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Abstract

Teleoperated manipulation enables robots to perform contact-rich tasks in unstructured or
hazardous environments, but operator performance is often limited by workload, imperfect
perception, and the need to make rapid decisions under uncertainty. This thesis investigates
whether nudging—subtle, choice-preserving guidance delivered through the interface—can
improve teleoperation performance without undermining the operator’s sense of control. We
present a VR-based teleoperation system that combines a first-person, head-coupled visual
interface with a 6-DoF haptic device rendering contact and assistance forces. On top of this
interface, we implement an adaptive recommender based on contextual bandits that selects
between informational nudges (e.g., task-relevant cues and recommendations) and dynamic
nudges that modulate continuous interaction parameters, such as workspace scaling, guidance
strength, and resistive haptic damping, to shape motion and contact behavior.

The approach is evaluated in a user study on two representative manipulation tasks: a toy
gearbox assembly and a contact-rich peg-in-hole insertion. Across assistance modes ranging
from manual operation to combined informational and dynamic nudging, we quantify efficiency,
interaction quality, and perceived workload using task time, success metrics, motion/force
statistics, and NASA-TLX. The results indicate that added guidance and information reduce
abrupt corrections and high interaction peaks while maintaining comparable nominal operating
speeds, and that perceived mental demand and frustration decrease as assistance is introduced.
The thesis discusses the trade-offs between improved smoothness and preserving operator agency,
and outlines limitations and future directions for learning personalized, context-aware assistance
in teleoperated manipulation.
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1 Introduction

Teleoperation is a critical technology in robotics, enabling human operators to control remote
systems in complex, unstructured, or hazardous environments. By combining human cognitive
skills with the robot’s physical capabilities, teleoperation is essential for tasks where full autonomy
is currently infeasible. However, teleoperation systems face fundamental challenges, including
communication latency, limited sensory feedback, and the high cognitive load placed on the
operator. These factors often lead to operator fatigue, reduced situational awareness, and
ultimately, a degradation of performance, reliability, and efficiency.

To address these limitations, shared control paradigms are employed to distribute control
authority between the human and an autonomous system. This thesis investigates a subtle yet
powerful strategy within shared control: informational nudging. Derived from decision theory,
nudging is the principle of steering human behavior toward safer or more optimal outcomes
without removing the operator’s fundamental freedom of choice.

The core contribution of this work is the design and validation of an Artificial Recommender
System that implements this nudging philosophy to provide optimal and controlled guidance
to the human operator during teleoperation tasks. The system is built upon a theoretical
foundation that models the operator’s behavior under the constraints of bounded rationality,
acknowledging that humans use heuristics and limited information rather than fully maximizing
expected utility, especially under pressure.

1.1 Research and System Design

The proposed system integrates a high-transparency teleoperation architecture, comprising a
Franka Emika Panda robotic arm, a sigma.7 haptic interface for tactile feedback, and a
VR-based user environment, connected via a dedicated, low-latency network.

The Nudging Recommender System utilizes a data-driven, adaptive framework based on the
contextual bandit algorithm, which offers robust, computationally feasible, and consistently
helpful recommendations. This approach overcomes the practical limitations identified in an
initial, highly-modeled Stackelberg-inspired formulation. The recommender infers operator
intent and translates its optimal policy into context-aware, personalized suggestions delivered
via dynamic nudges (modifying haptic feedback parameters) and informational nudges
(providing predictive or contextual cues).
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1.2 Experimental Validation and Findings

The effectiveness of this guided-assistance system is evaluated across two distinct manipulation
tasks: a sequential Gearbox assembly and a contact-rich and precision-critical Tactile
insertion task. By comparing performance across various feedback modes from Manual (visual-
only) to Full (comprehensive informational and dynamic nudging). The research rigorously
quantifies the system’s impact on operator behavior and performance.

Result analysis demonstrates that active assistance has a strong positive effect, particularly on
the precision-critical insertion task. Active feedback modes (Pure Info and Full) are shown
to substantially reduce contact forces, motion variability, and overall mental workload (TLX
scores), indicating a more controlled and stable operation compared to the high-load, low-control
characteristics of the Manual mode. Furthermore, information-based modes lead to the
shortest task completion times for the sequential gearbox task, validating the system’s ability to
drive operators toward a more efficient execution strategy.

1.3 Thesis Outline

The remainder of this thesis is structured as follows:

o Chapter 2: Background & State of the Art reviews teleoperation, shared control,
informational nudging, recommender systems, and models of human decision-making.

o Chapter 3: System Architecture details the distributed hardware and software
framework, including the operator interface and the remote robotic avatar system.

o Chapter 4: Nudging Recommender System presents the formal modeling and
implementation of the contextual bandit-based assistance system.

o Chapter 5: Experimental Methodology describes the tasks, feedback modes under
comparison, participant procedure, and evaluation metrics.

o Chapter 6: Results presents the quantitative data and analysis of the experimental
findings.

o Chapter 7: Discussion interprets the results and contextualizes the findings within the
broader field of shared autonomy and human-robot interaction.

o Chapter 8: Conclusion and Outlook summarizes the main achievements and suggests
directions for future research.



2 Background & State of the Art

2.1 Teleoperation and Shared Control

2.1.1 Foundations of Teleoperation

Teleoperation enables a human operator to remotely control a robot via a communication
channel, often using a master—slave architecture where operator commands are translated into
actuation signals for the robot, and sensory (e.g., visual, haptic) feedback is returned to the
operator. The operator’s cognitive skills and situational awareness are combined with the robot’s
physical capabilities — a key benefit for operating complex platforms in remote or hazardous
environments. This paradigm applies especially well to humanoid robotics, where full autonomy
remains challenging, and teleoperation retains a central role [12].

2.1.2 Challenges in Human—Robot Teleoperation

Despite progress, significant issues remain. Communication delay, limited bandwidth, and latency
can degrade feedback transparency, leading to instability or oscillatory operator corrections.
When feedback is restricted (e.g., visual-only), situational awareness becomes poor — particularly
in cluttered or dynamic environments. Operators must maintain high cognitive load: monitoring
feedback, planning motion, executing fine manipulations, and anticipating environmental changes
[33]. As a result, performance depends heavily on operator skill, experience, and mental state;
efficiency and reliability often degrade under stress, fatigue, or uncertainty.

2.1.3 Shared Control Paradigms

Shared control — or shared autonomy — seeks to alleviate the burden on operators by distributing
control between human input and autonomous assistance. In such frameworks, the system
arbitrates between human commands and robot autonomy, either blending inputs continuously
or handing over control for subtasks when the autonomous module has higher confidence.
Shared control reduces operator workload, improves stability, and makes complex tasks more
tractable for non-expert operators. Recent literature provides a systematic classification of
shared control strategies — including Semi-Autonomous Control (SAC), State-Guidance Shared
Control (SGSC), and State-Fusion Shared Control (SFSC) — summarizing their respective
trade-offs and open issues [30]. Also, implementations on redundant / whole-body robots have
demonstrated viable shared control for complex, multi-DoF platforms [10].
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2.1.4 Intelligent Assistance and Intent Prediction

Modern shared-autonomy systems increasingly include intent recognition and predictive assis-
tance: by inferring the operator’s likely goal or intended trajectory, the robot can proactively
offer support — for instance, by planning safe motion paths, rejecting hazardous commands, or
suggesting feasible alternatives. Probabilistic approaches (e.g., Bayesian filtering) have been
shown effective to infer user goals from non-verbal cues and contextual data in assistive teleop-
eration settings [22, 42]. More recently, supervised-learning methods developed for mobile-robot
teleoperation have demonstrated reliable online estimation of operator navigational goals in
remote inspection and exploration tasks [53]. Building on such intent inference, robotic assis-
tance becomes more anticipatory, adaptive, and personalized — enabling improved performance
especially when sensory feedback or operator experience is limited.

2.2 Informational Nudging and Recommender Systems

2.2.1 Nudging Theory in Human—Machine Interaction

“Nudging” refers to influencing human decisions by shaping how choices are presented — without
removing alternatives [29]. In human-machine systems, informational nudges can steer operator
behavior by altering framing, highlighting certain options, reordering choices, or emphasizing
recommended actions. This approach preserves operator autonomy but guides decisions toward
safer or more efficient outcomes — a potentially powerful tool in high-stakes or cognitively
demanding settings such as teleoperation.

2.2.2 Nudging in Robotics and Teleoperation

Though less explored than in consumer domains, recent work demonstrates robots employing
nudge-like strategies to influence human behavior. For example, a study on evacuation scenarios
found that robots using active “nudging” behavior (e.g., guiding users toward exits) resulted in
faster, more efficient evacuations compared to passive “waiting” robots — particularly when
users were unfamiliar with the environment [21]. This suggests that robots can shape human
decision-making via behavior or interface design. Translating such strategies to teleoperation,
informational nudges could be implemented via the control interface or haptic feedback — for
instance through visual emphasis, suggestions, or predictive cues — to reduce operator errors,
lower cognitive load, and promote safer or more efficient operator decisions.

2.2.3 Recommender Systems for Operator Support

Recommender systems [35] — common in domains like e-commerce or media — can be re-
purposed for teleoperation to provide context-aware, personalized suggestions: proposing feasible
goals, trajectories, grasp targets, or control modes based on current robot state, environment,
and inferred operator intent. A recommender module could rank candidate actions by predicted
success, safety, or operator suitability, then present them to the operator in prioritized order.
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Combined with nudging principles, such recommendations subtly steer operator behavior while
preserving control freedom.

2.2.4 Ethical and Control Considerations

Integrating nudges or recommender guidance into teleoperation raises ethical and practical
issues [27, 34, 43]. Excessive reliance on recommendations or overly directive nudges may reduce
situational awareness, erode operator authority, or foster automation over-trust. Conversely,
opaque recommendation logic or lack of transparency can lead to confusion or distrust. For safety-
critical tasks, it is essential that assistance remains optional, interpretable, and overrideable.
The design must emphasize transparency, user control, and adaptability — allowing operators
to ignore suggestions or disable nudging if desired.

2.3 Human Decision-Making Models

2.3.1 Classical Decision Models

The classical approach to decision-making treats agents as rational actors operating under
full information and unlimited cognitive resources. In this framework, individuals evaluate all
available alternatives, assess their outcomes, and select the option that maximizes expected
utility — effectively performing a cost—benefit analysis under uncertainty. The seminal work
formalizing this is the John von Neumann—Oskar Morgenstern utility theory, which proves that
if an agent’s preferences satisfy certain axioms, there exists a utility function and the agent
behaves optimally in the sense of maximizing expected utility [38]. Extensions to accommodate
subjective beliefs under uncertainty, such as the framework developed by Leonard J. Savage
(subjective expected utility), further formalize how agents might act rationally when probabilities
are not objectively known but represented by subjective beliefs [49]. This theoretical foundation
provides a normative baseline reflecting “ideal” or “optimal” operator behavior — useful when
designing autonomous modules or defining optimal action/policy in robotics under idealized
assumptions.

2.3.2 Bounded Rationality and Dual-Process Perspectives

In realistic settings — such as teleoperation — the assumptions of full information and unlimited
computation rarely hold. Humans face cognitive constraints: limited memory, processing
capacity, and time pressure. Herbert A. Simon argued that under such constraints agents adopt
simplified decision rules rather than exhaustively optimizing — a concept known as bounded
rationality [5]. Rather than maximizing utility over all alternatives, bounded-rational agents
may “satisfice” — selecting the first option that meets some satisfactory threshold [5]. Heuristic
decision-making (rules of thumb) emerges in these conditions: quick, low-cost mental shortcuts
that trade off optimality for speed and cognitive economy [17]. More recent work frames
these processes within a broader theoretical context, arguing that heuristics and procedural
rationality can outperform fully rational models under realistic ecological and computational
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constraints [14]. For teleoperation contexts — especially under time constraints, uncertainty,
limited sensory feedback, or high cognitive load — bounded rationality combined with heuristic
or dual-process thinking offers a more realistic model of operator decision behavior than classical
utility maximization.

2.3.3 Implications for Computational and Learning-Based Models

Given that neither perfect rationality nor fixed heuristics fully capture human behavior in
complex, dynamic environments, computational models often adopt probabilistic or learning-
based frameworks. For instance, operator decision making can be modeled as probabilistic
inference under uncertainty, where prior beliefs and sensory/contextual evidence combine to
inform likely decisions [42, 53]. Such models allow for uncertainty, adaptation, and variability,
aligning more closely with real human behavior under bounded rationality. Moreover, learning-
based paradigms (e.g., reinforcement learning, adaptive control) can capture how operators adapt
their decisions over repeated tasks — shifting heuristics, refining internal models, or improving
performance through feedback. These frameworks are particularly useful in teleoperation systems
where operators learn over time, and the system can adapt assistance or recommendation policies
to individual operators’ behavior patterns.

2.3.4 Modeling Operator Behavior in Teleoperation via Decision Theory

In teleoperation robotics, decision-theoretic models provide a principled basis for modeling oper-
ator behavior, anticipating choices, detecting suboptimal decisions (due to bounded rationality
or cognitive load), and offering contextual support. Probabilistic modeling of operator intent
can drive shared-control arbitration; recommender systems can suggest safer or more efficient
actions; nudging mechanisms can guide operators toward high-utility or low-risk choices — all
while acknowledging that operators may not, or cannot, perform full utility optimization. By
combining classical normative models (as an ideal benchmark) with bounded-rationality—based
descriptive models (as realistic behavior approximation) and computational inference models,
one can build a robust theoretical foundation for a teleoperation system that supports human
decision-making in a principled yet practical way.



3 System Architecture

3.1 Overview

The overall system is structured as a distributed teleoperation architecture with a clear separation
between a local operator interface and a remote robotic avatar. The operator side comprises
a VR-based visual and audio interface and a haptic device (Sigma 7) used for motion input
and force feedback. The remote side comprises a Franka Emika Panda arm with a gripper
and a pan—tilt unit carrying a stereo camera and microphones. Both sides are connected
over a dedicated wired local network using a lightweight UDP-based middle ware. A central
coordination process, running on the avatar PC, maintains global system state and mediates
between the devices and the recommendation system.

Figure 3.1 illustrates the main components and data flows. Each physical device (haptic interface,
arm, head/pan-tilt unit, avatar aggregation node) is implemented as an independent process
with its own state machine and real-time control loop. The central controller monitors the status
of all devices, manages state transitions, and serves as the integration point for perception,
task-level reasoning, and the recommender.

Local interface Robot-side system

Central Control Unit
ommandas @@ <
cammarse| | © i >
VR |nterface State machine | | Recommender Perception

- UDP ¢UDP lUDP
y@\ 1 I <«— [ Avatar Digital Twin

& Feedback B
", o | o, [ <
Haptic device \~ &

Figure 3.1: System overview and data flow. The operator interacts through a VR interface
(HMD and controller) and a sigma.7 haptic device. Commands are transmitted to
the robot-side system, where the central control unit coordinates the supervisor
state machine, recommender, and perception. The avatar executes arm and head
control and returns feedback to the operator. A digital twin mirrors the system
state for visualization and debugging.




3 System Architecture 8

3.1.1 Thread structure and execution rates

All device processes follow the same three-thread pattern:

» State thread (state handler): a low-frequency thread that executes the device’s internal
state machine. It runs at fyate = 100 Hz and is responsible for mode transitions (offline,
idle, standby, handshake, awaiting engagement, engaged, pause, home, error, stop). It
enforces local safety logic, reacts to high-level commands from the central controller, and
handles local fault conditions (e.g. loss of device communication, driver errors).

o Data thread (data handler): an intermediate-frequency thread that manages all incom-
ing and outgoing messages. It reads the latest packets from the UDP communication
layer, updates internal command variables, and publishes the current device state (poses,
wrenches, twists, gripper status, faults) to the network. The update frequency depends on
the device: for real-time controlled components such as the arm and haptic interface it is
configured up to 800 Hz, whereas purely supervisory nodes (e.g. avatar aggregation) can
run at lower rates.

« Control thread (control handler): a high-frequency thread that executes the actual
control law on the hardware, typically at feonror = 1 kHz. For the haptic device this
realizes Cartesian impedance and guidance force rendering; for the arm it implements
Cartesian impedance control with nullspace posture regulation; for the pan—tilt head it
drives the joint-level torque control. The control thread reads its setpoints and external
signals from shared memory updated by the data thread, using mutexes to avoid race
conditions.

This separation ensures that time-critical control loops remain deterministic and isolated from
network delays and higher-level logic, while the state and data threads handle mode management
and communication at lower computational cost. The choice of 100 Hz for the state thread is
sufficient to react quickly to safety events and user commands without overloading the CPU,
whereas the 1 kHz control loops satisfy the real-time requirements of haptic rendering and robot
torque control.

3.1.2 UDP communication layer

Inter-process communication relies on UDP sockets, with messages encoded using MsgPack
[36] to achieve compact, low-overhead binary serialization. Each device exposes one or more
communication objects responsible for transmitting and receiving a shared message structure
comprising the device type, current state, timestamp, and payload. The communication
subsystem employs dedicated send and receive threads operating at fixed frequencies (up to
800 Hz) to prevent blocking. Because teleoperation primarily depends on the most recent state
information, older packets are discarded to minimize latency [39]. In addition, the system
continuously monitors incoming traffic to detect whether messages are still being received or
whether communication has ceased, enabling timely identification of safety-related shutdowns.
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3.1.3 Central coordination and global state

Global system coordination is implemented in Python and runs on the avatar computer, co-
located with the robot and perception pipeline to minimize latency for the data-intensive streams.
The central node maintains a global system state s, € S (offline, idle, standby, handshake,
awaiting engagement, engaged, pause, home, stop) that is derived from the individual states
and connectivity of the operator interface, avatar node, and haptic device:

. operator _avatar _haptic operator avatar _haptic
St—fst ) Ot y Ot » Ct y Gt y Gt .

This logic is encapsulated in a dedicated state machine class running at 100 Hz, implementing
a finite-state machine over §. It enforces consistent transitions such as permitting idle —
standby/handshake only when operator and avatar ar connected, entering awaiting_engagement
only once the avatar is in the handshake pose, and reverting to idle/standby on user stop
requests or loss of connectivity of any critical component.

The central state is broadcast continuously to all devices. Each local state machine interprets
this as a command signal but retains authority to reject unsafe transitions (e.g., hardware faults)
and to enforce device-specific safety behavior. This hierarchical scheme ensures that no single
component failure or stale command can result in unsafe motion.

3.1.4 Integration of interface, avatar, and recommender

Within this architecture, the VR interface, haptic device, and avatar appear as peers coordinated
by the central controller:

» The operator interface (VR) publishes user inputs and head pose, and renders video,
audio, and HUD overlays driven by the central controller and the recommender.

e The haptic device streams handle pose and twist to the arm as control reference, and
receives end effector pose, twist and estimated contact wrench as feedback signals.

o The avatar node acts as a high-level coordination layer that wraps the arm and head
sub-components, handling their state changes, reacting to commands from the central
controller, and propagating device-level faults or status updates.

Beyond the state machine and the communication layer, both the recommendation system and the
perception module are integrated directly into the central control unit. This integration leverages
the unit’s complete access to the sensor state space, eliminating additional communication
delays and avoiding potential effects of packet loss. The subsequent sections detail the design of
the teleoperation interface, avatar control, perception pipeline, and recommender integration.

3.2 Teleoperation interface

The teleoperation interface is designed to make the remote robot avatar feel as natural and
transparent as possible to the operator. A central goal is to create a strong sense of embodiment,
allowing users—especially novices—to interact with the system without extensive training
[13, 50]. This is crucial for the present work, which investigates how informational nudging
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influences human decision-making; if the interface itself were difficult to use, usability issues
would overshadow any effect of the recommender.

