how the agent attains autonomy with
LfD, using TP-HSMM based on prior work in manipulation [23].
We then introduce our key contributions: a delay-aware intent
inference model adapting Boltzmann rationality (BR), a novel
arbitration strategy combining transparency and autonomy con-
fidence, and a three-port extension of the TDPA-ER to maintain
passivity under delay and arbitration.

A. Agent Autonomy Via Learning From Demonstration

To learn from demonstrations, we adopt TP-HSMM, an estab-
lished method for encoding motion relative to varying task con-
texts [33]. In this formulation, task parameters are represented
as a set of coordinate frames { A, b; }f:l, where each frame is
associated with a task-relevant element, such as an object or a
goal. A; and b; define the orientation and position of each frame
in the global coordinate system. This representation allows the
model to generalize demonstrations across different spatial con-
figurations by transforming each observation &, relative to these

frames with 5? ) = A;l (&; — bj;). The TP-HSMM parameters
are:

: N F K
b= {H T SN T 2?}_ oW
i=
where ugj) and Xi(9) denote the mean and covariance of the
i-th state in frame j. K, II;, and a;; represent the number
of states, state priors, and transition probabilities, respectively.
Each state’s emission probability is a product of Gaussians
from all F' frames, with state durations modeled as a Gaussian
distribution with 1 and 37 for each state 4.
To learn manipulation tasks, we follow the attractor-based for-
mulation of [23], [34], where a virtual attractor y, is computed
using a spring-damper system:

y, =+ K7 (K + & — f), )

with x4, &4, and &; denoting end-effector position, velocity,
and acceleration, and f§ the external force measured by a
force/torque (F/T) sensor. K7 and K are the stiffness and
damping matrices. The stiffness for each state is estimated by
minimizing the residual between the attractor and the state
means (see [23] for more details).

In our setup, the agent starts without prior task knowledge.
A human operator provides two initial demonstrations via DT,
which are used to train the initial TP-HSMM model. We then
transition to SA, blending human and autonomy commands.
After each SA trial, the new demonstration is added to the dataset
to incrementally refine the model.

To generate autonomy commands during SA, the TP-HSMM
model is adapted to the predicted goal by transforming frame-
specific Gaussians into global coordinates using goal frames
{A;,b; }le. The most likely state sequence z; is computed
using the forward variable, and a smooth attractor trajectory
y; is generated with linear quadratic tracking. The autonomy
control force f,, which is used to drive the robot toward the
learned attractor, is computed with estimated stiffness K Z and

damping K):
fo=KL (y; —a) + K[, 3)
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B. Delay-Aware Intent Inference

We formulate the intent inference as predicting the most likely
goal G at each time step ¢ given a set of goals G:
G} = argmax P(G|0y.;) o< argmax P(0y.|G) - P(G), (4)
Geg Geg
where 6., are the observations up to time ¢. Assuming uniform
goal priors, conditional temporal independence given goal G,
and static goals, it simplifies to:

t
G; = argmax H P6;|G). Q)
Geg
Prior work [11], [12] models P(6;|G) using BR, where obser-
vation likelihood decays exponentially with cost:

P(0:|G) = P(un|st, G) oc exp(—BQc(un,, st)),  (6)
where Q¢ (un, ¢, St) is the cost of the human taking action wp, ¢
at robot state s; to reach G. 3 controls how strongly suboptimal
actions are penalized.

Our contribution is to adapt this formulation to time-delayed
teleoperation. Unlike previous work assuming immediate feed-
back, we consider scenarios where delayed visual and haptic
feedback cause the human to act based on a past robot state
S;—q, reflecting a lag of d time units. To account for this, we
reformulate the observation probability as:

P(0:|G) = P(upt|si-a, G) o< exp(—BQa(wn,t, St-a)), (7)
where (3 is set to a fixed scalar in our experiments. Following
prior work [11], [12], we define Q¢ (wp. ¢, Si—q) using cosine
similarity between autonomy and human inputs. This formu-
lation relies on motion-based inputs, and force signals are not
directly used. However, the framework could be extended to
force-regulation tasks by incorporating force features into the
cost model. To ensure compatibility with delayed observations,
we compute autonomy commands u,(S;—4) from the delayed
state s;_g4 rather than the current state s;. The cost function
Qc(un,t,s¢—aq) is given by:

Up ¢ Ua(St—d)

_ - ' 8
Qa(wn,i, 81-a) = arccos (|Uh,t| ||ua(8t—d)”) "

C. Teleoperation Transparency- and Autonomy
Confidence-Aware Arbitration

In SA, the operator initially has full control. The system
transitions from DT to SA when the goal prediction confidence,
C(@), defined as the probability difference between the two
most likely goals, exceeds a threshold § € [0, 1]:

DT ifC(G) < ¢
SA ifC(G) >4
This approach ensures that SA is activated only when the system
has sufficiently high confidence in its goal prediction. In our
implementation, § was empirically set to 0.3.

During SA, the control force applied to the robot, f,, is a

weighted combination of the human operator’s control force,
f, and the LfD-based autonomy control force, f,:

fc:(l_a)fl+afa7 (10)
where « is the arbitration coefficient. We propose dynamically
adjusting « based on the confidence in human actions (cg) and
autonomy confidence (c4):

Control Mode = { ©))

CA

o= —-—-.
ca+cyg

Y
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Fig. 2. Arbitration coefficient « as a function of c4 and cpr. (a) a vs. ca
for fixed cp values, compared to @ = c4. (b) 3D surface showing the joint
nonlinear effect of c4 and cg on .

Fig. 2 illustrates how cg and c4 affect a. When c4 is higher,
control shifts towards autonomy, and when cy; is higher, the
human operator takes over more control.

The autonomy confidence c4 is determined from the trace
of the state covariance matrix X; in TP-HSMM, reflecting
the model’s uncertainty. Teleoperated demonstrations under
time delay introduce noise, increasing state covariances [10].
By using the trace of 3;, we capture aleatoric uncertainty,
which is the variability arising from demonstration noise and
teleoperation delay, rather than lack of knowledge. Since c4
is state-dependent, it varies over time, dynamically reflecting
changes in autonomy confidence. To normalize ¢4 within [0, 1],
we linearly scale trace(X;) between empirically preset bounds

¥ (high confidence) and ¥ (low confidence):

trace(3) —trace(X;) . —
“race(®) trace(x) * 1 trace(X) < trace(Ei) < trace(X),
0, if trace(X;) > trace(X),

1, if trace(X;) < trace(X).

CpA=—

(12)

We propose linking human confidence cg to teleoperation trans-
parency, which is influenced by communication delays. Instead
of using delay directly, we leverage RAT g, defined as the ratio of
dissipated energy to output energy handled by the passivity con-
troller [13], as a transparency metric that dynamically captures
the controller’s conservatism. In prior work [10], we showed that
RAT g correlates more strongly with demonstration quality than
the amount of delay, making it a more reliable measure. Human
confidence is defined as:

ciy =1 — RAT, (13)

where RAT g € [0, 1] varies over time, with higher values in-
dicating lower transparency and confidence, and lower values
signifying greater transparency and confidence.

D. Shared Control Passivity: Three-Port TDPA-ER

TDPA-ER is a passivity-based control method that ensures
stability in time-delayed bilateral teleoperation by treating the
follower controller as an energy storage element. Its monitoring
unit allocates this stored energy as output bounds to the leader
and follower, while passivity controllers dissipate excess energy
when outputs exceed these bounds [13]. In SA, however, the
robot’s control command is a weighted combination of human
and autonomy forces, which can compromise passivity, espe-
cially when authority weights vary over time [27], [28]. Since the
original two-port TDPA-ER monitors only the leader—follower
interaction, we extend it to a three-port formulation by augment-
ing the monitoring unit and introducing a passivity controller
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Fig. 3. Port-based representation of the proposed 3-port TDPA-ER. The

monitoring unit tracks energy and assigns output limits to ensure passivity under
delay and arbitration. PC1, PC2, and PC3 dissipate excess energy at the leader,
follower, and autonomy ports.

at the autonomy port, ensuring stability under both delay and
arbitration.