To achieve this, the interface integrates three tightly coupled channels: a VR-based visual
interface providing a first-person view and head-coupled camera motion, a haptic interface that
renders contact and assistance forces, and an audio channel delivering environmental sound
and optional cues (Fig. 3.2). Their feedback is designed to be internally consistent and aligned
with the robot’s motion, ensuring that nudges from the recommendation system can be added
without disrupting the operator’s perception. The following subsections describe the visual and
haptic components in more detail.

HTC Vive Pro Eye |

HTC Vive
Handheld

-

Figure 3.2: Operator interface during a trial, showing the VR head-mounted display (visual
channel), the sigma.7 haptic device (force feedback and guidance), and the handheld
controller (UT interaction).

3.2.1 Visual interface

The visual interface is implemented using an HTC Vive headset connected to an Unreal
Engine 5.4 application written entirely in C++. A native C++ implementation avoids the
additional abstraction layers of Blueprint scripts and provides tighter control over timing,
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memory allocation, and integration with third-party modules. The VR application receives all
robot and recommender data through the same UDP-based communication framework as the
other devices and exposes a single VR Operator class responsible for state updates, Ul logic,
and user input.

The visual channel is designed to present a clear and unobtrusive representation of the robot’s
workspace, enabling operators to understand the scene quickly and act effectively. It renders a
first-person view (FPV) from the robot-mounted camera as the primary background, overlaid
with a head-locked HUD for system status and controls, and task-locked graphical elements
that highlight the current target or provide local guidance near the robot wrist.

Low-latency video streaming The main camera stream is transported using the Network
Device Interface (NDI) protocol over the wired local network and decoded directly inside Unreal.
NDI provides a compressed video stream with very low end-to-end delay, which is critical for
teleoperation comfort and stability in VR. Two camera types were evaluated: (i) a Kandao
8K VRI180 stereo camera, which can deliver a stereoscopic FPV stream, and (ii) an Intel
RealSense D455i depth camera used in monocular mode. While the Kandao camera offers higher
spatial resolution and the potential for stereoscopic rendering, the necessary conversion from
the camera’s internal codec to NDI, in combination with the higher pixel throughput, led to
increased GPU load and a significantly higher photon-to-eye latency on the target hardware.
The RealSense camera, by contrast, provides more modest frame sizes but can be streamed
directly as NDI, resulting in substantially lower latency and more stable frame rates. In the final
system, the monocular RealSense stream was therefore preferred as it offered a better overall
trade-off between image quality and teleoperation comfort.

Stereo layers and HUD design All interface elements are rendered via Unreal stereo layers
that are head-locked to the VR camera. In contrast to placing 3D widgets on a plane in the
scene, stereo layers bypass the standard rendering pipeline and are composited directly in the
HMD, which reduces perceived latency and eliminates small head-motion—induced jitter that
proved irritating in early prototypes. Although stereo layers are restricted to 2D textures, this
constraint is acceptable for the HUD and enables per-eye textures if stereoscopic overlays are
desired in future work.

The visual interface layout (Fig. 3.3) follows a clear semantic structure and separates information
into head-locked and world-locked elements.

Head-locked information comprises persistent, operator-centric data that must remain
continuously visible regardless of the user’s gaze direction. This category includes:

« A lower control bar providing interactive teleoperation widgets (start, engage, home, nudge,
clutch) as well as parameter adjustment elements for modifying control settings during
operation.

« Status and monitoring displays located in the upper and lateral regions of the HUD,
presenting global information such as end-effector height relative to the workspace, device
engagement states, remaining task time, gripper status, and radial gauges visualizing force,
torque, and speed.

World-locked information is spatially anchored to task-relevant objects in the environ-



3 System Architecture 12

ment—typically the robot arm or the target—and provides contextual cues for perception and
action:

o Alignment bars, angle needles, and similar geometric guidance elements.
o Bounding boxes, textual annotations, or proposed movement paths.

» Wrist-mounted indicators for local force/torque feedback, grasp suggestions, or height
cues.

This distinction reflects the functional difference between globally relevant system information
and local task-relevant cues. Head-locked elements convey information that is not tied to the
workspace but remains important throughout teleoperation (e.g., safety indicators, timing, global
state). In contrast, world-locked elements are placed directly within the operator’s attentional
focus. Human operators naturally fixate on the region of interaction, and under high cognitive
load tend to suppress peripheral visual content. To ensure that critical task-specific cues are
reliably perceived, they are spatially collocated with the end-effector or target. This design
leverages human attentional behavior to improve situational awareness and reduce cognitive
demands during manipulation.

HUD Interaction. User interaction with the HUD is performed via a VR cursor coupled to
the hand controller and a trigger button. The cursor motion is smoothed through temporal
filtering and constrained to the HUD canvas. Button activations are detected using axis-aligned
bounding-box (AABB) tests on the cursor’s layer-space coordinates. Upon activation, interface
widgets provide lightweight visual feedback (e.g., size or color modulation) as well as short
auditory confirmation cues. This interaction mechanism enables reliable selection of HUD
elements without diverting attention from the task space.

Point projection. To spatially align graphical overlays with real objects in the video stream,
the system uses a calibrated projective camera model. Known 3D poses of the camera, pan—
tilt unit, robot end-effector, and detected objects (e.g., via AprilTags) are first expressed in
the camera coordinate frame through standard rigid-body transformations. These points are
then projected into pixel coordinates using the camera’s intrinsic parameters and distortion
coefficients, obtained from a checkerboard calibration performed with OpenCV. This procedure
provides an accurate world-to-image mapping and enables precise placement of augmented
elements within the visual interface.

Digital twin view In addition to overlays in the camera image, the interface provides a compact
digital twin of the workspace. A simplified PyBullet [11] model of the robot and objects is
rendered on a small panel in the upper-right HUD region. The operator can toggle different
virtual viewpoints (first-person, bird’s-eye, frontal) via HUD buttons. During critical task
phases, such as tight insertions, the recommender can temporarily promote the digital twin
panel to a target-locked or wrist-locked position to provide a clearer geometric view; after a
short timeout it returns to its resting HUD position to avoid distraction.
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Figure 3.3: Operator view with layered visual augmentation. Screen-fixed controls are placed
at the lower edge, while persistent system state information remains visible along
the periphery. Task-relevant cues are overlaid directly in the workspace as world-
locked annotations, complemented by robot-locked reference frames attached to the
manipulator.

3.2.2 Audio interface

The audio interface complements the visual and haptic channels by reproducing the acoustic
scene of the remote workspace and by conveying additional cues. To approximate what an on-site
operator would hear, a Free Space Pro II binaural microphone is rigidly mounted behind the
camera on the pan—tilt unit. The two microphone channels are streamed over the local network
using the same NDI-based pipeline as for video and are rendered through the headphones of the
VR headset. This preserves basic spatial cues and head—camera synchrony, contributing to the
sense of presence.

In addition to this task-space audio, the Unreal application can play short sound effects
for confirmations, encouragements, and warnings. These are mapped to specific events (e.g.
successful grasp, timeout, force limit exceeded) and are kept brief to avoid masking environmental
sounds.

Finally, a text-to-speech module is available to provide spoken messages to the operator. This
channel is particularly useful for conveying discrete instructions or explanations (e.g. “the
selected part is not admissible”) without requiring the operator to divert gaze from the task or
interpret additional symbols on the HUD, thereby keeping the cognitive load of information
presentation low.
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3.2.3 Haptic interface

The haptic interface is realized with a Force Dimension Sigma 7 [15] device operated in gravity-
compensated mode, so that the controller only needs to generate interaction forces. Its main
purpose is to convey what the robot “feels” to the operator and to provide additional information
in fine-grained contact situations where visual feedback is limited by self-occlusion or camera
resolution.

The mapping between handle motion and robot motion is defined by an origin pose in the
handle frame. During operation, the current handle pose is measured, its deflection from the
origin is computed, and this deflection is mapped into the robot base frame via a fixed rigid
transform and a workspace scaling factor. The resulting SE(3) command is sent as the reference
pose for the Cartesian impedance controller of the arm. Conversely, the arm sends back its
current end-effector pose, twist, and an estimate of the external contact wrench, which are used
to render forces at the handle.

The total wrench rendered to the operator is composed of four conceptually distinct components:

1. Teleoperation impedance. A low-stiffness virtual coupling between the handle and the
end-effector pose (mapped into the Sigma 7 frame) creates a sense of inertia and pose
feedback and damps sudden movements. For passivity and stability, damping is applied
with respect to the measured handle velocity rather than the arm velocity. The stiffness
and damping of this coupling are tuned such that feedback is informative but does not
tire or overpower the operator.

2. Contact wrench feedback. The external wrench estimated at the robot end-effector is
transformed into the haptic device frame and rendered as a contact force component. This
is particularly important for the insertion task, where subtle changes in contact forces
and torques indicate misalignment. Rate limits and magnitude bounds on the rendered
wrench ensure stable and comfortable feedback.

3. Guidance (assistance) force. When the recommender provides a current target pose,
an additional virtual guidance field attracts the handle towards the corresponding position
and orientation. This guidance wrench is derived from a non-linear potential field that
smoothly increases with distance and orientation error and is scaled by a context-dependent
assistance gain. It reduces operator effort and helps to stabilize motion towards the intended
goal while preserving the ability to deviate or override the guidance.

4. Insertion nudging wrench. For high-precision insertions, an extra nudge component is
activated that depends only on the estimated contact wrench, not on the exact nominal
target pose. It analyses the dominant torque components during contact and generates a
corrective torque at the handle that tends to reduce these components, effectively steering
the end-effector towards a configuration with lower contact moments. Because this nudge
is purely force-based, it remains helpful even if the exact insertion position is uncertain or
slightly miscalibrated.

All components are summed to form a desired task-space wrench, which is then subject to rate
limiting and clamping to device-specific bounds before being applied at the handle. This ensures
passive, stable interaction and keeps forces within comfortable limits while still conveying rich
information about contact events, assistance, and insertion guidance to the operator.
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3.3 Robot Avatar System

The remote robot avatar is realized on an existing teleoperation platform available in the lab. It
consists of a Franka Emika Panda arm mounted on a vertical wall with a mounted two finger
gripper and a pan-tilt head unit carrying the main camera and binaural microphone. The arm
is positioned on the operator’s right-hand side beneath the head module, and a table in front
of the platform defines the main workspace for all tasks. This arrangement mimics a human
upper body: the camera and microphone approximately coincide with a head position above the
“shoulders”, while the arm reaches into the workspace in front of the torso. The pan—tilt unit
provides two rotational degrees of freedom so that the avatar can look left-right and up—down,
closely matching natural head movements.

Figure 3.4 shows the overall physical setup together with the world, robot-base, and camera
frames. A separate perception camera with calibration tags on the table is used to estimate
object poses in the workspace and to anchor task-specific coordinate frames. These calibrated
frames form the geometric backbone for the mappings used by the teleoperation interface,
perception, and recommender, and will be referred to throughout the remainder of this chapter.

3.3.1 Simulation environment

To support safe and rapid development, a physics-based simulation of the avatar platform was
implemented using the physics simulator MuJoCo [52]. The simulator reproduces the kinematic
layout of the real setup: a Franka Emika Panda arm and a model of the real pan—tilt unit are
mounted in the same configuration as on the physical platform, and the main camera is rigidly
attached to the virtual pan—tilt module.

The control software is written such that it can operate either on the real hardware or on
the simulator without modification. A custom franka::Robot wrapper forwards the same
Cartesian impedance control callback used on the real robot to the MuJoCo model, and exposes
compatible interfaces for reading the robot state, Jacobian, and mass matrix. At compile time,
a configuration flag selects whether the control loop connects to the physical robot drivers or to
the simulator running on the local PC. From the perspective of the higher-level architecture
(central controller, teleoperation interface, recommender), the simulated robot is therefore
indistinguishable from the real one.

This setup allows algorithms and control changes to be tested first in simulation, including contact-
rich interactions, without risking hardware damage. It also enables repeatable experiments and
debugging of corner cases while keeping the control structure and timing behavior as close as
possible to the real system, thus reducing the sim-to-real gap.

3.3.2 Arm control

The avatar arm is controlled in Cartesian space using an impedance control scheme with a
simple null-space controller for posture regulation. The choice of Cartesian impedance over
classical joint-space control is motivated by two considerations. First, it is computationally
lightweight and can be executed in a 1 kHz torque loop without pre-computing trajectories
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Figure 3.4: Experimental teleoperation setup showing the robot arm, end-effector, and task
workspace. Coordinate frames of the robot base, arm, and end-effector are indicated
for reference.

or solving optimization problems online. Second, it directly regulates end-effector motion in
task space, which is where the operator perceives and reasons about the task (positions and
orientations of the gripper relative to objects). In contrast, joint-space controllers operate on
individual joint angles; mapping operator commands to suitable joint trajectories would require
an additional inverse-kinematics and trajectory generation layer, and the resulting joint motion
is harder for the operator to interpret and predict from the visual feedback. Cartesian impedance
control also provides a convenient way to specify task-space compliance and contact behavior,
which are central in the present teleoperation setting [19].

Cartesian impedance Let x € SE(3) denote the current end-effector pose in task space
and x4 € SE(3) the desired pose generated from the teleoperation mapping. For control, we
work with a minimal 6D pose error e(z4,z) € R® obtained from the logarithm map on SE(3),
combining position and orientation error. The desired pose x4 is updated continuously from the
haptic handle via a fixed rigid transform and a workspace scaling factor. To avoid large torque
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transients when the reference changes significantly (e.g. at the start of a task or when switching
targets), a simple linear interpolation in task space is applied between the previous and new
reference pose, limited by a maximum admissible twist magnitude. Because these commands
are updated at high rate and Cartesian impedance is robust to moderate reference steps, no
explicit time-parameterized trajectory generation is required.

The Cartesian impedance law is defined as
Flask = K e(xq, ) + D<Zi?d - 55), (3.1)

where K, D € R5%6 are positive semi-definite stiffness and damping matrices, and #, @4 denote
the current and desired task-space velocities. In the present implementation, the desired twist is
set to zero, 4 = 0, so that the controller attempts to bring the end-effector to the desired pose
and then hold it there. This choice avoids “chasing” noisy or delayed command velocities from
the teleoperation channel and contributes to passive, stable behavior: the human moves the
handle to update x4, but once the handle is stationary the robot settles to a static equilibrium.

Stiffness and damping are chosen isotopically within translation and rotation,
K =diag(k)"I5, k'I;), D = diag(k}"I3, k¥'I3), (3.2)

with scalar gains k:g“, k;"t, Elin ket > 0. In free motion, this controller makes the end-effector
behave like a virtual mass—spring-damper system that tracks the desired pose with compliant
behavior, perceived by the operator as slightly damped but responsive arm motion. The gains

are tuned to balance tracking accuracy and compliance.

Given the robot Jacobian J(q) € R%*7 at the current joint configuration ¢, the corresponding
joint torques are

Trask = J(Q)TFtask- (33)
This command is combined with a model-based gravity compensation term 7y, (q) provided by
the robot model so that the impedance behavior is largely independent of the arm configuration.

Null-space posture control The operator does not directly command the redundant degrees
of freedom of the 7-DoF arm. Without additional regulation, the elbow could drift into
configurations that interfere with the environment or are visually confusing, even if the end-
effector tracks the desired pose correctly. To avoid this, a simple null-space controller is added
that keeps the arm close to a comfortable nominal posture ¢y while minimally influencing the
task-space behavior.

-1
Let N(q) =1 — J(q)T(J(q)J(q)T) J(q) denote a projector onto the null-space of the Jacobian.
A quadratic posture potential

1

Vaun(q) = 5((] — o) " Kunan(q — o) (3.4)
with a diagonal, anisotropic gain matrix K, >~ 0 yields the joint-space control law
Thull = _N(q)Knull(q - qO) (35>

The gains are chosen such that posture regulation primarily acts on shoulder and elbow joints,
while the wrist joints are weighted weakly. This keeps the global arm posture stable without
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noticeably constraining wrist and hand motion, which remain free and dexterous for task
execution.

The nominal posture ¢q is chosen such that the elbow remains roughly at the side of the torso
and does not intrude into the main workspace in front of the table. Because 1, is projected
into the nullspace of J(q), it does not generate forces in task space and therefore does not leak
into the end-effector behavior perceived by the operator.

Resulting control law and implementation The overall commanded joint torque is

T = Ttask + Toull + Tgrav(Q)a (36>

with additional saturation and rate limiting to enforce torque and velocity limits. The controller
is implemented in C++ using the libfranka [16] torque-control interface. A dedicated real-time
loop at 1 kHz evaluates the robot state, computes the Jacobian and model terms via the library’s
model API, updates the impedance and null-space torques, and sends the result to the robot.

In summary, Cartesian impedance control with null-space posture regulation provides a natural
and robust mapping from operator commands to avatar motion. It offers intuitive behavior in
task space and can be executed in real time without precomputed trajectories. At the same
time, its inherently compliant nature makes it well suited for contact-rich teleoperation and
stable haptic feedback, even under moderate modeling errors and variable user input.

3.3.3 Head control

The head of the avatar is realized as a two-DoF pan—tilt unit that follows the operator’s head
orientation. From the VR system, the yaw and pitch angles of the HMD are extracted and
mapped to desired pan and tilt angles for the head joints. A small constant offset in pitch is
applied so that the avatar naturally looks slightly downward, reducing the effort required from
the operator’s neck while maintaining an intuitive mapping.

Head motion is controlled in joint space using an impedance-like position controller. Let ¢ € R?
denote the current pan-tilt joint angles and ¢; € R? the desired angles derived from the HMD.
A simple path planner interpolates between the current and desired angles so that large changes
(e.g. at engagement or after a pause) are executed smoothly and bounded by a maximum angular
velocity. The torque command is given by

Thead = K(Qd - Q) - DQ7 (37>

where K, D € R?*? are diagonal stiffness and damping matrices, and ¢ is the calculated joint
velocity using forward Euler and small low-pass filter. The damping term uses the head’s own
joint velocities, which stabilizes the behavior even in the presence of communication jitter or
small delays in the HMD signal. Stiffness is adapted as a function of the tracking error to avoid
overly aggressive torques for large deviations. Joint angles and torques are limited, and pan
and tilt are constrained to lie within predefined bounds so that the head cannot move into
uncomfortable or unsafe configurations for the operator.

The head controller runs in a real-time torque loop at 1 kHz on the avatar PC, while a slower
data thread (at 200 Hz) exchanges the current joint angles and system state with the central
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controller and the VR interface. The camera and binaural microphone used for the visual and
audio interface are rigidly mounted on the tilt frame. As a result, changes in the operator’s head
orientation directly and with low latency cause corresponding rotations of the remote camera
and microphone. The same joint angles are used in the projection pipeline of the visual interface
to map world-space objects into image coordinates. This tight coupling between head motion,
visual perspective, and audio scene is essential for maintaining a strong sense of presence and
for avoiding motion sickness during teleoperation [9, 23, 26, 48, 54].

3.4 Perception and world representation

3.4.1 Object detection and tracking

To obtain object poses in the workspace, a dedicated overhead perception camera observes
AprilTags [41] attached to all relevant parts. In the current setup, a color camera (Intel
RealSense D435i) is mounted above the table and streams RGB images at 1280 x 720 px at
15 FPS. The frame rate is sufficient for the quasi-static object motions considered here and
keeps computational load moderate.

For each image, an AprilTag detector estimates the pose of all visible tags in the camera frame
using a calibrated pinhole model. A small set of larger reference tags are placed on the workspace
table, while smaller tags are attached to individual objects. The reference tags are used to
initialize and stabilize the workspace geometry; the remaining tags provide per-object poses.

To reduce jitter and spurious updates, the raw poses are low-pass filtered in position and
orientation, and changes below small thresholds are ignored. The perception module exposes, for
each tracked object ID, a homogeneous transform in SE(3) together with a timestamp, so that
the central controller and recommender can access object positions, orientations, and detection
freshness. This design allows the system to react to changes in object placement online without
relying on a fixed, pre-programmed arrangement and, in principle, extends to multiple cameras
if higher accuracy or coverage is required.

3.4.2 World frame, task frames, and calibration

All geometric quantities in the system are expressed relative to a common world frame {W}
defined on the table in front of the robot. The origin and axes of {W} are chosen once during
setup (in the present case near the front-right corner from the robot’s perspective) and then
kept fixed; their exact location is arbitrary as long as the choice is consistent.

The perception camera is related to {W} by a rigid transform obtained from an offline calibration
procedure. In practice, the pose of a designated reference tag on the calibration board is measured
in the world frame, and the camera-to-tag transform is recovered from images using standard
camera calibration and pose estimation [7, 56]. Composing these transforms yields the camera
pose in {WW} and allows all detected object tags to be converted into world-frame poses.

The robot base frame {B} is likewise linked to the world frame by a fixed transform determined
during installation. This enables straightforward conversion between end-effector poses from the
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arm controller and the object poses from perception. The head camera used for teleoperation is
mounted on the pan—tilt unit with a known transform relative to the joints; combining this with
the current head angles yields its pose in {W} and underpins the world-to-image projection
used for HUD overlays.

Task-specific frames, such as fixtures or assembly bases, are defined as additional rigid transforms
relative to {W} or to individual object tags. In summary, the perception and calibration pipeline
provides a consistent SE(3) representation of the workspace in a single world frame, so that
teleoperation control, visual overlays, and the recommendation system all operate on the same
geometric backbone.

3.5 Central coordination and communication

The central controller is responsible for coordinating all devices, managing the global system
state, and integrating the recommendation system. It runs on the avatar PC and interfaces
with the operator VR application, haptic interface and the avatar process via the UDP-based
communication infrastructure described in Section 3.1. Perception is implemented as a local
module on the same machine and is accessed directly via function calls. On top of this transport
layer, the central controller implements the distributed state-machine logic and the periodic
evaluation of nudging actions.

3.5.1 Distributed state machines

Each device (operator interface, haptic node, avatar/robot node) maintains its own local
state machine that encodes device-specific modes such as offline, idle, standby, handshake,
awaiting engagement, engaged, pause, home, and stop. These local machines enforce hardware-
and device-level safety constraints (e.g. watchdog timeouts, driver errors, emergency stop) and
ensure that a device enters a safe configuration if communication is lost. Local states and
connectivity flags are sent periodically to the central controller via the communication manager.

On the central side, a separate state machine aggregates the local information into a global
system state

s; € S = {offline, idle, standby, handshake, awvaiting_engagement, engaged, pause, home, stop},

which is updated at foee = 100 Hz in a dedicated thread. Denoting by s;7, 2", s the local
states of operator, avatar, and haptic device, and by ¢;?, ¢, ¢t € {0,1} their connectivity flags,
the central update can be viewed as a deterministic transition function

St = F<St—17 S?pv 8?v7 S?aa c?p7 Ctav7 0?3)7 (38>
implemented as a finite-state machine with explicit guards and illustrated in Fig. 3.5.

State semantics. For clarity, the supervisor states are interpreted as follows:

o offline: system not running and no device control active.
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Figure 3.5: Distributed teleoperation supervisor state machine. States are grouped into system-
ready (no operator authority), initialization, and operator-control phases. During
initialization, handshake aligns device reference frames and moves all components
to a consistent origin pose before entering awaiting engagement and enabling
engaged. A global stop state (always reachable) provides an immediate safety
override from any state.

e idle: system running and listening for start requests; no control output.
« standby: control loops active in a safe holding configuration; teleoperation not enabled.

» handshake: initialization that aligns device reference frames and moves devices to prede-
fined origin poses.

e awaiting engagement: all devices are in origin; the operator may engage teleoperation.
Deviations or dropouts return to standby or handshake.

» engaged: operator has authority and commands are executed.
o pause: teleoperation suspended while maintaining a safe hold; can resume to engaged.

» home: autonomous motion to a predefined safe home pose; transitions to awaiting_engagement
once reached.

o stop: global safety override that stops motion immediately and requires explicit reset
before returning to standby.

The resulting global state s; is continuously broadcast to all devices via the communication
manager, so that each local state machine can interpret it as a requested mode. Devices are
free to reject unsafe transitions, in which case the central state machine will settle back to a
compatible state on the next update. This hierarchical design separates responsibilities: local
state machines guarantee device-level safety and manage hardware interaction, while the central
state machine coordinates experiment flow and participant interaction at the system level.

3.5.2 Integration of the recommender

The recommendation system is integrated directly into the central controller. This component
runs in two background threads: one for evaluating potential nudges at a frequency of fiudge =



3 System Architecture 22

1 Hz and one for distributing active nudges and updating task-level logic at a higher frequency
faiss = 10 Hz. The teleoperation control loops on the devices are unaffected by these threads
and continue to run at their respective real-time rates.

At each execution step of the central controller, all incoming messages from the devices are
collected by the communication manager and stored in a shared data structure. This aggregated
state is passed to a nudge manager, which extracts a compact task state vector describing,
among others, the current end-effector pose in the world frame, the relative error to the current
target (if any), the handle wrench and twist, contact forces, grasp state, and intent-related
quantities such as the predicted next part and its admissibility.

The nudging logic is gated by the global system state and task mode. In particular, recommen-
dations are evaluated only during active task execution and are disabled in idle, standby, and
home modes. At each nudge evaluation step, the nudge manager:

1. updates the task coordinator and intent inference with the latest data, including object
detections and grasp state;

2. obtains the current target object and planned sequence from the planner;
3. constructs the context features required by the bandit-based recommender (Section ?7);

4. invokes the recommender to obtain sets of candidate dynamic nudges and informational
nudges.

Candidate nudges are translated into a set of active dynamic and informational actions with
associated time stamps and durations. A separate distribution thread manages the lifetime of
these actions, removes expired nudges, and converts the remaining ones into outgoing messages.
Dynamic nudges are encoded as parameter updates that are sent to the operator interface
and, via it, to the haptic controller. Informational nudges are converted into modality-specific
payloads and are transmitted to the VR interface.

Formally, the nudge manager implements a mapping

ay = mo(2),

where z; is the current task and context state extracted from the aggregated data, and a; is a
structured action consisting of dynamic and informational components. The parameters 6 of
7 are updated online by the bandit algorithm based on observed rewards, while the central
controller enforces safety and mode constraints by restricting when 7wy may be applied and by
clamping all dynamic parameters to pre-defined safe ranges.

By co-locating the recommender with the central controller, all necessary information (teleop-
eration state, perception, task progress, and user parameters) is available without additional
communication delays, and logging of context, actions, and outcomes for the user study can be
performed consistently. At the same time, the separation between the real-time control loops on
the devices and the slower, task-level recommender logic ensures that experimental nudging
strategies cannot compromise basic teleoperation stability.



4 Nudging Recommender System

The recommendation system constitutes as the core contribution of this thesis. Its purpose is to
influence a human operator’s decisions during teleoperation by providing targeted feedback and
assistance, while preserving the operator’s overall authority over the robot. Instead of taking
over control, the system aims to nudge the operator towards actions that are efficient, safe,
and consistent with the task structure. In this sense, the recommender acts as an additional
decision-making layer that observes the current situation, infers the operator’s intent, and selects
suitable informational and dynamic cues.

From a control perspective, the recommendation problem can be viewed as a mapping from a
context
Ty € X,

describing the current task state, robot state, and inferred operator intent, to a nudge
ay € A,

which modifies the feedback presented to the operator. The goal is to choose a; such that a task-
dependent performance criterion is improved in expectation, while constraints on transparency,
user comfort, and interface limitations are respected. Formally, the recommender should
maximize an expected cumulative reward

E

Zr(xtaat)la

t=0

under the dynamics induced by the human-robot interaction and the teleoperation setup. The
central design challenge is that the human component of these dynamics is only partially known,
time-varying, and influenced by cognitive factors that are difficult to model explicitly.

The development of the recommendation system in this work followed two steps. In a first
stage, a mathematically more elegant Stackelberg-style approach was implemented, in which the
recommender acts as a leader that anticipates the response of a modeled human follower. The
follower was represented by a stochastic optimal control model with belief dynamics, allowing
the leader to compute nudges that are optimal with respect to a specified cost function. While
this formulation is theoretically appealing and was realized in a full implementation, it proved
difficult to align with actual operator goals, interface constraints, and the variability of human
behavior.

In a second stage, these insights motivated a more pragmatic formulation based on contextual
bandits. The final recommendation system decomposes the problem into two coupled components:
a dynamic assistance bandit that adapts haptic and dynamic parameters of the teleoperation
interface, and an informational bandit that selects visual and other feedback cues. Both bandits
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operate on a context that includes inferred operator intent, task progress, and measurements
from the teleoperation system, and they learn or exploit policies that are directly tied to observed
task performance.

This chapter introduces the recommendation system in detail. First, the original Stackelberg-
inspired formulation and its limitations are discussed, in order to clarify the modelling as-
sumptions and the reasons for moving towards a data-driven approach. Subsequently, the
contextual bandit formulation is presented, including the separation into dynamic and informa-
tional nudging, the construction of the context and action spaces, and the decision logic used in
the experiments. Finally, the integration of the recommender with the teleoperation system,
the intent inference, and the task-level planner is described.

4.1 Original Stackelberg Concept

In the initial design of the recommendation system, the operator and the teleoperation channel
were modelled explicitly as a stochastic optimal control problem of LQG type. The recommender
acted as a leader that selects feedback and assistance parameters, while the human operator
was represented by a follower controller that optimizes a task-dependent cost based on a noisy
internal belief of the state. This section first introduces the Stackelberg formulation and then
details the follower and leader models used in this framework.

4.1.1 Stackelberg formulation

The overall interaction between recommender and operator is naturally described by a hierar-
chical, or leader—follower, structure. The recommender has access to task-level information (e.g.
sensor data, admissible next parts, optimal assembly sequences, safety constraints) and can
modify interface and assistance parameters, but it does not directly command robot motion. The
human operator, in contrast, continuously controls the teleoperation handle and thus the robot
motion, but only observes the state through the rendered visual, audio and haptic feedback.
This asymmetry motivates a Stackelberg formulation: the recommender (leader) chooses a
nudging strategy, anticipating the reaction of a modelled human follower, while the follower
optimizes its own objective given the provided information and dynamics.

Let 6, € © denote the vector of parameters chosen by the recommender at time ¢. These
parameters include, for example, stiffness and damping values of guidance fields, gains for
resistive or assistive forces, and switches that enable or disable certain information cues in the
user interface. For a given parameter trajectory 0o.r = (6o, . .., 07), the follower applies a control
sequence ug.r by solving a stochastic optimal control problem of LQG type based on its internal
belief over the state. Denoting by Ji(xg, Oo.7, ug.r) the follower cost functional and by D the
teleoperation dynamics (including the EKF belief update), the follower’s best response is

US:T(QO:T) c arg 15(1)1;1 Jf(l‘o, eo;T, UO:T) S.t. (l’t, bt) - D(ZL’t_l, bt—la Ut—1, et_1>, (41)

where x; denotes the true teleoperation state and b; the follower belief.

The recommender anticipates this best response and chooses 0.7 to optimize its own objective
J1, which reflects task performance and additional design preferences such as smoothness, safety
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margins, and limits on information load. In an idealized infinite-horizon setting, the leader
problem can be written as the bilevel optimization

HS:T € arg eojféi@nTJrl Jl (l’o, 00:T7 US:T(QOIT))7 (42)
subject to the follower optimality condition (4.1) and additional constraints on 6, such as
bounds on assistance gains and budgets for informational cues. This Stackelberg formulation
formalizes the idea that the recommender does not directly override human control, but rather
selects parameters of the feedback and assistance channels while anticipating how a rational
follower, modelled here as an LQG controller, will react.

In the present work, this bi-level problem is not solved in closed form. Instead, it is approximated
in a receding-horizon fashion: at discrete decision times separated by a nudging interval At,ygge
the recommender treats the current state and belief as initial condition, simulates the follower
model forward under a set of candidate parameter choices, and selects the parameter update
that yields the largest predicted improvement in its objective over a finite horizon.

4.1.2 Follower model

The follower model specifies how the operator is assumed to behave for a given parameter
trajectory 0p.r. It consists of three components: a dynamic model of the coupled teleoperation
system, a belief estimator based on an extended Kalman filter (EKF), and a phase-dependent
LQG controller that maps beliefs to control wrenches.

Teleoperation dynamics

The teleoperation system can be approximated by two coupled spring—damper systems. The
operator interacts with the handle of the haptic device, which is modeled as a compliant interface.
The robot arm is controlled by a Cartesian impedance controller which realizes another virtual
spring—damper system at the end-effector. Both systems are coupled via a virtual spring and
damper that transmit motion and force through the communication channel, which is subject
to latency.

Let x5, € R™ denote the pose of the haptic handle in its local frame, and x, € R" the pose of
the robot end-effector in the robot base frame. A fixed transformation Ty maps handle poses
into the base frame of the robot,

If'md = f(TBH7 I‘h)a
cmd

where ™ is the commanded end-effector pose for the impedance controller. In the real system,
M4 is transmitted via UDP and subject to a communication delay 7. > 0. Similarly, the
measured robot pose x, is sent back as a feedback signal to the haptic device side with delay.

On the device side, the handle dynamics are modeled as
Myin + Dpiy + Kp(rn — 2,) = up, (4.3)

where My, Dy, Kj denote the positive semi-definite inertia, damping, and stiffness matrices of
the haptic device, z, is the virtual coupling state, and uy, is the control wrench exerted by the
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human on the handle. The damping term D1, is applied against the actual handle velocity,
rather than a commanded velocity, as in the real implementation for stability reasons.

On the robot side, the Cartesian impedance controller is modeled as

M, i, + Dy, + K. (z, — 25™9) = 0, (4.4)

T

with M,, D,, K, denoting the apparent inertia, damping, and stiffness of the impedance behavior.
The commanded pose ™4 tracks the delayed handle pose, i.e.,

w™(t) = f(Tpm, wn(t — 7c)).

The force rendered to the operator is computed from the virtual coupling between x;, and the
delayed robot pose xz,(t — 7.), using the same spring-damper structure as in the real system.
This yields a bidirectional coupling where the human wrench wu;, excites the coupled system and
the device renders the reaction forces corresponding to the remote environment.

Equations (4.3) and (4.4) can be combined into a state-space model

Tep1 = fo(xe, ue) + w, (4.5)

where z, stacks handle and robot states (positions and velocities), u; represents the human input,
and w; is process noise capturing modeling errors, unmodeled dynamics, and communication
jitter.

Noisy observations and belief estimation

The human operator does not have direct access to the full state x;. Instead, they perceive the
system through visual, haptic, and auditory feedback. In the model, this is represented by a
noisy observation process

yr = h(xy) + vy, (4.6)

where y; collects visual measurements (end-effector pose in the rendered view, distances to
objects, contact state) and haptic measurements (forces felt at the handle), and v, is observation
noise.

Different feedback channels are affected by different noise levels. For instance, visual distance
estimates to task-relevant objects become more reliable close to contact but are coarse when the
end-effector is far away. Haptic measurements are accurate when the handle is in contact with
stiff surfaces but less informative in free space. To capture these effects, the observation model
h(-) and the covariance of v; are made context-dependent.

The operator’s internal knowledge about the state is described by a belief

by = (,me 2t>>

consisting of a mean p; and covariance ¥; over x;. Under the above modeling assumptions, the
belief dynamics are approximated by an extended Kalman filter. Given the previous belief b; 1,
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the applied input u;_;, and the new observation y;, the EKF prediction and update steps yield

Hjt—1 = fx(,utfla uz%l); (4-7>
Yitji-1 = A 1Al +Qy (4.8)
e = feji—1 + KK <yt - h(ﬂﬂtfl))a (4.9)
Y= (] - KtCt)Zt\tfla (4~10)

where A, and C; denote the Jacobians of f, and h at j,_; and py—1, Q¢ is the process noise
covariance, and K, is the Kalman gain. The covariance ¥J; describes the operator’s uncertainty
about the state and plays a central role in how informational nudges are modeled.

Conceptually, the recommendation system can influence the observation model and thus the
belief state. For example, providing an explicit numerical distance to a target object corresponds
to a highly informative observation of that distance component, which reduces its variance and
corrects the mean. If this information is no longer displayed, the uncertainty about the distance
increases again over time through the prediction step. In the LQG follower model described
below, the control law operates on the belief (1, >;), such that changes in information directly
influence the predicted behavior.

Phase-dependent LQG follower

Human behavior during a teleoperated task is not stationary. Different phases of the task, such
as approaching an object, aligning for insertion, or retracting, are associated with different
priorities and strategies. To capture this, the follower controller is modeled as a phase-dependent
LQG regulator.

Let p, € P denote a discrete phase variable, e.g. p; € {approach, align, grasp, ... }. The phase
is inferred from task progress and contact-related features using a hidden semi-Markov model
(HSMM) [40, 46]. The HSMM is trained on demonstration data to capture typical temporal
patterns and dwell times of the different phases, and provides at runtime both a most likely
phase label p; and its associated confidence. For each phase p € P, a quadratic cost

[e.9]

Ty =B ((zr — 25) Qplwr — 2) + ul Ryuy) (4.11)

k=0

is defined, where ' is a phase-dependent reference (e.g. target pose, desired alignment), and

Q)p, R, are positive semi-definite and positive definite weight matrices, respectively. In early
phases such as approach, (), penalizes coarse deviations from the target and emphasizes speed,
while in alignment and insertion phases, position and orientation accuracy are weighted more
strongly and control effort is penalized to encourage smooth, precise motion.

Assuming local linearization of the dynamics (4.5) around p; and Gaussian noise, the optimal
control law in each phase is given by an LQG controller that combines the EKF with a linear
state feedback

u = —K, u, (4.12)
where K, is obtained by solving the corresponding algebraic Riccati equation for phase p. In
practice, the gain can also be made uncertainty-aware by scaling it as a function of ¥;, reducing
the control aggressiveness when the belief is very uncertain.
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In addition to the basic LQG structure, the follower model includes guidance forces that attract
the end-effector towards the current task target, as well as resistive forces that discourage
unsafe or undesirable motions. The corresponding parameters (e.g. stiffness and damping of
the guidance field, scaling factors for assistance and inertia rendering) appear explicitly in the
dynamics and cost matrices and are treated as tunable quantities.

4.1.3 Leader model and Bayesian persuasion perspective

The leader problem (4.2) has two distinct levers: (i) dynamic assistance parameters that directly
affect the teleoperation dynamics and the follower cost, and (ii) informational parameters that
affect the observation model and thus the follower belief. The latter can be interpreted through
the lens of Bayesian persuasion. In classical Bayesian persuasion, a principal commits to an
information structure—a mapping from states to signals—in order to influence the posterior
beliefs and actions of a Bayesian agent in a way that improves the principal’s utility. In the
present setting, the recommender plays the role of the principal, the human operator the role of
the agent, and the EKF provides a lightweight Gaussian approximation of the belief update.

Concretely, let by = (1, 2;) denote the current belief state and let ¢; € ® parametrize the
information provided at time ¢ through the interface. Examples of ¢; include showing or hiding
a numerical distance to a target, highlighting an object, or providing an alignment indicator.
Given a choice of ¢;, the observation model and noise covariance in (4.6) are modified, which
in turn changes the EKF update and the evolution of ¥;. For instance, displaying an exact
distance measurement corresponds to injecting an artificial observation with small variance
in the corresponding component, reducing the associated uncertainty. If this information is
suppressed, the EKF prediction step causes the variance to increase again over time. Because the
follower’s LQG control law operates on (u, %), these changes in information directly influence
the predicted control actions.