Fig. 3 illustrates the port representation of the proposed three-
port TDPA-ER. Ateach sampling step (15 = 1ms), the available
energy storage Ey; (k) is updated based on the input powers
from port 2 (leader: PJ2%), port 5 (follower: P5R2L ), and port 7
(autonomy: PF2E):

B (k) =Eq(k—1)+(PF2R(k—T))+ PF2Y (k) + PR T,
(14)

The actual output power leaving the monitoring unit is:
Pour(k) = P3E (k) + PSR (k) + PP (k). (15)

To ensure passivity, the monitoring unit assigns desired out-
put powers by proportionally distributing the excess power
(Peze(k) = Egt(k)/Ts — Poyi(k)) across the three ports when
the total output exceeds available energy (Fq (k) < Pyt (k)Ts).
The desired output powers for the leader, follower, and autonomy
ports are:

Pl (k)
R2L
_ [P0 + PescR) BT 1 Bulb) < P (T,
3RzL (k), otherwise ,
P (k)
L2R .
_ PL2R (k) 4 pem(k)ljgwit((’f)), if Egi(k) < Pout(k)Ts
P5LQR(/<:), otherwise ’
Py (k)
R2L
_ [P + PueR) 08 i Ba(h) < Pt (R)T..
7RQL (k), otherwise

(16)

The passivity controllers PC1, PC2, anfi PC3 have to dissipate
the energies WFCt, WPC2 and WFCE3, respectively:
k—T» k
WP k)= PEGG DT Py () Te= WP (k-1),
j=0 j=0
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WP (k)= "(PEIE(G) — PRGN T, = WP (k—1),

k
W (k)= (PIE(G) = PR ()T = WP (k—1).

a7

PC1 and PC2 apply impedance-type damping to the output
forces f; and f., respectively. In contrast, PC3, following ad-
mittance causality, damps the follower velocity vy, as its port
output is velocity. While this may introduce position drift, using
the same control structure across all test conditions ensured a
fair experimental comparison, and the amount of drift remained
limited. Lastly, the energy storage is updated by subtracting the
assigned energies of the respective ports:

Est(k) = Est(k) - ( L}f%l{z/s(k) + P.f?d[e/s(k) + Plg/‘,2dle%s(k))Ts
(18

To enhance system transparency, we integrate the passive cou-
pling reference (PCR) approach using an end-effector F/T sen-
sor [35]. PCR compares the user-defined force (e.g., measured
force) with a passive reference force and displays the measured
force whenever stability permits. This significantly improves
free-motion transparency.

IV. EXPERIMENTS

A. Experimental Setup

To evaluate the proposed approach, we used an experimental
setup consisting of a Franka Emika Panda robot arm as the
manipulator and a sigma.7 haptic device as the human-system in-
terface. A BotaSys SensONE EtherCAT F/T sensor was mounted
on the end-effector to measure interaction forces, while a custom
3D-printed end-effector was designed for the evaluated tasks.
The human operator received feedback via a video feed on
a screen and haptic feedback through the haptic device. The
control and algorithmic frameworks were implemented in Robot
Operating System (ROS) and ran on two Ubuntu machines with
real-time kernels. The robot controller operated at 1 kHz, with
autonomy commands generated on the robot’s PC. Artificial
delays were introduced between the leader and follower to
simulate time-delay effects. The evaluation involved two tasks
designed to assess intent inference accuracy, task performance in
DT and SA modes, and the quality of the final learned autonomy.
These tasks were placed on wooden boards on a small table, as
shown in Fig. 1.

B. Experimental Procedure

The experimental study involved 12 participants (aged 23—
32), five with prior robotics and haptic device experience. Eth-
ical approval was obtained from the Faculty of Medicine of
TUM (Approval No.: 2023-401-S-NP). Two evaluations were
conducted: (1) intent inference in DT mode and (2) shared
autonomy under different arbitration conditions. Intent inference
was tested separately to isolate its performance from arbitration.
A warm-up phase preceded the experiments, during which par-
ticipants performed trial runs of each task in DT mode without
delay to become familiar with the haptic interface and task
objectives. No additional training trials were conducted between
the experimental conditions.