From the leader’s perspective, the pair (6;, ¢;) constitutes an action that jointly specifies dynamic
and informational nudges. At each decision time, the recommender evaluates a discrete set
of candidate actions { (¢, ¢1)}¥ . For each candidate, it simulates the follower dynamics and
belief evolution over a finite horizon H using the LQG follower model and the corresponding
observation model, obtaining a predicted trajectory {zi,,,bi .}, and an associated leader
cost

H
T =3 (s Vi 01 01 (4.13)
k=0

with discount factor v € (0,1) and a stage cost £ that penalizes, for example, task error, high
forces, and large belief variance in task-relevant directions, as well as the use of strong assistance
or cognitively demanding information. The leader then selects the action with minimal predicted
cost,

(0F,07) € arg__ mnin gt (4.14)

provided that the predicted improvement over a baseline action exceeds a minimum threshold
and that budget constraints on assistance and information are respected.

The Gaussian structure of the follower model and the EKF belief update is essential here: it
keeps the simulation of belief dynamics tractable and allows the leader to approximate the effect
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Figure 4.1: Conceptual overview of the Stackelberg-style recommender. The human follower
is modelled as an LQG controller acting on an EKF belief of the teleoperation
dynamics. The recommender modifies both dynamic parameters and the information
presented to the operator, thereby influencing the belief state and the resulting
control actions.

of different informational choices ¢; in a lightweight way. While this realization of Bayesian
persuasion is still strongly idealized compared to real human cognition, it provides a principled
starting point for modeling how targeted information could be used to shape operator beliefs
and, through the LQG follower, their control actions in a Stackelberg framework.

A schematic overview of this interaction, indicating where the recommender injects parameter
changes and information into the dynamics and the EKF, is provided in Fig. 4.1.

4.2 Practical limitations of the Stackelberg approach

The Stackelberg formulation provides a mathematically clean description of the interaction
between recommender and operator, and the implemented LQG follower reproduces qualitative
aspects of operator behaviour in teleoperation. Nevertheless, pilot experiments and simulations
revealed substantial discrepancies between the predicted effects of nudges and the actual reactions
of human operators. These discrepancies ultimately rendered the approach impractical for the
present setting.

A first limitation is the modeling error in the human reaction to nudges. The follower model
assumes that the operator behaves as an uncertainty-aware LQG controller acting on the EKF
belief. While this approximation captures gross features of the motion—such as approaching a
target along approximately straight paths and slowing down near contact—it does not accurately
reproduce how real operators change their behavior in response to specific changes in information
or assistance parameters. In the model, a small modification of the observation noise or a
guidance gain leads to a well-defined and smooth change in the optimal control law. In practice,
operators often ignore subtle changes, overreact to others, or adapt over time in a way that is
not captured by the fixed LQG structure. As a consequence, the predicted benefit of a nudge
under the follower model does not reliably reflect its actual effect on human behavior.

A second limitation is a misalignment between what is mathematically beneficial in the LQG
sense and what is perceived as helpful by the operator. In the implemented leader cost, reducing
belief variance in task-relevant directions is attractive, since it tightens the predicted state
distribution and improves the optimal control performance. This leads the recommender to
select informational nudges in situations where the belief variance is large, even if the operator is
still far away from the target and does not yet rely on precise numerical information. Conversely,
in phases where the operator actually cares about fine accuracy, the model variance may already
be small, such that the marginal mathematical benefit of additional information is low and
the corresponding nudge is not selected. This illustrates a more general issue: the LQG-based
objective prioritizes quantities that are convenient to optimize (state deviations and covariances),
but these are only imperfect proxies for perceived usefulness, mental workload, or trust.
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A third limitation concerns the modeling of different types of nudges and modalities. In the
Stackelberg formulation, dynamic and informational nudges enter the model as parameter
changes in the dynamics, cost, or observation equations. Distinguishing between modalities
(visual, haptic, audio), encoding their different saliencies and cognitive costs, and representing
complex cues such as warnings versus continuous indicators requires many additional parameters.
These parameters are difficult to identify quantitatively and interact in non-trivial ways with
the EKF and LQG components. In practice, this high degree of parameterization made it hard
to translate between the abstract mathematical representation of an information structure and
the concrete feedback rendered in the interface, leading to nudging policies that were difficult to
interpret and tune.

Finally, the follower model implicitly assumes that any information presented to the operator is
perceived, correctly interpreted, and integrated into their belief at the time it is displayed. From
a modeling perspective this is reasonable, as it preserves the Markov property and allows the
EKF to serve as a proxy for the human belief. However, it neglects important aspects of human
cognition, such as limited attention, variability in processing speed, and differences between
operators in how they interpret specific cues. In reality, feedback that is mathematically optimal
according to the model may be overlooked, misunderstood, or arrive at an inopportune moment
in the operator’s own decision process. These effects introduce an additional, hard-to-model gap
between the idealized Bayesian persuasion perspective and the behavior observed in practice.

In combination, these limitations imply that the Stackelberg approach, although fully imple-
mented and computationally feasible at the chosen nudging rate, did not yield robust and
consistently helpful recommendations in the teleoperation tasks considered here. The strong
dependence on modeling assumptions, the difficulty of aligning mathematical objectives with
perceived usefulness, and the gap between idealized information processing and real human
cognition motivated a transition to a more data-driven and engineering-oriented design, which
is introduced in the following section.

4.3 Contextual bandit-based recommender

Motivated by the practical limitations of the Stackelberg formulation discussed above, the final
recommendation system adopts a more pragmatic, data-driven design. Instead of optimizing
nudges with respect to a detailed parametric model of the human, it learns and exploits simpler
input—output relationships between observable task context and the usefulness of different
feedback configurations. This is formalized as a contextual bandit problem, in which the
recommender repeatedly observes a context summarizing the current situation and selects
nudges with the aim of maximizing task-related reward.

4.3.1 Overview and problem formulation

At a high level, the recommendation system is decomposed into four components:

1. an intent inference module that estimates which object or sub-task the operator is currently
targeting using object detections and end-effector motion;
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2. a sequence planner that computes an efficient assembly plan and identifies admissible and
optimal next parts;

3. a task coordinator that combines intent and plan information, tracks task progress, and
determines when and how to intervene;

4. a recommender that selects dynamic and informational nudges based on a contextual
bandit formulation.

The first three modules provide structured, task-level information that is independent of the
specific learning algorithm and could in principle be reused by different recommenders. The
contextual bandit layer then maps this structured context to concrete parameter and interface
changes.

Nudging decisions are made at discrete decision times t € {0, Atyudge, 2Atnudge, - - - }, Which are
slow compared to the underlying teleoperation and control loops. At each such time, the system
constructs a context vector

r € X, (4.15)

that encodes relevant information about

o the task state (current phase, which parts have already been placed, admissible next parts,
distance to targets);

o the robot and interaction state (end-effector pose and velocity, contact forces and torques,
workspace margins);

o the operator intent (most likely target object, associated probability, entropy of the intent
distribution);

o the interface state (currently active nudges, remaining budgets and cool-downs for different
modalities).

Based on this context, the recommender chooses a pair of actions
ai™ € Ab g g AP (4.16)

where A% is a finite set of dynamic parameter configurations (e.g. combinations of guidance
strength, damping levels, workspace scaling), and A™® is a finite set of informational cues (e.g.
object highlights, distance indicators, warnings, alignment hints). The dynamic action a?yn is
realized by updating the corresponding parameters of the haptic and robot controllers, while
the informational action a™® is realized by updating the head-up display and other interface
elements.

The effect of these actions on task performance is not known a priori and depends on the
operator. Instead of modeling this dependence explicitly, the system treats it as an unknown
reward function. For the dynamic channel, a scalar reward

rfyn = (g, afyn) (4.17)

is defined over short episodes following a decision, combining measures such as progress towards
the target, smoothness of motion, and effort (e.g. integrated handle force). For the informational
channel, a reward

T]itnfo — Tinfo(xt7 a;ltnfo) (418)
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reflects task-level effects of cues and warnings, such as avoiding inadmissible actions, reducing
unnecessary detours, or preventing high contact forces.

This leads to two separate contextual bandit problems. For the dynamic assistance,

E dyn 4. adm = gbm 4.
max E| 3 ] st aP" =1z, (4.19)
and for the informational nudges,
max E Zrinﬁ’] st a = 7(g,), (4.20)
7-[-11'1 (o] t
where 7% and 7™ denote policies that map contexts to actions. The expectation is taken over

the stochastic evolution of the human—robot system and, in learning mode, over any exploration
in the policies themselves.

In this work, both problems are solved using linear contextual bandits with Thompson sampling.
For each action, a linear model of the expected reward as a function of the context is maintained,
together with a Bayesian posterior over its parameters. At decision time, a parameter sample is
drawn from the posterior, the corresponding expected reward is evaluated for all admissible
actions, and the action with highest sampled value is selected. This balances exploitation of
actions that are known to work well with exploration of less well-understood settings, while
remaining computationally lightweight. Importantly, the dynamic and informational bandits are
trained and operated separately, reflecting their different action spaces and reward structures,
but they share the same underlying context x; provided by the intent inference, planner, and
coordinator.

4.3.2 Intent inference, sequence planning, and task coordination

The contextual bandit does not operate directly on raw sensor data, but on a structured context
that already encodes hypotheses about operator intent and task structure. This structure is
provided by three components: an intent inference module, a sequence planner, and a task
coordinator that combines both and exposes a consistent target state to the recommender.

Intent inference

The intent inference module estimates which object the operator is currently targeting based on
object detections and end-effector motion. Let O = {1,..., K} denote the set of candidate parts
in the workspace, and let o, € O be the (unobserved) index of the part the operator intends to
pick at time ¢. The inference maintains a discrete belief

m € AT m:(k) = IP(o; = k | observations up to time ¢),

where AK~! denotes the (K — 1)-simplex.

At each time step, the module receives the current end-effector position z°, velocity vy, and the
estimated positions xgk) of all detected parts k € O from the AprilTag-based perception system.
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For each candidate k, an observation likelihood L;(k) is computed from geometric features such
as the distance ||z — P || and the alignment between the motion direction v$® and the vector
pointing towards the part. Parts that are close to the end-effector and approximately in the
current motion direction obtain higher likelihood values.

RKXK

Temporal consistency is encoded through a transition matrix 7' € with entries

Tij =P(og1 = j | or = 1),

constructed either as a uniform switching model or as a sequential model that favours staying
with the current part and moving to the next one in a predefined order. The belief is then
updated by a standard Bayesian filter

Tg41

—_— . 4.21
() 2

7Tt+1( Lt+1 Z TzﬂTt T4l =

The most likely target part at time ¢ is given by
0y = arg max m(k),

and its associated confidence is 7(6;). Uncertainty about the intent is quantified by the Shannon

entropy
K

H(ﬂ't) = — Z Wt(k) log Wt(k).
k=1
Both 6, and H(m;) are exposed to the higher-level modules and to the contextual bandit. In
particular, low entropy and high confidence indicate that the operator is strongly committed
to a specific part, whereas high entropy indicates that they are still undecided or switching
between alternatives.

Sequence planner

The sequence planner provides a normative reference for an efficient assembly sequence. For the
gearbox assembly task, precedence constraints between parts are given (e.g. certain shafts must
be placed before their covers), and each part k € O has a known pick pose PP and place pose
PP in a common world frame. Given the current end-effector pose z°° and the set of already

placed parts S C O, the planner considers as admissible next parts the set

Aaam(S) = {k € O\ S | all predecessors of k are in S}.

To approximate path efficiency, a step cost is defined for picking and placing a single part k

from a current pose x,
c(x, k) = [l = o) + lpF = pp™ I, (4.22)

where || - || denotes the Euclidean distance in Cartesian space. This cost approximates the path
length of moving from the current pose to the pick position and then to the place position.
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Given an initial pose z¢ and an initial set of placed parts Sy, the planner computes a sequence

= (k1,...,km) of the remaining parts that minimizes the cumulative cost
m
Jseq Zo, So, ZC I'J 1, (423)
7=1

subject to k; € Aaam(S;-1) and the update rules
;=8 U{ksy, = pl.

This optimization is solved by dynamic programming with memorization over the discrete
state (5, ), reusing previously computed subproblems. The resulting sequence ¢* provides an
approximate shortest path assembly plan that respects the precedence constraints.

In addition to producing a current recommended next part k* € A,qm(S), the planner exposes
several query functions:

o Admissibility: whether a candidate part k is admissible given S.
o Sequence cost: the total cost Jseq(xo, So, o) for an arbitrary candidate sequence o.
o Marginal cost: the cost if a particular part is chosen first, c¢(zg, k) + future cost.

The latter is used to quantify the difference between the currently optimal sequence and an
alternative sequence consistent with the operator’s intent, enabling explicit reasoning about
how suboptimal a preferred human choice would be in terms of path length.

Task coordination

The task coordinator links the intent inference and the sequence planner and provides a consistent
target description and warnings to the recommender and user interface. It maintains the current
grasp state (e.g. pick vs. place), the set of placed parts, and the active target pose for the robot.

At each update, the coordinator receives:
o the belief m; and its entropy H(m;) from the intent inference;

o the set of admissible next parts A,qm(S;), the planner’s recommended next part kf, and
sequence cost information from the sequence planner;

o the current object poses and the end-effector pose from the perception and teleoperation
system.

It then performs the following steps:

1. Target selection. A preliminary target part is chosen based on the inferred intent 6, and the
planner’s recommendation k;. To avoid rapid switching, a dwell time mechanism is used:
the active target is only updated if a new candidate remains dominant for a minimum
time interval. The target’s position and orientation are taken from the corresponding
object poses.

2. Admissibility and warning generation. If the intent belief is confident (low entropy and
high 7,(6;)) and the inferred target 6, is not admissible, the coordinator flags a hard
warning indicating that the desired part cannot be placed at this time (e.g. due to missing
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predecessors). If 6, is admissible but differs from &}, the coordinator queries the sequence
planner for the cost difference between following the optimal plan and following the
operator’s preferred choice. If this difference exceeds a threshold, a soft suggestion can be
issued to highlight the planner’s recommended part and explain that it would lead to a
shorter overall path.

3. State update. When the system detects that a part has been successfully placed (e.g. via
dedicated state flags or perception), the coordinator updates the placed set S; and triggers
a re-planning step in the sequence planner. For insertion tasks, a similar mechanism is
used to update the next insertion target based on the current state.

The outputs of the coordinator are (i) the current target pose and identifier, (ii) an admissibility
flag for the inferred intent, (iii) optional warning or suggestion objects including the part
name and pose, and (iv) measures of plan sub-optimality (e.g. cost difference between plans).
These signals are integrated into the contextual feature vector x; and provide the basis for
higher-level informational nudges (such as highlighting inadmissible parts or recommending
more efficient alternatives) and for the dynamic assistance bandit (through the target pose and
phase information). This design separates task-level reasoning from the learning algorithm and
ensures that the bandit operates on semantically meaningful context features rather than raw
sensor measurements.

4.3.3 Linear contextual bandit with Thompson sampling

The design goal for the recommender is to adapt feedback to the operator and task without
relying on a brittle parametric model of human behavior. At the same time, the system should
remain simple enough to be tuned and analyzed, and it should not require large amounts of
training data. A full reinforcement learning formulation with arbitrary state dynamics would
be unnecessarily complex in this setting: nudging decisions are made at a relatively slow rate,
the effect of each nudge is primarily local in time, and a rich, hand-engineered context x; is
available that already captures most of the relevant history (Section 4.3.2).

Contextual bandits provide a natural compromise [3, 31]. In a contextual bandit, the learner
repeatedly observes a context x;, chooses an action a;, and observes a scalar reward r; that
depends on (x4, a;) but not on the full future state trajectory. There is no explicit modeling
of long-term state evolution beyond what is encoded in the context itself. This matches the
structure of the present problem: for each decision, the recommender sees the current task
phase, target, intent confidence, and interaction state, selects a dynamic or informational nudge,
and later observes whether this choice improved local performance.

In this work, both the dynamic assistance and the informational recommender are implemented
as linear contextual bandits with Thompson sampling [4, 25, 32, 47]. For each bandit, it is
assumed that the expected reward of an action a in context x; can be approximated by a linear
model

E[rt | 4, a; = a} ~ /0, (4.24)

where 0, € R? is an unknown parameter vector associated with action a and d is the dimension
of the feature vector x;. The randomness in the reward is captured by an additive noise term,

re =) Oa, + €1, (4.25)
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with ¢; modeled as zero-mean noise.

Bayesian linear model and posterior updates

The bandit maintains, for each action a € A, a Bayesian linear regression model. A Gaussian
prior

ea ~ N(ﬂ’a,Oa Ea,O) (426>

is placed on the parameter vector, with prior mean f, o and covariance ¥, . Given a sequence
of observations {(z.,r,)} for which a, = a, the posterior over 6, remains Gaussian and can be
updated in closed form. For numerical convenience, the implementation maintains, for each
action a, the sufficient statistics

A, = Mg+ Z rrx!, by = Z T Tr, (4.27)
Tiar=a Tiar=a
where A > 0 is a regularisation parameter and I, is the d x d identity matrix. The posterior
mean and covariance are then

Ha = Aglbaa Za = Agl' (428)

These expressions correspond to a ridge-regularised least-squares estimate with an implicit
Gaussian prior and are computationally lightweight: each update only requires rank-one
corrections of A, and b,.

Action selection by Thompson sampling

At a decision time ¢ with context x;, the bandit uses Thompson sampling to choose an action.
For each action a € A, a parameter sample

O ~ N (fta, Sa) (4.29)
is drawn from the current posterior. The sampled parameters define a sampled action value
Ga(1) = 2/ ba, (4.30)

and the selected action is
a; € argmax qa(Tt). (4.31)

This procedure balances exploitation and exploration in a principled way: actions whose
parameters are well known have concentrated posteriors, leading to small variability in g, (x;)
and thus near-greedy behavior, whereas actions with high uncertainty have broader posteriors,
which occasionally produce large sampled values and are therefore explored.

In the present system, separate instances of this linear Thompson sampling scheme are maintained
for different task phases and for the two nudging channels (dynamic assistance and informational
cues). For example, the effect of changing workspace scaling during an “approach” phase is
different from that during an “align” phase, and the action sets are not identical. Maintaining
distinct bandit models per phase allows the system to capture these differences without artificially
enlarging the context vector.
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Initialization from a deterministic policy

A purely online contextual bandit would typically start from an uninformative prior, such
as fgo = 0 and X, = A11;, and gradually learn the reward model from experience. In
the teleoperation setting considered here, this approach is problematic for two reasons. First,
naive exploration can lead to clearly undesirable behavior (e.g. excessively high resistance or
distracting information) and thus to a poor user experience. Second, the amount of interaction
time available for learning in a user study is limited, so that a bandit starting from scratch
would not converge to a meaningful policy.

To address this, the bandit models are initialized from offline data collected under a hand-
crafted deterministic policy. This policy encodes heuristic knowledge about which feedback
configurations are reasonable in which contexts, for example increasing guidance strength close
to the target or activating haptic resistance when high velocities are detected near obstacles.
Running this policy on the teleoperation system and recording the resulting contexts x, chosen
actions a,, and observed rewards r, yields a dataset

D = {(2;,a,, TT)}Jrvzl-

The sufficient statistics (A,, b,) for each action a are then initialized as

A, = Mg+ Z xTxI, b, = Z T Xy, (4.32)

Tiar=a Tiar=a

which correspond to the posterior of the Bayesian linear model after observing D. In practice,
these matrices are precomputed and stored, and the online bandit loads them as its initial state.

This initialization has two advantages. First, it ensures that the bandit starts from a policy that
is already sensible according to the deterministic baseline, avoiding obviously poor actions early
on. Second, it allows the bandit to focus its exploration on local refinements of this baseline,
adapting to individual operators and task variations by updating the posterior as new rewards
are observed. In this sense, the deterministic policy serves as an expert-like prior, and the
bandit performs active learning around it rather than learning from a uniform prior.

Rationale for the chosen structure

The resulting structure—two separate linear contextual bandits, each with phase-specific models
and initialized from deterministic policies—reflects the different nature of dynamic and infor-
mational nudges, and the constraints of the teleoperation scenario. Dynamic assistance acts
continuously on the haptic and robot dynamics and can be evaluated using smoothness- and
effort-based rewards defined over short episodes. Informational cues are discrete, sparse events
that are constrained by cognitive load and interface design, and their effect is closely tied to
task structure and intent. Modeling both channels within a single monolithic learner would
require a heterogeneous action space and heterogeneous reward definitions and proved brittle
in preliminary experiments. By contrast, separate bandits with shared context but tailored
action sets and rewards provided a good balance between expressiveness, interpretability, and
robustness in the implemented system.
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4.3.4 Dynamic assistance bandit

The dynamic assistance bandit adapts continuous interaction parameters of the teleoperation
interface. Its goal is to support the operator by improving efficiency and smoothness of motion,
while avoiding excessive effort and preserving the overall feeling of control. The available actions
modify three scalar parameters:

» s, : scaling of the guidance field that attracts the end-effector towards the current target;
o Sus : workspace scaling factor between handle motion and robot motion;
* Spap © scaling of resistive haptic forces, used to damp unsafe motions.

These parameters appear in the teleoperation dynamics and follower model as defined in
Section 4.1.2, and are exposed to the recommender through the operator parameter vector.

Features

At each decision time, the dynamic bandit receives a reduced set of continuous features extracted
from the current state and recent history. For a given target position z'*'¢** and end-effector
position z°¢, the following features are computed:

« normalized distance to target,

ee _ ,.target
dist, = min (1, “”) ,

max
d’f‘

where d'** is a saturation distance;
» progress towards the target over time, expressed as a filtered, normalized scalar prog,,;

» progress oscillation, approximated by the time derivative of progress prog dot, and
filtered to capture back-and-forth motions;

« reachability margin, measuring how close the handle is to the physical limits of its
workspace when mapped to the current workspace scaling sysg;

e handle room, defined from the normalized handle position relative to the center of the
device workspace;

o normalized effort,

hap
effort,, = min (1, ”]{maXH> ,

where f1P is the force at the handle and f™** is a saturation value.

These raw quantities are low-pass filtered online with exponential filters to avoid overly reactive
behavior and to capture trends over short episodes. The feature vector x; for the bandit is then
formed by stacking

-
xy = |dist,, prog,, prog_dot,, reachability, room_ handle, effortn} ,

ordered according to a configuration file.
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Action space and phase dependence

The dynamic assistance bandit maintains different action sets for different task phases (e.g.
“approach”, “align”, “insert”). In each phase, the action space Agyn consists of discrete configu-
rations of the three parameters (s, Sws, Shap) around the current operating point. For example,
during an approach phase, the actions may mainly modify workspace scaling and haptic re-
sistance to keep the handle within a comfortable range, whereas during alignment the actions

focus on guidance strength and local damping.

To ensure predictable behavior, actions are grouped and subject to cool-downs: if a parameter
group (e.g. guidance strength) has been modified recently, the same group cannot be changed
again for a minimum time interval. This avoids rapid switching that would be confusing for
the operator. The bandit thus effectively chooses between a small number of phase-dependent
parameter updates that respect these constraints.

Reward design

The reward for the dynamic channel is defined over short episodes and combines local progress
towards the target, oscillations, and effort. At each tick, given the current features, an
instantaneous reward

™ =, prog,, — w, |prog_dot,, | — w, effort,, (4.33)
is computed, with positive weights w,, w,, w. chosen empirically and the result clipped to a fixed
range. This expresses the intuitive trade-off that the bandit should encourage steady progress
(high prog,,), penalize back-and-forth movements (large |prog_dot,|), and avoid high sustained
effort at the handle.

In the implementation, actions are evaluated over episodes of fixed duration Afepisode by
integrating or averaging ri>™ over the episode. When an episode ends (for example, because
a parameter group leaves cool-down or a phase changes), the cumulative reward is attributed
to the action that initiated the episode, and the corresponding linear bandit parameters are
updated as described in Section 4.3.3. This yields a compact closed loop: the bandit uses
features x; to select (g, Sws, Shap), Observes the resulting local motion pattern, and updates its
belief about which parameter settings are beneficial in which contexts.

4.3.5 Informational bandit

The informational bandit governs discrete cues presented to the operator via the head-up display
or, in principle, audio feedback. Its goal is to provide timely, concise information that helps the
operator make better decisions (e.g. choosing an admissible and efficient next part, avoiding
excessive forces), without overloading their attention.

Whereas the dynamic assistance acts continuously on the physical interaction, informational
nudges are sparse events with explicit modality and cognitive cost. The informational bandit
therefore operates under budget and cool-down constraints that limit how much visual or audio
information can be presented over time.
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Features

The informational bandit uses a richer context, combining interaction, intent, and planning
information. Typical feature components include:

 normalized end-effector speed and contact force/torque;

« distance and orientation error relative to the current target (e.g. for alignment in pre-grasp
and insertion phases);

» handle workspace margin, indicating how close the handle is to its limits;
 predicted target part 6, its confidence m;(6;), and the entropy H () of the intent belief;
 planner recommendation £ and an indicator whether the inferred target o; is admissible;

o measures of plan sub-optimality, such as the estimated cost difference between following

ky and following the operator’s preferred part;
« remaining visual and audio “budgets” C¥* = C*'d and per-modality cool-downs.

rem?’ rem

These quantities are normalized using configuration-dependent scales (e.g. maximum speed,
maximum admissible force) and are combined into a feature vector z; that is shared with the
informational bandit model.

Action space and cost budgets

Informational actions are defined as symbols corresponding to specific cues in the interface, such
as

o target_highlight: highlight the recommended part in the scene or on the HUD;
o distance: display a numerical distance or progress bar towards a part or insertion target;

o alignment_linear / alignment_rotational: show alignment indicators during pre-
grasp or insertion;

o speed_warning, force_warning, torque_warning: warn about excessive speed or loads;

e admissible_warning: indicate that the currently intended part is not admissible given
the assembly state;

e twin_target locked or similar task-specific messages indicating that the avatar is in a
constrained configuration;

e clutch: suggest using the clutch when the handle is close to workspace limits.
Each informational action is associated with:

« one or more modalities (visual, audio);

 a cognitive cost per modality (how demanding the cue is);

e a phase-dependent maximum cost C\,,, and a per-modality budget and cool-down.

At decision time, the bandit only considers actions whose modalities are currently allowed (no
active cool-down) and whose cost does not exceed the remaining budget. This enforces sparsity
and prevents the system from flooding the operator with cues.
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Scoring and selection

Given the current context x;, an internal value or score is computed for each candidate
informational action. Conceptually, this score reflects how beneficial the action is expected to
be in the current situation, balanced against its cost. In the fully learning-based formulation,
this expectation is provided by the linear contextual bandit model from Section 4.3.3, i.e. the
bandit estimates

E[rinfo | 2y, 0™ = a| ~ 2] 0,
from data and uses Thompson sampling to select an action.

In practice, this learning is combined with task-specific structure. For example, during ap-
proach and alignment phases, highlighting the planner-recommended target and warning about
inadmissible intended parts receives high priority when the intent is confident and entropy
is low. During pre-grasp, alignment cues and force/torque warnings become more important,
and distance indicators are de-emphasized if the operator is already close to the target. The
implementation encodes such priorities in per-action weightings and combines them with the
bandit value estimates and the cost/budget constraints to compute a score for each candidate.
If the best score exceeds a small threshold, the corresponding informational action is issued;
otherwise, no new information is presented.

Reward design

The informational reward r*© is less directly tied to instantaneous motion than the dynamic
reward and is instead defined around discrete events and task outcomes. Typical contributions
include:

 positive reward when a warning prevents an inadmissible action (e.g. trying to place a
part out of order);

o positive reward when following a suggestion leads to a sequence closer to the planner-
optimal one (reduced detour cost);

« small positive reward for providing alignment or distance cues that precede successful
grasps or insertions;

» negative reward for presenting cues during periods of high workload that do not correlate
with measurable improvements (proxy for unnecessary distraction).

In the implementation used for the experiments, these rewards are approximated using proxy
measures derived from the logged task execution (e.g. whether inadmissible attempts occurred,
how often warnings coincided with corrections, and simple path-length measures). For the
purpose of this thesis, the key point is that the informational bandit operates under explicit
constraints on bandwidth and cognitive load, and that its learning or prioritization focuses on
when and which cues are truly beneficial given the operator’s intent and the task plan.

Overall, the dual-bandit architecture—with a continuous, trajectory-based reward for dynamic
assistance and an event-based, task-level reward for informational cues—proved more robust and
interpretable than a single monolithic learner. It allows the system to adapt physical assistance
and information presentation in a coordinated but structurally separated way, while reusing the
same intent and planning context.
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4.4 Integration with the teleoperation architecture

The contextual bandit-based recommender is implemented as part of a central coordination
process that interfaces with the existing teleoperation architecture. This architecture comprises
separate processes for the haptic device and robot control, the VR-based visual interface, and
perception (object detection), each with its own local state machine. The recommender does
not modify these low-level state machines; instead, it operates on a slower time scale, reads
their state, and writes back high-level parameter updates and informational cues.

4.4.1 Software architecture and state machines

On the teleoperation side, the haptic device, the robot controller, and the VR interface each
maintain an internal state machine with states such as idle, calibration, manual teleoperation,
and task exvecution. A separate Python-based coordination node (the “operator assistant”)
maintains a higher-level state machine that encodes the experiment flow, including task-specific
states such as gearbox assembly, insertion task, and evaluation.

The recommender is active only in task-execution states for which it has been configured, and
only when the underlying devices report ready and healthy operating conditions. In other
states, all bandit outputs are ignored and the system falls back to a fixed “base” parameter
set corresponding to standard teleoperation without nudging. This separation ensures that
safety-critical aspects such as emergency stops, joint limits, and device faults remain under the
control of the low-level state machines and are not affected by the recommender.

Within a task state, the coordination node periodically:

 collects the current device states (handle pose and force, end-effector pose, twist, and
contact wrench, interface mode, task progress flags);

« calls the intent inference and sequence planner to update the current target, admissibility,
and plan information;

 calls the task coordinator to update the placed-part set, generate warnings or suggestions,
and provide a consistent target pose;

o constructs the context vector x; for the dynamic and informational bandits;

: : . . , . 4 ,
o queries the dynamic and informational bandits for actions a;°" and a™®;

« writes back updated operator parameters (e.g. Sy, Sws, Shap) and informational cues into
the shared data structures that are consumed by the haptic and VR processes.

All communication between processes is realised via UDP messages on a local wired network.
For latency-critical signals (handle pose and end-effector pose), separate high-frequency channels
are used; the recommender operates only on aggregated state and does not interfere with these
low-level loops.
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4.4.2 Timing and data flow

The teleoperation control loops run at high frequency: the haptic rendering and robot impedance
controller operate in the range of several hundred hertz to one kilohertz, and the VR rendering
loop runs at video frame rate. In contrast, the recommender operates at a nudging rate of

approximately
1

Atnudge
depending on configuration. This separation of time scales ensures that changes in assistance
and information occur slowly enough to be perceived and interpreted by the operator, and that
the computational cost of the bandit and planning logic remains negligible compared to the
real-time control loops.

fnudge - S []-7 5] HZa

At each nudging step, the coordinator integrates sensor and state information over the preceding
interval to compute the features required by the bandits. For the dynamic assistance bandit,
this includes filtered progress, oscillations, and effort over the episode since the last parameter
change. For the informational bandit, it includes event counts (e.g. inadmissible attempts,
high-force events) and updated plan sub-optimality measures. The corresponding rewards are
computed and attributed to the actions that were active during the episode, and the bandit
statistics (Ag, b,) are updated accordingly. In the experimental configuration used for the user
study, the bandits themselves were initialized from offline data and operated predominantly in
exploitation mode, with limited or disabled exploration to avoid confusing the participants.

4.4.3 Safety and fallback behavior

All parameters that the recommender may change are constrained to lie within pre-defined
safe intervals. For example, workspace scaling sys is bounded to ensure that the handle is
never mapped outside the robot workspace, guidance strength s, is limited to avoid excessive
attraction forces, and resistive scaling syap is restricted to remain within comfortable force levels.
These bounds are enforced both in the bandit configuration and in the low-level controllers.

If the coordination node detects missing or stale data (e.g. loss of perception, invalid intent
estimate, communication timeouts), or if the experiment state leaves the supported task phases,
the recommender is temporarily disabled. The system then falls back to the base teleoperation
mode with fixed assistance and no additional informational cues, until normal operation is
restored. This design ensures that the recommender is strictly additive: it can improve
guidance when active, but its failure or deactivation does not compromise the basic teleoperation
functionality.

Finally, all nudging decisions and relevant context variables are logged at the nudging rate in
synchrony with the sensor data and video streams. These logs are used offline to compute the
rewards for the bandits, to analyze the behavior of the recommender, and to correlate its actions
with the operators’ performance and subjective ratings in the user study.
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4.5 Summary

This chapter presented the design of the recommendation system that provides nudging-style
shared control in the teleoperation setup. The initial Stackelberg formulation modeled the
operator as a phase-dependent LQG follower acting on an EKF belief, and cast the recommender
as a leader that optimists dynamic and informational parameters in a bi-level optimization
framework. While mathematically appealing, this approach suffered from significant modeling
errors and misalignment between mathematically beneficial quantities and perceived usefulness.

To address these limitations, the final recommender adopts a contextual bandit formulation
with two separate bandits for dynamic assistance and informational cues. Both bandits operate
on a structured context that includes intent inference, task planning, and interaction features,
and they are initialized from deterministic policies to provide sensible behavior from the
start. The resulting dual-bandit architecture is computationally lightweight, interpretable, and
compatible with the constraints of the teleoperation system. It integrates into the existing
software architecture via a central coordination node and modifies only high-level parameters
and interface elements, preserving safety and operator authority. The next chapter describes
the experimental study used to evaluate the effect of the different feedback modes on task
performance and operator experience.
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This chapter describes the experimental methodology used to evaluate the proposed teleoper-
ation architecture and integrated recommender system. The main objective is to investigate
how different feedback modes influence task performance, safety, and operator experience in
representative manipulation scenarios.

Each experimental session starts with a short training task that allows operators to familiarise
themselves with the avatar system, the user interface, and the available assistance functions.
The actual evaluation is then carried out on two teleoperated manipulation tasks: a structured
gearbox assembly task that emphasizes sequencing and efficiency, and a tactile insertion task
that relies strongly on haptic feedback and precise alignment. For each task, human operators
perform repeated trials under multiple feedback configurations, ranging from a minimal baseline
to conditions with dynamic assistance and informational nudging. During all trials we record
objective performance and safety metrics, as well as subjective ratings of workload, perceived
control, and perceived usefulness of the assistance.

The remainder of this chapter is structured as follows. Section 5.1 introduces the training and
evaluation tasks and their physical setup. Section 5.2 defines the feedback modes under com-
parison. Section 5.3 describes the participants and experimental procedure. The measurement
signals and evaluation metrics are detailed in Section 5.4, and Section 5.5 explains the data
processing and analysis methods.

5.1 Tasks and scenarios

We evaluate the system using one short training task and two evaluation tasks that capture
both structured sequencing and contact-rich interaction.

5.1.1 Training task

Before the main trials, each participant performs a simple pick-and-place task in the robot
workspace. Coloured cubes are placed on the table, and the participant is instructed to pick
up the cubes and place them on a black rectangular area within the workspace. No specific
ordering, time limit, or performance target is given. Instead, the purpose of this task is for the
participant to familiarize themselves with the teleoperation setup and to explore all available
control and assistance functions.
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5.1.2 Gearbox assembly

The first evaluation task is a toy gearbox assembly using 3D-printed components. The scene
comprises a rigidly mounted base plate (fixture) and five movable parts: two shafts of different
diameters and three gears of different sizes. At the beginning of each trial, the movable parts are
placed at accessible but otherwise arbitrary locations within the robot workspace. All movable
parts are instrumented with AprilTag markers, enabling the perception module to estimate their
poses online and providing state information for the recommender. Figure 5.1 illustrates the
task by showing the initial part layout and the target assembled configuration.

To facilitate grasping and reliable detection, the two shafts are initially placed upright in 3D-
printed holders. If a shaft is dropped during a trial, it is manually returned to its holder. Similarly,
if a gear or shaft falls out of the reachable workspace or ends up in a configuration that is difficult
to grasp, it is manually repositioned to a reachable and graspable pose. This intervention avoids
coupling task performance to workspace boundaries or recovery from unrecoverable configurations
and keeps the focus on the assembly process itself.

The gearbox can only be assembled in configurations that respect certain dependencies between
parts (e.g., gears must be placed on the appropriate shafts and into the base plate in a compatible
order), but there exist multiple valid assembly sequences. During the initial briefing, participants
are informed about the intended final configuration and a reasonable assembly order so that the
evaluation concentrates on sequential decision-making and execution rather than on discovering
feasible assembly strategies. The mechanical tolerances of the printed parts are relatively large,
such that the insertions themselves are not technically demanding. Instead, the main challenge
of this task lies in selecting an admissible sequence of actions, coordinating the placement of
parts, and maintaining generally efficient behavior.

Overall, the gearbox assembly task provides a structured, multi-step scenario that is represen-
tative of teleoperated industrial assembly. It allows us to study how different feedback modes
influence sequential decision-making, the avoidance of inadmissible intermediate states, and the
efficiency of the operator’s interaction with the environment.

5.1.3 Tactile insertion

The second evaluation task is a peg-in-hole insertion that emphasizes precise alignment and
contact-rich interaction. The setup consists of a rigidly mounted receptacle and three cylindrical
pegs of different diameters selected from a larger set. The clearances between the pegs and the
matching hole are small enough that successful insertion requires accurate positioning and, in
particular, precise rotational alignment. Even when performed directly by hand, the insertion
is not straightforward and typically requires careful tactile exploration. An overview of the
peg-in-hole insertion setup is shown in Fig. 5.2.

In contrast to the gearbox assembly task, the picking phase is omitted here: at the beginning
of each insertion trial, a peg is already grasped in the avatar gripper. The operator’s task
is to insert the peg into the hole using teleoperation. After completing an insertion attempt,
the operator presses a dedicated home button, which returns the robot arm and the haptic
device to a standardized start configuration and resets the relevant control parameters. This
procedure ensures consistent initial conditions across insertions and feedback modes. If the
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Figure 5.1: Gearbox assembly task visualization. (a) Initial layout of the fixture (base plate) and
movable components (gears and shafts) within the workspace. (b) Target assembled
configuration. AprilTag markers attached to the movable parts enable online pose
estimation used by the perception and recommender modules.

peg is accidentally dropped or the gripper is opened before a proper insertion is achieved, the
experimenter places the peg back into the gripper to restore a comparable starting state.

By varying the peg diameter, the task spans different levels of insertion difficulty while keeping
the overall structure simple: the goal and the required part are always unambiguous, and the
main challenge lies in managing contact forces, exploiting haptic feedback, and achieving the
necessary alignment. As such, the tactile insertion task is well suited to study how different
feedback modes influence force interaction quality, stability, and the effectiveness of haptic cues
in teleoperated manipulation.