IEEE ROBOTICS AND AUTOMATION LETTERS, VOL. 10, NO. 10, OCTOBER 2025

TABLE I
EXPERIMENTAL CONDITIONS

Mode o Delay TDPA-ER
C1 DT 0 v 2-port
Cc2 SA ca v 3-port
C3 SA @ ch v 3-port
pre e - A
g r

‘ 4

B

(a) Demonstrations (b) Novel tests

Fig. 4. Demonstrations and novel tests for the Frames & Obstacles.

For intent inference experiments, participants first performed
two demonstrations in DT mode under each round-trip time
(RTT) delay of 100, 200, and 400 ms, which were used to train
separate LfD models. After training, participants repeated the
teleoperation in all three delays, covering all goals in both tasks.
Intent inference was then evaluated on recorded teleoperated
trajectories using the autonomy of the LfD-trained agent. To mit-
igate order effects, the delay sequence was randomized across
participants.

SA experiments compared three conditions: C1, C2, and C3
(see Table I). Cl1 corresponds to DT (a = 0) with two-port
TDPA-ER for stability. C2 and C3 are SA approaches that use the
proposed three-port TDPA-ER but differ in arbitration. C2 relies
solely on the confidence in learned autonomy (o = c4), while
C3 combines teleoperation transparency and autonomy confi-
dence (o = cAc-ch ). To minimize learning or fatigue biases, the
order of test conditions was randomized between participants.
During testing, participants performed both tasks with varying
goal points under randomly assigned RTT delays of 100, 200,
and 400 ms to avoid training effects. The experiment lasted
approximately one hour per participant. Performance was evalu-
ated using objective metrics (completion time and success rate),
while subjective workload was measured through NASA-TLX
ratings on a 7-point Likert scale [36]. Before statistical testing,
data were checked for normality using the Shapiro—Wilk test and
for sphericity using Mauchly’s test. Repeated measures ANOVA
was then applied. Although minor deviations from normality
were observed in a few conditions, excess kurtosis was low, and
the balanced within-subject design supports the robustness of
ANOVA in such cases. Statistical significance is indicated in all
figures as: p < 0.05 (*), p < 0.01 (¥%), and p < 0.001 (¥*%).

1) Frames & Obstacles Task: The task required participants
to move the robot from a start frame to a goal frame while
avoiding circular obstacles and maintaining contact with the task
board (see Fig. 4). The setup for demonstrations in DT and SA
is shown in Fig. 4(a). Fig. 4(b) depicts novel test scenarios with
unseen goal frames and obstacles to assess the generalization of
the learned autonomy.

The experiment began with two demonstrations in DT mode
at 400 ms RTT delay, aiming goal frames 1 and 2 in Fig. 4(a).
These demonstrations were used to train an initial LfD model,
typically of moderate quality due to high delay. For SA, the
initial model is identical for both C2 and C3 conditions. Par-
ticipants then performed three additional demonstrations in all
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(a) Demonstrations (b) Novel tests

Fig. 5. Demonstrations and novel tests for the Rubber Band.

—Robot
Human
----- Autonomy

—Robot
Human
0.1~ | e Autonomy

0.6
0.4

0.2

0 5 10 15 20 0 10 20 30
time (s) time (s)

(a) 100 ms (b) 400 ms

Fig. 6. Authority allocation at (a) 100 ms and (b) 400 ms RTT delay using
C3 in the rubber band task. The top row shows trajectories, and the bottom row
illustrates a, ¢ 4, and cgy over time.

conditions (C1, C2, C3), targeting goal frames 3, 4, and 5 in
Fig. 4(a), under RTT delays of 100, 200, or 400 ms. The order
of delays was randomized between participants. However, each
participant experienced the same delay across conditions for a
given goal frame, ensuring a fair comparison. In C2 and C3,
the LfD model was updated after each demonstration, enabling
continuous adaptation and refinement.