5.2 Feedback modes

To investigate the effect of different levels and types of assistance, we define six feedback modes
that systematically vary the available information channels and the degree of automatic dynamic
support. All modes provide the same teleoperation interface and avatar system; only the
feedback and assistance configuration is changed.

Manual In the manual mode, the operator receives only visual feedback from the head-mounted
display. No haptic rendering, audio cues, or supplementary information are provided. The
operator performs the task without any system assistance, which makes this mode comparable
to a basic teleoperation baseline.

Base The base mode augments visual feedback with audio signals and contact force rendering.
Haptic feedback reflects interaction forces at the end-effector, but task-related parameters such
as workspace scaling and haptic resistance are fixed. This configuration approximates human
operation with access to natural sensor cues (vision, sound, and touch) but without higher-level
guidance.
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Figure 5.2: The robot aligns a cylindrical peg held in a parallel gripper with the fixture opening
and performs a contact-rich peg-in-hole insertion under the different assistance
modes.

Enhanced base The enhanced base mode includes all feedback of the base mode and adds
standard task-relevant information, such as height, force, or torque indicators in the user
interface. In addition, the operator can manually adjust selected teleoperation parameters (e.g.,
workspace scaling or controller gains). This mode provides richer situational awareness and
explicit control over the assistance settings, but no automated adaptation or recommendations.

Pure informational assistance The pure info mode builds on the enhanced base configuration
and activates the informational channel of the recommender system. Higher-level cues are
presented that are predictive or contextual with respect to the current task stage, for example
guidance during approach, indications of insertion readiness, or alignment hints. Dynamic
parameters are not adapted automatically. This mode is used to assess whether additional
task-relevant information alone can improve operator performance and behaviour.

Pure dynamic assistance The pure dynamics mode focuses on automatic dynamic support.
Starting from the enhanced base configuration, the system adapts teleoperation parameters such
as workspace scaling and haptic resistance based on the current task context and interaction
forces, and provides haptic insertion assistance to improve alignment. Informational cues from
the recommender are not shown explicitly in the user interface. This mode corresponds to a
form of shared control, where assistance is primarily conveyed through changes in the underlying
dynamics rather than through explicit instructions.
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Full assistance The full mode combines the informational and dynamic channels. It includes
the higher-level informational cues of the pure info mode and the automatic parameter adaptation
and haptic insertion support of the pure dynamics mode. This configuration represents the
maximum level of assistance considered in this work and is used to study whether the simultaneous
provision of explicit guidance and implicit dynamic support leads to further benefits or introduces
additional cognitive load for the operator.

5.3 Participants and procedure

Ten participants took part in the study. All were novel users of the teleoperation system, with
ages ranging from 24 to 29 years. Each experimental session lasted approximately two hours,
including the introductory briefing, the training task, both evaluation tasks, and short breaks.
Before the start of the experiment, participants were informed about the purpose and structure
of the study and signed a written informed consent form.

At the beginning of each session, participants received a slide-based briefing. This briefing
covered safe behavior in the laboratory, the teleoperation interface and avatar system, the
head-up display and user interface elements, the experimental tasks, and the NASA-TLX
workload questionnaire used after the trials [18, 37]. Participants were informed which signals
would be recorded, that the data would be used for analysis, and that all data would be stored
under an anonymous operator identifier rather than by name.

After the briefing, participants performed the training task described in Section 5.1.1. During
this phase, they were explicitly encouraged to explore all available control and assistance
functions and to familiarize themselves with the system. The experimenter provided verbal
guidance to ensure that the functionality of the interface and feedback modes was understood.
For the subsequent experimental trials on the gearbox assembly and tactile insertion tasks, the
experimenter did not interact with the participants, except for providing initial task instructions
and handling technical issues, in order to keep the conditions comparable across subjects.

The main experiment comprised the gearbox assembly task (Section 5.1.2) and the tactile
insertion task (Section 5.1.3), each executed under the six feedback modes defined in Section 5.2.
The order of the two tasks (gearbox first vs. insertion first) was randomized across participants.
For the gearbox assembly, each feedback mode was repeated twice, resulting in 12 assembly
trials per participant. For the tactile insertion, each feedback mode was combined with three
pegs of different diameters, yielding 18 insertion trials per participant. Within each task, the
sequence of feedback modes was randomized under the constraint that the same mode was not
presented in consecutive trials.

Each gearbox trial had a time limit of 5min and each insertion trial a time limit of 3 min, with
a visual 30 s warning in both cases. Trials in which the time limit was exceeded were considered
unsuccessful. If objects were dropped or moved into unrecoverable configurations, they were
repositioned as described in Sections 5.1.2 and 5.1.3 to avoid confounding task performance
with workspace boundary effects. After every trial, participants completed a NASA-TLX
questionnaire and were instructed to rate the workload solely with respect to the most recent
trial.
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5.4 Measurements

During all trials we recorded both low-level sensor signals and high-level experiment annotations
for subsequent offline analysis. The robot arm, the avatar head, and the haptic device continu-
ously logged their sensor data to timestamped text files at 200 Hz. Each file contains a header
followed by semicolon-separated numeric values, which can be read directly with standard CSV
tools (e.g. pandas). The logged signals include joint states, end-effector poses and wrenches,
gripper state, and haptic device positions and forces, as well as relevant teleoperation mode
flags.

In addition, the recommender system recorded its internal view of the task in a separate log
stream, also at 200 Hz. These logs are stored as JSONL files and contain the incoming sensor
and perception streams, detected object poses, inferred targets and task sequences, issued
informational cues and dynamic parameter adaptations, operator inputs processed by the
recommender, and trial-level annotations such as task start and end times and success flags.
Together, the low-level and recommender logs provide a detailed, time-synchronized record of
both the physical interaction and the assistance behavior.

To capture the experiments from multiple visual perspectives, we recorded three video streams:
a workspace view from the perception camera at 15 Hz, the operator’s view through the VR
headset including overlaid user interface elements, audio signals, and subtitles for the text-to-
speech output, and an external camera monitoring the operator’s body movements during the
tasks. These recordings are used for qualitative inspection and to resolve ambiguities in the
sensor logs.

Subjective workload was assessed after every trial using the NASA-TLX questionnaire. Note
that the TLX performance subscale reflects perceived performance (lower scores indicate better
perceived performance) and should not be confused with objective task metrics. The responses
are stored in a CSV file containing a running trial index, the feedback mode identifier, the
individual item ratings, and the anonymous operator identifier. All measurement files (sensor
logs, recommender logs, video recordings, and questionnaires) are stored under the respective
operator ID, enabling consistent multi modal post-processing while preserving anonymity. The
derivation of quantitative performance and safety metrics from these measurements is described
in Section 5.5.

5.5 Data processing and analysis

All recorded data were processed offline using custom Python scripts based on pandas and
numpy. The robot arm, avatar head, haptic device, and recommender logs share a common
timestamp originating from the recommender input stream, so that all numeric signals can be
interpreted on a single time axis. For each experimental session, the semicolon-separated sensor
log files and the JSONL recommender logs were parsed into a unified time-series representation
at 200 Hz. Trial boundaries (start, end, task, and feedback mode) were obtained from explicit
annotations in the recommender log. Video recordings were used for qualitative inspection and
to resolve ambiguities in the sensor data but were not analyzed quantitatively.

From the synchronized time series we derived performance, interaction, and workload measures
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on a per-trial basis. Basic performance indicators include task completion time and a binary
success label, determined from the trial start and end markers and the task-specific time limits.
Kinematic and interaction descriptors are obtained from the end-effector trajectory and wrench,
such as path length, velocity and acceleration statistics, and summaries of contact forces and
torques. For the tactile insertion task we additionally distinguish between free-space motion and
contact phases, based on simple force thresholds, and compute phase-specific statistics where
required.

Subjective workload is evaluated after every trial using the NASA-TLX questionnaire. The
responses are stored in a CSV file together with the trial index, feedback mode, and anonymous
operator identifier. From these data we compute an overall TLX score as well as selected
sub-scale scores for each trial.

All metrics are first computed per trial. For the gearbox task, they are then aggregated
per participant and feedback mode over the two repetitions; for the insertion task, they are
aggregated per participant and feedback mode over the three pegs. Group-level comparisons
between feedback modes are based on these per-participant averages and are primarily reported
using descriptive statistics and visualizations. Where appropriate, we also explore simple
relationships between objective performance, interaction measures, and subjective workload to
better understand how the different feedback modes influence operator behavior.



6 Results

This chapter presents the experimental results for the proposed teleoperation architecture and
integrated recommender system. We first report task-specific outcomes for the gearbox assembly
and tactile insertion scenarios, focusing on task performance, interaction characteristics, and
subjective workload across the six feedback modes. We then analyze cross-cutting patterns,
comparing workload between tasks and examining how efficiency and interaction quality relate
to subjective experience.

Section 6.1 summarizes the results for the gearbox assembly task. Section 6.2 reports the
corresponding results for the tactile insertion task, including a phase-specific analysis of free-
space motion and contact behavior. Section 6.3 provides cross-condition analyses that relate
completion time, contact features, and workload, and compares the effect of the feedback modes
across both tasks.

6.1 Gearbox assembly

The gearbox assembly task required participants to pick and place a set of parts into a housing
under time pressure, following a specific assembly structure. The task combines reaching
and placing actions, intermittent contacts, and moderate precision, and therefore probes both
path-efficiency and interaction dynamics.

6.1.1 Task performance

Figure 6.1 summarizes task time and success rate across the six feedback modes.!

Manual operation (visual feedback only) shows the lowest success rate and the largest median
completion time, with many trials approaching the time limit. The Baseline mode (haptics,
audio, and basic interface) improves performance moderately, but still exhibits substantial
variability between participants. All three recommender-related modes (Enhanced baseline,
Pure information, Pure dynamic, and especially Full) shift the distribution towards shorter task
times and higher success rates. In particular, the information- and dynamics-enhanced modes
reduce the fraction of timeouts and cluster more tightly around lower median times, indicating
that the additional guidance helps participants follow a more efficient assembly strategy.

1Unless stated otherwise, all plots in this chapter aggregate over participants and repetitions; error bars show
the standard error of the mean.
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Figure 6.1: Task time and success rate for the gearbox assembly task across feedback modes.
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Figure 6.2: Kinematic features for the approach phase in the gearbox task by feedback mode.

6.1.2 Interaction characteristics

To analyze how the different feedback modes affect movement and contact behavior, we extracted
kinematic and force features from the gearbox trials. The approach phase covers the motion
from leaving the previous placement to arriving in the vicinity of the next part or placement
location. The contact phase aggregates periods in which the robot end-effector is in contact
with objects or fixtures.

Figure 6.2 shows the distributions of approach velocity and acceleration across modes.

Across modes, the median approach velocities remain similar, indicating that the overall
movement tempo is comparable. However, Manual and Baseline exhibit broader distributions
and more pronounced upper tails in acceleration, reflecting more abrupt corrections and less
regular motion. The recommender-driven modes (Enhanced baseline, Pure information, Pure
dynamic, Full) tend to reduce the highest acceleration peaks while keeping median values close
to the unassisted modes. This suggests that participants move with a similar average speed but
require fewer sudden adjustments when additional guidance is available.

Contact behavior is summarized in Fig. 6.3, which shows the distributions of contact forces and
torques.

Manual operation again shows the largest upper tails in both force and torque, indicating more
frequent high-load contacts during placement. Baseline reduces these peaks slightly, but the
three enhanced modes show a clearer shift towards lower 95th-percentile forces and torques and
narrower interquartile ranges. Dynamic assistance (Pure dynamic and Full) appears particularly
effective in reducing the strongest contact events, consistent with the idea that guidance fields and



6 Results 54

Contact force distribution by feedback mode (Gearbox) Contact torque distribution by feedback mode (Gearbox)

TT ETTTTTT
- T

lIForcell [N]
5
IITorquell [Nm]

- T T T

== L L il
10

i - - — —1 —1 == 0

A . . . N\ \ " \ Y
war? Base\\“e cadhase\me emm(ma\w“ e Mam‘c e war? Base\me ” “ag,e\\“e e\“@ma\w“ e N\aﬁ“ﬂ wul

e pur e 3
Feedback mode Feedback mode
(a) Contact force. (b) Contact torque.

Figure 6.3: Contact force and torque distributions for the gearbox task by feedback mode.
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Figure 6.4: NASA-TLX overall workload for the gearbox task by feedback mode (mean over
participants, error bars: standard error).

damping adjustments smooth the interaction and discourage forceful corrections. Informational
cues alone already help to avoid extreme contacts, but the combination of information and
dynamics in the Full mode yields the most consistently gentle interaction.

6.1.3 Subjective workload

Figure 6.4 shows the NASA-TLX overall workload score for the gearbox task, computed as the
mean of the six subscales.

Manual control yields the highest workload, with Baseline slightly lower but still clearly above
the enhanced modes. Enhanced baseline, Pure information, Pure dynamic, and Full all reduce
the average TLX total by roughly 10-20 points on the 0-100 scale compared to Manual. The
three recommender-related modes lie in a similar low-workload range, with Pure information
and Pure dynamic achieving the lowest mean scores. A within-subject z-normalization of the
TLX total (Fig. 6.5) confirms the same ordering, indicating that this pattern is consistent across
participants despite individual differences in absolute ratings.

The subscale analysis in Fig. 6.6 shows that this reduction is driven mainly by mental demand,
effort, and frustration.
Mental demand and frustration are highest in the Manual condition (approximately 60-65

on average) and decrease monotonically as additional guidance and information are provided,
reaching values in the low 30s for the enhanced modes. Effort follows a similar pattern. Physical
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Figure 6.5: NASA-TLX overall workload for the gearbox task, z-scored within participants.

NASA-TLX subscale means (mode x subscale) (gearbox)

Mental 46.54 32.19 29.67 34.06 60 o
o Physical 36.92 38.44 41.00 33.12 5
8 Temporal 37.19 34.33 35.62 50 2
8 Performance 38.46 36.56 34.67 30.00 =
1) Effort 40.77 29.38 34.00 30.00 — 40 2
Frustration 46.54 33.12 37.67 28.44 -30
— [ [0) c Q =
5 5 : :
© » %) c
> o] © E >
m Ko o ©
kel ‘€ [0}
8 o 5
© i
c o
c
L

Feedback mode

Figure 6.6: NASA-TLX subscale means for the gearbox task (mode x subscale).

and temporal demand also decrease, although the relative reduction is smaller than for the
cognitive dimensions.

The comparatively modest change in temporal demand may be attributed to the task design
and presentation of time constraints. Time pressure becomes salient primarily toward the end
of a trial; as long as a sufficient time margin is perceived, participants may largely disregard
remaining time. Moreover, temporal feedback was intentionally unobtrusive, consisting of a late
warning shortly before timeout and a peripheral time bar rather than a centrally prominent
cue. Repeated exposure to the task across trials may have further reduced sensitivity to time
constraints, particularly in the absence of strong incentives linked to completion time. As a
result, perceived temporal demand appears less responsive to the assistance modes than the
cognitive workload dimensions.

A paired per-user comparison of TLX total scores (Fig. 6.7) further indicates that most
participants consistently rate the enhanced modes lower than the Manual and Baseline conditions.

Overall, the gearbox results support the hypothesis that targeted feedback and assistance can
improve performance while also reducing perceived workload. Informational and dynamic modes
yield similar benefits in this task, with no clear indication that combining them in the Full
mode leads to additional subjective cost.
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Figure 6.7: NASA-TLX overall workload for the gearbox task, paired per participant across
feedback modes.
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Figure 6.8: Task time and success rate for the tactile insertion task across feedback modes.

6.2 Tactile insertion

The tactile insertion task required participants to insert three cylindrical pegs into tight-clearance
holes within a fixed time limit. Compared to the gearbox assembly, this task is more contact-rich
and accuracy-dominated [55], and therefore places stronger emphasis on fine haptic feedback
and precise guidance during contact.

6.2.1 Task performance

Figure 6.8 summarizes task time and success rate across the six feedback modes.

As in the gearbox task, Manual and Baseline show the lowest success rates and the longest
median task times, with many trials ending in timeouts. Adding enhanced interface information
or dynamic assistance increases the fraction of successful insertions and reduces completion
times. The three recommender-related modes cluster clearly on the “faster and more successful”
side compared to Manual and Baseline, although differences between Enhanced baseline, Pure
information, Pure dynamic, and Full are smaller than the gap to the two baselines. This again
supports the first hypothesis: targeted feedback improves objective performance relative to a
purely manual visual-only setup.
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Figure 6.9: Kinematic features for the insertion task by feedback mode.
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Figure 6.10: Contact force and torque distributions for the insertion task by feedback mode.

6.2.2 Phase-specific kinematics and forces

For the insertion task, we perform a phase-specific analysis of movement and contact. The
insertion trajectory is segmented into approach (free-space motion towards the fixture) and
contact (in-contact exploration and alignment). For each phase, robust statistics of linear
velocity, linear acceleration, contact forces, and torques are computed.

Figure 6.9 shows the distributions of approach velocity and acceleration.

Median approach velocities are similar across feedback modes, indicating that participants
maintain a comparable nominal speed during free-space motion toward the fixture. However,
Manual and Baseline conditions exhibit broader distributions and higher upper outliers, whereas
the enhanced modes consistently reduce peak velocities and concentrate the distributions. This
pattern suggests that additional guidance primarily limits excessive approach speeds rather
than altering typical motion behavior. By attenuating high-velocity outliers, the assisted modes
promote more controlled and regular approaches, reducing the likelihood of abrupt corrections
immediately before contact.

Figure 6.10 shows contact forces and torques during the contact phase.

Here the trend is even more pronounced than in the gearbox task. Manual and Baseline show
the largest upper tails in both force and torque, indicating frequent high-load contacts and
stronger misalignment during insertion. All enhanced modes shift the distributions downward
and narrow the interquartile ranges. The dynamic modes (Pure dynamic and Full) yield the
lowest 95th-percentile forces and torques, consistent with the intended effect of the haptic
insertion helper and guidance fields [2, 6, 24, 45]. Informational modes already reduce some
of the strongest contact events, but the combination of information and dynamics appears



6 Results 58

NASA-TLX total workload by feedback mode (insertion)

o
o

N
o

N
o

NASA-TLX total (mean of subscales)

o

¢ o\

o\ e e L0 \C
\N“m aase\\ o \-,ase\\ " 0‘“\3\\ ?\“e (N“aﬂ\
X\ pure
e

Feedback mode

Figure 6.11: NASA-TLX overall workload for the insertion task by feedback mode (mean over
participants, error bars: standard error).
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Figure 6.12: NASA-TLX subscale means for the insertion task (mode x subscale).

particularly effective in this high-precision, contact-rich task.

6.2.3 Subjective workload

Figure 6.11 shows the NASA-TLX overall workload for the insertion task.

Manual control again produces the highest workload, with Baseline somewhat lower but still
clearly above the enhanced modes. Enhanced baseline, Pure information, Pure dynamic, and
Full all reduce the TLX total by roughly 20—40 points relative to Manual. Pure information
and Pure dynamic achieve the lowest mean scores, with Full in a similar low-workload range.
Within-subject z-normalization confirms that this ordering is robust across participants.

The subscale analysis in Fig. 6.12 reveals that, for insertion, mental demand, effort, and
frustration are particularly strongly affected by the feedback mode.

In the Manual condition, mental demand and frustration are both in the 70-80 range on average
and decrease monotonically as information and assistance are added, reaching values around
25-30 for the enhanced modes. Effort shows a similar reduction. Physical and temporal demand
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Figure 6.13: NASA-TLX overall workload for gearbox vs. insertion across feedback modes (mean
+ standard error).

also drop, but less dramatically. Compared to the gearbox task, the relative benefit of the
enhanced modes on mental demand and frustration is even larger here, matching the intuition
that precise contact interactions are especially cognitively taxing when performed without
guidance.

Overall, the insertion results indicate that the proposed feedback modes do not only improve
success rates and reduce contact forces and torques; they also make the high-precision insertion
task feel substantially less demanding and frustrating. Informational and dynamic nudges both
contribute to this effect, with no evidence that combining them in the Full mode introduces an
additional workload penalty in this task.

6.3 Cross-condition analyses

The previous sections considered the gearbox and insertion tasks separately. This section
compares patterns across tasks and examines how objective measures of efficiency and interaction
quality relate to subjective workload.

6.3.1 Task-level workload comparison

Figure 6.13 compares the NASA-TLX overall workload between the gearbox and insertion tasks
across feedback modes, while Fig. 6.14 shows the corresponding subscales.

Across all modes, the insertion task is perceived as more demanding than the gearbox assembly,
reflecting its higher precision requirements and sustained contact. Nevertheless, the relative
pattern across modes is remarkably consistent between tasks: Manual and Baseline yield the
highest workload, while Enhanced baseline, Pure information, Pure dynamic, and Full all reduce
the TLX total. The three recommender-driven modes cluster together in the low-workload region
for both tasks, indicating that the benefits of informational and dynamic nudging generalize
from a mixed reaching/placement task to a more contact-critical insertion scenario.

The subscale comparison shows that the main differences between tasks lie in mental demand,
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NASA-TLX subscales: task comparison (Gearbox vs Insertion)
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Figure 6.14: NASA-TLX subscale comparison between gearbox and insertion tasks (mean 4
standard error).
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Figure 6.15: Efficiency-workload trade-offs across modes. Each point shows mode-wise means
of completion time and TLX total (per participantxmode averages).

effort, and frustration, which are all higher for insertion. For both tasks, however, these
cognitive dimensions decrease monotonically from Manual through Baseline to the enhanced
modes. Physical and temporal demand exhibit similar but smaller trends. This supports the
interpretation that the recommender primarily helps by reducing cognitive and affective load,
rather than by simply changing the physical difficulty of the tasks.

6.3.2 Efficiency—workload trade-offs

To examine how efficiency and workload trade off across modes, we computed, for each participant
and mode, the mean completion time and mean TLX total per task. The mode-wise averages
are summarized in the scatter plots in Fig. 6.15.

In the gearbox task, Manual and Baseline occupy the upper-right region (longer times and higher

workload), whereas the enhanced modes mainly move downward in TLX, with only modest
reductions in time. Mode-wise means illustrate this pattern: Manual averages 302.8 = 58.6s
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Figure 6.16: Relationship between subjective workload and interaction features (userxmode
points, colored by mode and task).

and a TLX total of 56.2 & 21.9, while Full averages 253.4 4+ 50.9s and 32.9 + 12.6. Enhanced
baseline, Pure information, and Pure dynamic lie in between but all clearly below Manual in
TLX. A per-user Pearson correlation of r = 0.57 between TLX and time indicates that, for
gearbox, participants who take longer also tend to report higher workload.

For the insertion task, the enhanced modes again move primarily downward in TLX rather than
strongly left in time. Manual averages 160.9 & 44.7s and a TLX total of 70.3 £ 17.8, whereas
Pure information and Pure dynamic achieve substantially lower workload (26.9 + 19.4 and
27.7 + 13.1) with comparable average times (161.2 + 50.5s and 158.4 + 47.2s). The correlation
between TLX and time across participant xmode points is weak (r = 0.12), suggesting that in
this precision-limited task perceived difficulty is not primarily driven by how long the trial takes.

Taken together, these results suggest that the proposed feedback modes primarily improve the
experience of teleoperation—lower workload and more comfortable interaction—while leaving
completion times similar or modestly improved. There is no evidence of a strong trade-off where
reduced workload would systematically come at the cost of slower operation.

6.3.3 Relationships between interaction quality and workload

Finally, we examined how subjective workload relates to interaction-quality features derived
from robot sensors. For each participant and mode, we computed the 95th-percentile of the
contact force magnitude and linear acceleration, and compared these to the mean TLX total.

Figure 6.16 shows the relationship between TLX total and the 95th-percentile force and
acceleration across all participant xmode points for both tasks.

For the gearbox task, TLX shows no clear linear relationship with the 95th-percentile contact
force (Pearson r = —0.03) and only a weak positive correlation with acceleration (r = 0.12).
This is consistent with the more intermittent and moderate contacts in this task: participants
may not be strongly aware of small differences in peak forces as long as the assembly remains
successful.

In the insertion task, by contrast, workload correlates strongly with both contact force and
acceleration: TLX vs. force yields » = 0.62, and TLX vs. acceleration r = 0.55. Participants
who experienced higher peak forces and more jerky motion during insertion also reported
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Figure 6.17: NASA-TLX total vs. completion time (userxmode points) for both tasks.

substantially higher workload. This aligns with the earlier observation that dynamic modes, and
especially the insertion helper, reduce high-percentile forces and torques. The combined picture
suggests a plausible mechanism: by stabilizing contact interaction and damping misalignment,
the recommender reduces physically and cognitively stressful events, which is reflected in lower
TLX scores.

For completeness, Fig. 6.17 shows TLX vs. completion time across all participant x mode points.

The overall trend is positive, driven mainly by the gearbox task (which showed r = 0.57 between
TLX and time). However, the dispersion of insertion points along the time axis and the weak
correlation for that task confirm that, in contact-dominated scenarios, interaction quality (forces
and smoothness) is more strongly tied to workload than raw speed.

In summary, the cross-condition analyses show that the recommender-supported modes consis-
tently reduce workload across tasks, move the operation towards regions of smoother, lower-force
interaction, and do so without introducing a systematic penalty in completion time.

6.4 Summary of results

Across both tasks, the results show a consistent benefit of the enhanced feedback modes over
Manual and Baseline operation. In the gearbox assembly, the enhanced modes reduce timeouts
and shift completion times towards lower values, while clearly lowering contact forces and
torques. In the tactile insertion task, which is more contact-heavy and accuracy-dominated,
dynamic and informational nudges substantially decrease peak forces and torques and lead to
smoother approach and contact motion, without sacrificing execution speed.

Subjective workload follows the same pattern. For both tasks, NASA-TLX overall scores are
highest in Manual and Baseline and drop markedly for Enhanced baseline, Pure information,
Pure dynamic, and Full. The reduction is driven mainly by mental demand, effort, and
frustration, and is more pronounced in the insertion task, where the baseline workload is higher.
Cross-condition analyses further indicate that, in insertion, higher peak forces and accelerations
correlate strongly with higher workload, supporting the interpretation that smoother, lower-force
interaction is experienced as easier and less stressful.
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Overall, the recommender-supported modes primarily shift teleoperation into a regime of lower
workload and more benign interaction dynamics, with completion times that are comparable to
or slightly better than Manual and Baseline. Informational and dynamic nudges both contribute
to these effects, and combining them in the Full mode does not incur an additional workload
penalty in either task.



{ Discussion

7.1 Overview and main findings

This work investigated how informational and dynamic nudging can be used to support human
operators in teleoperation. The central idea was to treat the interface and assistance mechanisms
as an artificial recommender system that suggests and modulates actions rather than directly
overriding human control. The first research question asked whether such nudging can guide
operators towards more effective behavior in concrete teleoperation tasks. The second question
concerned longer-term effects: whether the induced guidance has a teaching component that
benefits the operator beyond the immediate recommendations.

The experimental results across the gearbox assembly and tactile insertion tasks show a consistent
pattern. Compared to a purely manual visual baseline and a conventional haptic baseline, all
enhanced feedback modes—ranging from enriched interface information to dynamic guidance
and their combination—reduce subjective workload, particularly in terms of mental demand,
effort, and frustration. Objective interaction measures indicate that these modes also lead
to smoother and more benign contact behavior: peak forces and torques are reduced, and
high-acceleration transients become less frequent, especially in the insertion task. Completion
times are similar or modestly improved, with a clear reduction in timeouts, but the dominant
effect of nudging is an improvement in interaction quality and perceived ease, rather than a
dramatic increase in raw speed.

Taken together, these findings support the view that a recommender-style shared control scheme
can influence operator behavior in a beneficial way without seizing direct authority over the
robot. Informational cues help operators to organize their actions and maintain situational
awareness, while dynamic assistance shapes the physical interaction to be more predictable
and less stressful. Evidence for long-term teaching effects is naturally limited by the scope
and duration of the study, but the stable reduction in workload and contact loads across
modes and tasks suggests that the proposed approach is a viable step towards more supportive,
human-centered teleoperation systems. The remainder of this chapter discusses these aspects in
more detail, relates them to existing work, and reflects on limitations and future directions.

7.2 Interpretation with respect to the research questions

The study addressed two main questions: (i) whether informational nudging can guide operators
towards more effective decisions in teleoperation, and (ii) whether such guidance exhibits any
teaching effect beyond the immediate recommendations. In the following, we first discuss how
the observed changes in behavior and workload relate to the idea of informational guidance,
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and then return to potential longer-term effects in Section 7.2.2.

7.2.1 Guiding operators through informational nudging

The first research question asked whether targeted information, delivered through the interface
and coordinated by the recommender, can guide operators towards more effective decisions
and interaction patterns. In the present context, “effective” is understood in a broad sense:
achieving higher success rates and smoother interaction with similar or lower workload, rather
than purely minimizing completion time.

Across both tasks, the purely informational mode (Pure information) and the modes that
combine enriched information with other enhancements (Enhanced baseline and Full) consistently
reduce subjective workload relative to Manual and Baseline. For the gearbox assembly, Pure
information lowers the average TLX total from roughly 56 (Manual) and 53 (Baseline) to around
36, with Enhanced baseline and Full in a similar range, despite only modest changes in mean
completion time. A comparable pattern appears in the insertion task, where Pure information
reduces workload from about 70 (Manual) and 46 (Baseline) to roughly 27, again without a
systematic increase in time. This suggests that operators perceive the information-rich modes
as substantially less demanding, even when they do not operate significantly faster.

Objective measures show that informational nudging also affects how operators move and interact
with the environment. In the gearbox task, informational modes reduce high-percentile contact
forces and torques and narrow the distributions of approach accelerations, indicating fewer
abrupt corrections and fewer forceful contacts. In the insertion task, where precise alignment is
critical, Pure information alone is sufficient to shift contact forces and torques downward and
to reduce extreme peaks, even without additional dynamic assistance. This supports the view
that the interface cues help users to plan and execute more purposeful approaches, avoiding
obviously suboptimal actions such as repeatedly probing at the wrong orientation or targeting
implausible parts in the assembly sequence.

The cross-condition comparison further shows that the relative ordering of modes is stable
across tasks: Manual and Baseline form a consistently higher-workload, higher-contact baseline,
while the information-enhanced modes cluster in a region of lower workload and more benign
interaction. This stability across a moderately complex assembly task and a separate, more
demanding insertion task suggests that the informational cues do not merely overfit one specific
scenario but provide generally useful structure for teleoperation.

At the same time, the information modes do not produce dramatic gains in raw speed, and the
correlation between completion time and workload is weak in the insertion task. Informational
nudging therefore appears to guide behavior primarily by improving situational awareness,
sequence choices, and local alignment strategies, rather than by pushing operators to move
faster. In other words, the system helps operators to avoid poor decisions and unnecessary
corrections, which manifests as smoother, less stressful interaction and fewer timeouts, but not
as aggressive optimization of task duration.

Taken together, these observations support a positive answer to the first research question in a
qualified sense. The informational recommender does guide operators towards more effective
behavior, as evidenced by reduced workload, gentler contacts, and fewer failures across both
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tasks, while leaving direct control authority with the human. The effects are moderate rather
than dramatic, and they depend on the informational cues being tightly integrated into an
embodied, low-latency interface. Within these constraints, however, informational nudging
emerges as a viable and practically attractive way to influence human decision-making in
teleoperation.

7.2.2 Teaching and transfer beyond the immediate recommendations

The second research question concerned whether the recommender has a teaching effect that
extends beyond the immediate recommendations, i.e. whether operators internalize aspects of
the guidance and carry them over to later trials or different modes. In principle, informational
and dynamic nudges could shape not only moment-to-moment actions, but also longer-term
strategies such as how operators scan the scene, select parts, or align for contact.

Within the scope of the present study, evidence for such transfer is necessarily limited. Trial
counts per participant and mode are modest, and the experimental design prioritized breadth
of mode comparison over long blocks of practice in a single configuration. Simple analyses
of completion time and TLX scores as a function of trial index suggest a weak overall trend
towards improved efficiency and slightly lower workload over the course of the experiment, but
these changes are small compared to the differences between feedback modes. There is no clear
indication that performance in one mode systematically improves after exposure to another
specific mode, nor that participants converge to a shared, mode-independent “expert” behavior
within the available number of repetitions.

At the same time, some qualitative indications of short-term adaptation can be observed.
Participants typically require only a small number of trials to make use of the additional cues in
the information and Full modes, and their motion becomes visibly more direct as they learn
to interpret the overlays and digital twin. Similarly, once users experience the effect of the
insertion helper, they tend to anticipate its behavior and align their own motions accordingly.
These observations suggest that operators do not treat the recommender as a black box, but
rather incorporate its behavior into their own control strategy on a short time scale.

From a methodological perspective, the present data are therefore better suited to answering
the first research question—whether nudging can influence behavior in the moment—than to
providing strong claims about teaching and long-term transfer. The results are consistent with
the hypothesis that guidance could have a training component: the enhanced modes expose
operators to more structured and less noisy interaction patterns, and correlate smoother dynamics
with lower workload, which are plausible ingredients for learning. However, demonstrating
robust transfer would require longer-term studies with more repetitions, explicit retention tests,
or cross-mode evaluation protocols where operators are trained with guidance and then assessed
in a reduced or no-assistance condition.

In summary, the experiments provide clear evidence that the recommender can shape behavior
and perceived workload during the guided interaction, and tentative indications of short-term
adaptation to the provided cues. They do not, by design, permit strong conclusions about
lasting teaching effects. The question of how informational and dynamic nudges contribute to
durable skill acquisition remains an important direction for future work.
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7.3 Mechanisms of influence: information vs dynamics

The experimental results suggest that informational and dynamic nudges influence operator
behavior through partially different, but complementary, mechanisms. Informational cues
primarily act on how operators plan their actions and allocate attention, while dynamic
assistance modifies the physical interaction between human and robot. Their combined effect is
most visible in measures of workload and contact quality, particularly in the insertion task.

Informational nudges structure the decision space by making task-relevant relations salient [8,
51]. In the gearbox assembly, highlighting admissible parts, providing sequence-related hints,
and visualizing distances or alignment reduces the need for exhaustive visual search and ad-hoc
reasoning about what to do next. In the insertion task, target- and wrist-locked overlays and
the digital twin provide explicit cues about orientation and progress towards successful insertion.
These cues do not force a particular motion, but they influence where operators look and which
options they consider plausible. The result is a shift from hesitant, trial-and-error exploration
towards more directed approaches and fewer obviously suboptimal attempts. This is reflected in
reduced high-percentile accelerations and contact loads in the informational modes, even though
the underlying low-level control is unchanged.

Dynamic nudges, in contrast, shape the physical interaction. Guidance fields that attract the
end-effector towards the current target, resistive elements that discourage unsafe motions, and
the insertion helper all modify the mapping from handle motion to robot motion and contact
forces. In free-space motion, these fields regularize trajectories by damping abrupt corrections
and providing a “soft funnel” towards task-relevant regions. In contact, they stabilize interaction
by aligning the peg with the hole and reducing lateral forces and torques. The strong correlations
observed in the insertion task between TLX and the 95th-percentile of contact force (r ~ 0.62)
and acceleration (r =~ 0.55) suggest that these dynamic effects are directly perceived: trials
with smoother, lower-force interaction are also reported as less demanding and frustrating. The
weaker relationships in the gearbox task are consistent with its less critical contact dynamics.

The Full mode combines both classes of nudges. One might expect that information and
dynamics together would simply add up to a strictly better mode. In practice, the improvements
appear to saturate: Full typically lies in the same low-workload, low-force region as the best
single-modality modes, rather than creating a clearly separate “superior” cluster. This can
be interpreted in two ways. On the one hand, it indicates that informational and dynamic
nudges are already effective on their own and that the system reaches a regime where additional
support yields diminishing returns in the selected metrics. On the other hand, it suggests
that operators may be close to a natural performance ceiling for these tasks under the given
conditions. Pushing nudging further—by increasing guidance gains or adding more aggressive
overlays—would risk degrading performance through over constraint or cognitive overload rather
than producing proportional gains.

Importantly, the Full mode does not incur a workload penalty compared to the single-modality
enhanced modes. This indicates that the combination of information and dynamics is coherent
from the operator’s perspective: visual and haptic cues point in compatible directions, the
level of autonomy remains limited, and the system does not attempt to override the user’s
intentions. Within this design space, informational nudging appears to mainly improve planning
and situational awareness, while dynamic nudging improves the local interaction physics. Their
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joint effect is to move teleoperation into a regime of smoother, less stressful operation without
removing the operator from the control loop.

7.4 Relation to shared control and teleoperation literature

The proposed approach sits at the intersection of several strands of work in shared control and
teleoperation: classical shared autonomy, haptic guidance and virtual fixtures, and more recent
mixed-initiative and recommender-style assistance schemes.

Classical shared control formulations in teleoperation focus on blending user commands with
autonomous robot commands, typically at the trajectory or velocity level. Autonomy modules
compute a desired motion based on task objectives or obstacle avoidance, and the final command
is obtained by weighted combination with the human input. This can yield strong performance
improvements, but also raises issues of authority, transparency, and potential conflicts when the
autonomous controller steers the robot against the operator’s intent. In contrast, the present
work deliberately avoids direct trajectory blending. The operator retains full authority over the
handle and thus over the commanded pose of the avatar arm. Assistance enters only indirectly,
through modulation of impedance parameters and through the presentation of information. This
emphasizes a “nudging” perspective: the system shapes the decision context and interaction
dynamics, but does not inject hard motion commands.

The dynamic assistance elements are closely related to haptic guidance and virtual fixtures
[1, 20], which impose attractive or repulsive fields in task space to guide the operator along
desired paths or constrain motion in certain directions. The guidance fields and insertion
helper implemented here can be interpreted as adaptive, task-dependent virtual fixtures that
are switched and parameterized by the recommender. However, they are intentionally kept
relatively soft and are bounded in strength, so that they bias the interaction without fully
constraining it. This differs from rigid virtual fixtures that enforce strict geometric constraints
and can effectively turn the human into a trigger for pre-defined motions.

On the information side, the work connects to mixed-initiative and interface-centric approaches
where the system manages visual cues, highlights relevant objects, or adapts displays based on
inferred intent. The digital twin, target-locked overlays, and wrist-mounted indicators pursue
a similar goal: to reduce cognitive load and support better choices by making task structure,
distances, and progress explicit. The key difference is that these cues are not entirely scripted;
their activation and parameters are chosen online by a learning-based recommender that observes
task context and interaction history.

Methodologically, the project also bridges model-based and data-driven perspectives on shared
control. The initial Stackelberg formulation with an LQG follower and a Bayesian persuasion-
inspired leader represents a mathematically elegant instantiation of a hierarchical optimization
viewpoint: the system models how a rational follower reacts to information and assistance, and
chooses its strategy accordingly. In practice, the modeling gap to real human behavior and
the tuning effort made this approach brittle for real-time deployment. The subsequent shift to
contextual bandits replaces the explicit follower model by an empirical, online-updated mapping
from context to actions. This sacrifices some theoretical structure but gains robustness and
direct use of measured task features. Conceptually, the bandit-based recommender can still
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be seen as implementing a pragmatic version of the Stackelberg idea: it observes the outcome
of its previous “signals” (informational and dynamic nudges) and adapts them to steer the
joint human-robot system towards favorable regions of the state space, without requiring a full
closed-form model of human decision-making.