2) Rubber Band Task: The goal is to place a rubber band
around two designated pillars using the robot’s end-effector
(see Fig. 5). The band is initially stretched between the anchor
and the end-effector. This task is more force-sensitive than the
first, requiring precise manipulation to stretch and position the
band without losing control. Fig. 5(a) shows the demonstration
configurations for DT and SA modes, while Fig. 5(b) depicts
novel scenarios with previously unseen pillar placements for
testing the learned autonomy.

As with the first task, participants began with two DT-mode
demonstrations, performed at 400 ms RTT delay, targeting the
pillar pairs labeled as 1 and 2 in Fig. 5(a). These demonstrations
were used to train an initial LfD model for agent autonomy.
In the second phase, participants performed three additional
demonstrations under all three conditions (C1, C2, and C3),
targeting the pillar pairs labeled as 3, 4, and 5 in Fig. 5(b).
The RTT delays of 100, 200, and 400 ms were randomized
across participants but remained consistent for each goal in all
three conditions per participant. Similar to the first task, in SA
modes (C2 and C3), the LfD model was updated after each
demonstration and used to compute autonomy commands for
subsequent trials.

Before analyzing the results, Fig. 6 illustrates how C3 allo-
cates authority at two different RTT delays (100 and 400 ms)
during the Rubber Band task. At 100 ms, the lower delay keeps
cu high (above 0.8), leading to @ < c4 with greater reliance
on human input. This prevents autonomy from overshadowing
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the operator, enabling collection of high-quality demonstrations
for learning. At400 ms, increased delay reduces cg (below 0.2),
leadingto o > c4. Consequently, more control is allocated to au-
tonomy to compensate for degraded-quality human input. This
adaptive balance in C3 aims to improve performance over C2
by adjusting control based on human and autonomy confidence,
enhancing autonomy and learning.

C. Results

1) Intent  Inference: We  compared the  proposed
delay-aware intent inference approach (Delay-aware BR)
against two methods: BR and Memory-based inference. The
BR method uses autonomy commands derived from learned
demonstrations but assumes immediate feedback, ignoring the
effects of delay. The Memory-based approach, commonly used
in literature, employs a Bayesian framework to predict the most
likely goal based on trajectory history, assuming additive costs
along the trajectory [6]. We evaluated the performance using
two metrics: (1) the percentage of time correct and confident,
measuring the proportion of teleoperation time during which
the algorithm correctly predicts the goal and is confident in its
prediction (C(g) > 30%), and (2) logarithmic loss, quantifying
prediction uncertainty.

All tests were performed in DT mode under RTT delays of
100, 200, and 400 ms, with intent inference evaluated on all five
goals shown in Figs. 4(a) and 5(a) for each task. The results,
shown in Fig. 7, demonstrate that Delay-aware BR consistently
outperformed both BR and Memory-based inference at high
delays (200 and 400 ms) across both tasks, achieving statistically
significant improvements in both metrics. This underscores the
importance of delay-awareness in intent prediction, particularly
under substantial delays.

2) Shared Autonomy Performance: Fig. 8 illustrates the over-
all completion times across both tasks. C3 consistently achieved
the shortest times in both tasks. In the Frames & Obstacles
task, statistical analysis showed a significant effect of condi-
tion (F'(2,22) =9.04, p < 0.01), with pairwise comparisons
indicating a significant improvement of C3 over C1, while C2
showed a slight but non-significant improvement. In the Rubber
Band task, the improvement was more pronounced (F'(2,22) =
11.01, p < 0.001), where both C3 and C2 significantly out-
performed C1, with C3 achieving the largest gains. Notably,
the relative improvement of C3 over C2 was more substantial
in this force-oriented task. To explore how completion time
varies with delay, Fig. 9 shows completion times grouped by
delay and condition (C1-C3) for each task. This delay-based
grouping serves as an exploratory supplement to our primary
condition-focused analysis and highlights the robustness of C3
across delays.