In summary, the proposed system can be viewed as a shared control architecture that emphasizes
gentle, recommender-like influence rather than hard arbitration of commands. It combines
elements of virtual fixtures and adaptive interfaces under a learning-based decision layer, and
explores how such a nudging-style shared control compares to more traditional schemes in terms
of workload, interaction quality, and operator experience.

7.5 Methodological reflections and design choices

7.5.1 From Stackelberg LQG model to contextual bandits

The development of the recommender followed two distinct stages: an initial model-based
formulation as a Stackelberg game with an LQG follower, and the final implementation as a
contextual bandit acting on task-level features. This trajectory reflects a trade-off between
conceptual elegance and practical robustness.

In the original formulation, the teleoperation channel and the human operator were modeled
jointly as a stochastic dynamical system with an LQG controller acting on an EKF belief state.
The recommender played the role of a Stackelberg leader: it chose dynamic and informational
parameters while anticipating the optimal response of the LQG follower. This yielded a clean
mathematical structure. The Gaussian belief representation provided a natural handle on
uncertainty, informational nudges could be interpreted as changes in the observation model,
and the bi-level optimization formalized the idea that the system reasons about how its signals
shape the operator’s internal state.

However, turning this into a real-time controller exposed several limitations. First, the behavioral
gap between the LQG follower and actual human operators proved substantial. While local
motion patterns could be qualitatively similar, the model was highly sensitive to cost weights,
noise covariances, and phase segmentation. Parameter settings that were attractive from a
control-theoretic perspective did not necessarily correspond to what operators found useful
or natural. For example, the model tended to favour variance reduction in state components
where humans did not care about precise information in that phase, leading to nudges that were
mathematically justified but practically irrelevant. Second, encoding different kinds of nudges
and modalities as modifications of the observation model and cost function required many design
choices and hand-tuned parameters, which made the system brittle and hard to extend. Third,
the computational budget for online simulation of belief dynamics and LQG responses, even on
a reduced horizon, left limited room for richer models or additional constraints.

These issues motivated the shift to a contextual bandit formulation. Instead of modeling the
human as an explicit optimal controller, the bandit-based recommender treats the human-robot
system as a black box that can be probed via actions and observed via rewards. Task-level
features—such as current phase, target identity, relative distances, contact indicators, and recent
history of interaction forces—are used as context, and the recommender chooses among a discrete
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set of candidate nudges. Outcomes are evaluated through simple reward functions derived from
performance and interaction measures, and the bandit updates its action preferences online.
This design has several practical advantages:

o It operates directly on measurable quantities that are meaningful for the tasks, without
requiring a detailed cognitive or motor model of the operator.

o It is robust to modeling errors in the teleoperation dynamics and to inter-individual
variability, because it does not assume optimality of the human but simply learns which
nudges tend to work better in which contexts.

« It accommodates different nudge types (informational, dynamic) in a uniform framework,
as long as their effects can be evaluated via the reward.

o It can exploit offline data to construct informative priors, so that the system does not
have to start from a uniform, potentially suboptimal, exploration policy.

Despite this shift, insights from the Stackelberg LQG attempt remained influential for the final
design. The explicit modelling of belief dynamics highlighted the importance of uncertainty
and phase-dependent priorities, which informed the selection of context features for the bandit
(e.g. distance to target, contact state, phase labels). The distinction between informational
and dynamic channels in the leader model motivated the separation into two bandits with
different action spaces and reward structures. The notion that informational nudges act by
shaping belief, and dynamic nudges by shaping interaction dynamics, guided the choice of
reward signals (reductions in contact forces, smoother motion, fewer timeouts) as proxies for
successful influence.

In hindsight, the model-based Stackelberg formulation can be seen as a conceptual scaffold: it
provided a principled vocabulary for thinking about leader—follower interaction and informational
influence, but its direct real-time implementation was too fragile for the experimental setting.
The contextual bandit approach retains the hierarchical perspective—system actions are chosen
with the expectation that they will affect future human behavior—but delegates the details
of the human response to data. This combination of a theoretically motivated structure with
a pragmatic, data-driven learning method turned out to be more suitable for the targeted
teleoperation scenarios.

7.5.2 Teleoperation architecture and embodiment

The teleoperation architecture was deliberately designed to provide a strongly embodied experi-
ence: operators see the environment through a head-mounted stereo camera, hear binaural audio
from the task space, and interact with the robot through a grounded haptic device that directly
drives a human-like arm. This level of embodiment is not incidental. Subtle informational and
dynamic nudges are only meaningful if the underlying teleoperation channel is already intuitive
and predictable; otherwise, basic usability issues dominate the experience and confound the
effects of the recommender .[28, 44, 50].

Several architectural decisions were crucial to achieve this baseline. On the visual side, rendering
in VR using head-locked stereo layers and low-latency NDI streaming ensured that the camera
motion closely followed head motion, minimizing lag and motion sickness [9, 48|. Task-relevant
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overlays and the digital twin were anchored consistently in the same world frame as the robot
and objects, so that visual cues aligned geometrically with the physical interaction. The binaural
audio stream reinforced the sense of presence by conveying contact and background sounds from
the robot workspace without additional artificial processing.

On the control side, Cartesian impedance for the avatar arm provided a natural mapping between
handle motion and end-effector motion. Operators could think and act in task space, while
the controller absorbed small inconsistencies and contact events as compliant behavior rather
than abrupt corrections. The pan—tilt head control, driven by the operator’s head pose with
appropriate limits and damping, made the viewpoint respond in a human-like way. Together,
these choices ensured that the avatar behaved as a physically plausible extension of the operator,
which is a prerequisite for interpreting measured changes in motion and forces as responses to
nudges rather than artifacts of the control scheme.

The perception backbone and world-frame representation tied these components together. By
expressing robot poses, object poses, and visual overlays in a common coordinate system,
the system could deliver consistent feedback across modalities: the same object that was
highlighted in the digital twin could be targeted by guidance fields and stabilized in haptic
interaction. Finally, the central state machine and communication architecture provided reliable
coordination between devices while keeping low-level control loops independent and responsive.
This separation allowed the recommender to inject informational and dynamic cues at the task
level without compromising basic stability or embodiment.

In summary, the architecture was not only a technical platform but also an experimental
condition: it established a realistic, embodied teleoperation baseline against which the influence
of informational and dynamic nudging could be meaningfully assessed.

7.6 Limitations

The findings of this work should be interpreted in light of several experimental, methodological,
and modeling limitations.

From an experimental perspective, the number of participants was relatively small, and each
session was long and demanding. Some operators reported mild motion sickness [23, 48] or
arm fatigue towards the end of the experiment, which may have affected their performance and
workload ratings in later trials. The study was conducted on a single teleoperation platform
(arm, haptic device, VR system) in a laboratory environment, so it is unclear to what extent
the results transfer to different hardware, tasks, or user populations. The two tasks, while
representative of common teleoperation scenarios, also have limitations. The gearbox assembly,
in particular, has a modest cognitive demand: after a few initial trials, most participants settled
into a stable routine and no longer needed to reason explicitly about the sequence or exploit
subtle optimizations, especially given the small workspace and short path lengths. This reduces
the room for informational nudges to improve overt performance. Furthermore, the experiment
did not include long-term training or retention phases, so the data provide only limited evidence
on learning and transfer effects over longer time scales.

Methodologically, the contextual bandit formulation relies on a hand-crafted state and action
space and on reward signals derived from available proxies such as completion time, contact
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forces, and simple task-level outcomes. In practice, these rewards are noisy and confounded
by factors that are difficult to observe or separate, including communication delays, transient
operator fatigue, individual differences in risk tolerance, and the operator’s momentary ability
to interpret the presented information. Given the limited number of repetitions per mode and
context, the system has only restricted opportunities to explore and adapt, and it is therefore
difficult to claim that the learned policies are close to optimal. The observed improvements
should thus be seen as evidence that the chosen nudges can be beneficial, not as proof that
the bandit has converged to a best possible strategy. Statistical power is likewise limited: not
every apparent trend reaches conventional significance thresholds, and some mode differences
are better described as consistent patterns across metrics rather than as formally confirmed
effects.

On the modeling side, the representation of operator intent and internal state is deliberately
simple. Phase segmentation, intent inference, and target prediction use lightweight models and
heuristic features, constrained by the overall scope of the project and the need to maintain
real-time performance. These estimates can be inaccurate, especially in ambiguous situations,
and misclassifications propagate directly into the recommender’s context. As a result, some
nudges may be issued based on incorrect assumptions about what the operator is trying to do.
More broadly, the system does not include a detailed cognitive model of human decision-making;
it captures only coarse aspects of strategy and uncertainty.

Finally, the approach is sensitive to implementation quality, particularly in the interface and
assistance channels. The effect of a given piece of information depends critically on where,
when, and how it is presented. Poorly placed or visually overloaded overlays may be ignored
or misunderstood, and haptic cues that are too weak, too strong, or inconsistent with visual
feedback can become distracting or even counterproductive. Considerable engineering effort is
required to achieve the level of embodiment and coherence used in this study, and the results
implicitly rely on this maturity. In less refined implementations, the same conceptual nudges
might show weaker or qualitatively different effects.

Taken together, these limitations imply that the present results should be viewed as indicative
rather than definitive. They demonstrate that informational and dynamic nudging can improve
workload and interaction quality in the tested scenarios, but they do not fully characterize the
space of possible nudging strategies, nor do they establish general performance guarantees across
tasks, platforms, and user groups. Further studies with larger samples, richer models, and more
diverse conditions are needed to validate and extend the conclusions.

7.7 Implications and future work

The results of this work have several implications for the design of shared-control teleoperation
systems. First, low-cost informational nudges already have a clear effect. Modes that only
modify the interface—by highlighting admissible parts, visualizing distances and alignment, or
focusing the digital twin—consistently reduce workload and contact extremes without changing
the low-level controller. This suggests that substantial benefit can be achieved by carefully
structuring what information is shown where and when, before introducing more intrusive
assistance. In practice, this favors designs that invest in world-consistent overlays, intent-aware
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highlighting, and simple progress indicators, provided they are tightly aligned with the operator’s
viewpoint and task context.

Second, shaping contact dynamics is crucial for perceived workload in contact-dominated tasks.
The insertion results show that high-percentile forces and accelerations correlate strongly with
TLX, and that dynamic nudges such as guidance fields and insertion helpers effectively reduce
these peaks. Designing assistance that explicitly targets the interaction dynamics—by damping
misalignment and avoiding abrupt transitions—appears to be a direct route to more comfortable
teleoperation. At the same time, the saturation observed between dynamic and Full modes
indicates that there is a practical ceiling: beyond a certain level of guidance, further increasing
assistance strength or adding more cues is unlikely to yield proportional gains and may risk
over-constraint or cognitive overload.

Third, the overall architecture matters. The combination of an embodied VR interface, Cartesian
impedance control, a consistent world-frame perception backbone, and a central coordination
layer provides a coherent substrate on which nudges can act. In less integrated setups, the same
informational or dynamic cues might not align as well with the operator’s experience, and their
effect could be weaker or more variable.

Several directions for future work follow directly from these observations. On the experimental
side, longer-term studies with more participants and extended training phases would be needed
to assess teaching and transfer effects more rigorously. This includes protocols where operators
are trained with guidance and then evaluated in reduced-assistance or no-assistance modes, as
well as retention tests after delays. Expanding the task set to include more complex procedural
tasks, cluttered environments, or time-critical scenarios would help to assess how robust the
observed patterns are beyond the two scenarios examined here.

On the algorithmic side, the contextual bandit formulation could be extended in several ways.
Richer context representations—e.g. including temporal features, eye-tracking data, or more
detailed phase and intent estimates—may allow the recommender to distinguish finer-grained
situations and adapt nudges more precisely. The reward structure could be refined to integrate
multiple objectives, such as explicit safety margins, user preferences, or long-term learning
progress. Moving from bandits to lightweight reinforcement-learning methods could allow the
recommender to account for delayed effects of its actions, at the cost of more complex credit
assignment.

Finally, there is an opportunity to revisit model-based approaches with more data and improved
human models. The Stackelberg LQG formulation used here as a conceptual starting point could
be combined with learned components, for example by fitting simplified belief and cost models
from interaction data instead of specifying them a priori. Hybrid schemes that retain a model-
based core for safety and constraint handling, while using data-driven components to capture
human variability, may offer a promising compromise between interpretability and robustness.
More broadly, integrating nudging-style shared control with higher levels of autonomy—such as
task planners or supervisory agents—remains an open avenue for future teleoperation systems
that support human operators without displacing them.
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8.1 Summary of this work

This work explored how informational and dynamic nudging can support human operators in
teleoperation without overriding their control authority. Instead of treating shared control as a
problem of blending human and autonomous robot commands at the trajectory level, the system
was framed as an artificial recommender that selectively exposes information and modulates
assistance parameters to bias decisions and interaction in a favorable way.

To investigate this idea, a teleoperation architecture was developed that combines a VR-based
visual interface, binaural audio, and a grounded haptic device controlling a human-like robot arm
with Cartesian impedance control. A perception pipeline provides object poses in a consistent
world frame, and a central coordination layer manages distributed state machines and integrates
the recommender. Conceptually, the work started from a Stackelberg formulation with an LQG
follower and informational influence modeled via belief updates, but practical limitations led to
a contextual bandit recommender that operates directly on task-level features. Two bandits
independently selected informational and dynamic nudges during task execution.

The system was evaluated in a user study with two tasks: a gearbox assembly scenario and
a tactile insertion scenario. Six feedback modes were compared, ranging from manual visual-
only operation to baseline haptics and audio, enhanced interface information, purely dynamic
assistance, and a Full mode combining all nudges. Objective measures (success rate, completion
time, kinematic features, contact forces and torques) and subjective workload (NASA-TLX)
were collected.

Across both tasks, the enhanced modes consistently reduced workload, especially mental demand,
effort, and frustration, and decreased peak contact loads and high-acceleration transients, with
completion times that were similar to or modestly better than the baselines. These results
support the view that recommender-style nudging can improve interaction quality and operator
experience without removing the human from the control loop.

8.2 Answers to the research questions

RQ1: Can we guide a human operator towards more optimal decisions leveraging informa-
tional nudging? Within the scope of the tested tasks, the results indicate a positive answer
in a qualified sense. Informationally enhanced modes (Enhanced baseline, Pure information,
and Full) consistently reduced subjective workload relative to Manual and Baseline and led to
smoother interaction, as evidenced by lower high-percentile forces and accelerations and fewer
extreme contact events. In the gearbox task, these improvements came with modest reductions
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in timeouts and a shift towards shorter completion times. In the insertion task, informational
cues alone were sufficient to reduce peak forces and workload substantially, even without addi-
tional dynamic assistance, while maintaining comparable average times. Informational nudging
therefore guided operators towards more effective behavior in terms of comfort, contact quality,
and robustness to time pressure, even if it did not aggressively optimize raw speed.

RQ2: Can we make a teaching impact to the human operator beyond the recommender
environment? Evidence for longer-term teaching effects is more limited. Participants adapted
quickly to the provided cues within a few trials, and their motion became more direct and regular
as they learned how to interpret overlays, the digital twin, and the insertion helper. However,
the available data do not show strong, mode-independent improvements that would clearly
indicate lasting transfer beyond the immediate recommendations. Trial counts per participant
and mode were modest, and there was no explicit retention or post-training evaluation without
assistance. The experiments therefore demonstrate short-term adaptation to the guidance but
do not allow firm conclusions about durable skill transfer. The results are consistent with the
hypothesis that teaching effects could emerge in longer-term use, but this remains an open
question for future work.

8.3 Contributions

The main contributions of this thesis can be grouped into conceptual, technical, and empirical
aspects.

Conceptual contributions

o A reframing of shared control in teleoperation as a nudging or recommender problem,
where the system shapes information and assistance parameters rather than directly
blending human and autonomous commands.

e A clear distinction between informational and dynamic nudges as two complementary
channels for influencing operator behavior: information shapes planning, attention, and
beliefs; dynamics shape the physical interaction and contact behaviour.

e An exploration of model-based and data-driven perspectives on informational influence,
starting from a Stackelberg LQG formulation and arriving at a contextual bandit imple-
mentation that retains the hierarchical viewpoint while relaxing modelling assumptions.

Technical contributions

o The design and implementation of a teleoperation architecture with strong embodiment,
combining:

— a VR interface with low-latency stereo video, head-locked HUD elements, target- and
wrist-locked overlays, and an integrated digital twin,
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— haptic teleoperation of a human-like Franka avatar via Cartesian impedance control
with null-space posture regulation,

— pan—tilt head control driven by operator head motion and a perception pipeline that
estimates object poses in a consistent world frame,

— a central coordination layer with distributed state machines and UDP-based commu-
nication.

e The implementation of a two-bandit recommender:

— a dynamic bandit that selects assistance parameters (guidance gains, resistance levels,
insertion helper),

— an informational bandit that activates and parametrizes visual, haptic, and audio
cues,

— context features derived from intent inference, sequence planning, task phase, and
interaction statistics,

— priors constructed from a deterministic policy learned in offline experiments.

Empirical contributions

o A controlled user study comparing six feedback modes across two teleoperation tasks with
different characteristics (mixed reaching/placement vs. precision insertion).

o Empirical evidence that enhanced informational and dynamic modes:

— reduce subjective workload, particularly mental demand, effort, and frustration, in
both tasks,

— reduce peak contact forces and torques and smooth motion, especially in the contact-
rich insertion task,

— achieve these improvements without systematic penalties in completion time and
with fewer timeouts.

o An analysis of cross-condition relationships showing that, in insertion, high-percentile
forces and accelerations correlate strongly with workload, supporting the interpretation
that smoother interaction is directly perceived as easier.

8.4 Outlook

Several avenues for future research follow from this work.

On the experimental side, larger-scale and longer-term studies are needed to characterize
teaching and transfer effects more rigorously. This includes protocols where operators are
explicitly trained with guidance and then evaluated under reduced or no assistance, as well as
retention tests after delays. Extending the evaluation to more diverse tasks—such as cluttered
manipulation, remote inspection, or time-critical interventions—would help to assess how robust
the observed benefits are across domains.
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On the algorithmic side, the contextual bandit recommender can be refined and extended.
Richer context representations that incorporate temporal features, eye-tracking or gaze proxies,
or more detailed intent estimates could allow the system to distinguish finer-grained situations
and adapt nudges more precisely. Reward functions could be broadened to include explicit
safety margins, user preferences, or measures of learning progress. Moving towards lightweight
reinforcement learning may enable the system to account for delayed consequences of nudges
while maintaining interpretability and safety constraints.

Finally, there is potential in hybrid approaches that combine model-based structure with data-
driven components. Insights from the initial Stackelberg LQG formulation could be revisited
using human-in-the-loop data to fit simplified belief and cost models, or to design safety
envelopes within which learning-based nudges operate. More generally, integrating nudging-style
shared control with higher-level task planners and supervisory autonomy offers a route towards
teleoperation systems that are supportive by default: they preserve human authority over
actions while actively shaping information and interaction dynamics to make those actions more
effective and less demanding.

Overall, the results of this thesis suggest that treating shared control as a problem of recom-
mendation and nudging is a promising direction. With further development of human models,
learning methods, and experimental validation, such approaches may contribute to teleoperation
systems that are not only more capable, but also more comfortable and sustainable for their
human operators.
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