Fig. 10 shows the overall success rates for each condition. Suc-
cess in the Frames & Obstacles task requires navigating without
colliding with obstacles or the outer part of the target frame. For
the Rubber Band task, failures occur if the robot pushes against
or breaks the pillars, improperly places the rubber band around
only one pillar, or wraps it incorrectly. Statistical analysis re-
vealed a significant effect of condition in both tasks: F'(2,22) =
5.68, p < 0.05 for Frames & Obstacles and F'(2,22) = 19.85,
p < 0.001 for Rubber Band. Pairwise comparisons showed that
in Frames & Obstacles, C3 significantly improved success rates
compared to C1, while C2 showed a slight but non-significant
improvement. In Rubber Band, C3 achieved the highest success
rates, with both C3 and C2 significantly outperforming C1. The
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larger improvement of C3 over C2 in this task underscores the
benefits of the proposed arbitration, which effectively balances
teleoperation transparency and autonomy confidence. While
C2 enhances performance through SA, its sole reliance on
autonomy confidence leads to higher variability. In contrast,
C3 consistently delivers robust improvements, particularly in
demanding scenarios, demonstrating its effectiveness across
tasks. An exploratory breakdown by delay level further suggests
that C3 maintains high success across different delays, showing
its robustness beyond the overall condition-wise results.

The NASA-TLX subjective ratings align closely with the
objective performance metrics, with participants reporting re-
duced workloads for C3 across both tasks. Fig. 11 illustrates
the individual NASA-TLX metrics and the overall RAW TLX
(RTLX) index for both tasks, along with pairwise statistical
comparisons. C3 showed significant reductions in workload
for most metrics compared to C1 in both tasks, with more
pronounced improvements over C2 in Rubber Band. Over-
all workload ratings were higher for Rubber Band, reflecting
greater perceived difficulty due to force and precision demands.
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The larger RTLX reduction with C3 in this task shows its
effectiveness in mitigating workload under challenging condi-
tions, highlighting the benefits of the proposed arbitration.

3) LfD-Based Full Autonomy Performance: The results in
Fig. 12 present the success rates of the robot’s full auton-
omy in both tasks, evaluated on both demonstration points and
novel test conditions. The autonomy was derived from the final
learning based on the five demonstrations performed under
each condition separately. For the Frames & Obstacles task,
ANOVA revealed a significant effect of condition (F'(2,22) =
7.79, p < 0.01), with C3 significantly outperforming C1. In
the Rubber Band task, the improvement was more pronounced
(F(2,22) = 24.32,p < 0.001), with C3 significantly exceeding
the success rates of both C1 and C2. These results demonstrate
how the enhancement of task performance with C3 translates
into more reliable autonomous behavior, particularly in complex
scenarios.

V. CONCLUSION

In this work, we addressed time delays in SA by integrating
delay-aware intent prediction, arbitration based on teleoper-
ation transparency and autonomy confidence, and passivity-
preserving control via three-port TDPA-ER. Our approach
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improved intent prediction by accounting for delayed feedback
to the human operator. While this work focuses on commu-
nication delay in intent prediction, future work could explore
whether incorporating human perceptual delays (e.g., visual,
haptic) improves prediction accuracy. Through experiments on
two tasks of varying complexity, we demonstrated the advan-
tages of the proposed arbitration in SA (C3) over direct tele-
operation (C1) and autonomy confidence-aware SA baseline
(C2). The results showed that C3 consistently outperformed
C1 and C2 with shorter completion times, higher success rates,
and lower NASA-TLX workload ratings. The benefits of C3
were particularly pronounced in the more challenging Rubber
Band task, where its ability to balance human input and au-
tonomy proved especially effective. While C2 improved over
C1 by leveraging autonomy confidence, its reliance on a single
parameter introduced greater variability. Performance gains in
C3 also translated to improved full autonomy capabilities. A
limitation of the three-port TDPA-ER is potential position drift
due to admittance causality, though this did not significantly
affect performance in our experiments. Future work will explore
drift compensation mechanisms such as [37], and evaluate the
proposed approach with time-varying delays to better reflect
real-world teleoperation scenarios.
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