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Abstract

Autonomous manipulation systems have achieved remarkable capabilities, yet
integrating human expertise with diffusion-based policies in shared control re-
mains relatively unexplored. Additionally, finding efficient combinations of
human input with autonomous policies remains an unsolved problem. Phys-
ically impaired individuals demonstrate a strong preference for maintaining
control authority and personal agency in their daily lives. To strike this bal-
ance, this thesis proposes a novel diffusion-assisted shared control approach
that reduces mental workload while maintaining an intuitive control interface
and user autonomy.

We present two complementary contributions. First, Human-In-The-Loop
Diffusion (HITL-D) is a shared control framework dividing the 6 degrees of
Cartesian control into two distinct components. Users control end effector
position via a joystick while a diffusion policy autonomously determines orien-
tation based on scene point clouds and Cartesian position. In a multi-task user
study with 12 participants, HITL-D reduced average task completion times by
40%, decreased perceived workload by 37%, and improved Likert-scale rat-
ings for independence, intuitiveness, and confidence compared to traditional
teleoperation methods.

Second, we address the generalization limitations of shared control systems
by proposing Human-In-The-Loop Highly Generalizable Diffusion (HITL-HGD),
which leverages privileged spatial information via prompted image segmenta-

tion to condition the diffusion policy. Using alignment constraints and object
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centroids, we create an autonomous system that encodes implicit rules about
the world during inference. HITL-HGD achieves up to 300% improvement
in generalization compared to HITL-D, reaching 100% success with as few as
7 demonstrations. Additionally, we demonstrate the ability to switch object
instances under a single policy or task context while maintaining high success
rates.

Together, these contributions demonstrate that shared control fundamen-
tally enables practical assistive robotics by combining human strengths in task
reasoning with autonomous capabilities in fine manipulation, reducing oper-
ator workload while preserving independence and enabling real-world deploy-

ment.
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Chapter 1

Introduction

1.1 Background and Motivation

Wheelchair-mounted robotic arms (WMRAs) hold significant promise in en-
hancing independence and quality of life for individuals with motor impair-
ments [2-4|. Systems such as the MANUS and JACO robots extend the
functional capabilities of powered wheelchairs by enabling users to perform
activities of daily living (ADLs) such as grasping objects, opening doors, or
manipulating devices [1]. In the United States alone, more than 9 million peo-
ple live with a self-care disability and over 17 million people have independent
living disabilities [5]. This represents a little under 5% of the US population
who require daily assistance, and innovating solutions that enable self-care and
autonomy would have a large impact. However, despite decades of research
and technological advancement, WMRAs unfortunately remain underutilized
in practice due to barriers such as cost and accessibility [6]. Another major
barrier is the difficulty of control without training. Operating a high-degree-of-
freedom robotic arm through small and limited interfaces, such as a standard
2-or-3-degree-of-freedom wheelchair joystick, imposes substantial mental work-
load on the user |7]. Therefore, developing new systems to reduce barriers of
adoption like mental workload and effort during operation has the potential

to improve the quality of life for millions of people.



Figure 1.1: Left: The JACO robot arm (WMRA) being used by an elderly
man in his home. Right: Example activities of daily living (ADLs) where
robot arms may be used to help impaired individuals from [1].

Shared control is a popular field aiming to reduce workload, improve the
ease of control, and minimize degrees of control input. It addresses tasks
that could be performed by either a robot or a human independently, but
accomplishes them through various combinations of autonomous and manual
inputs from both parties. This approach reduces operator effort by decreasing
the necessary dimensions of control and mental effort compared to traditional
methods such as full Cartesian control [7-9].

The evolution of shared control has taken place over several decades. Early
work in the 1990s established supervisory frameworks in teleoperation [11],
which extended to arbitration strategies in the 2000s for assistive WMR As that
prioritized human input in the control and removed complete autonomy [12].
More recent approaches in the 2010s and later have matured into probabilistic
and intent-aware models [dragan2013policy, 10|, and increasingly leverage
learning-based methods for personalization and high-dimensional control [13].
Learning-based methods are particularly valuable in their ability to adapt
to user preferences and environmental changes while providing autonomous
feedback to the system [14]. However, a well-documented challenge in shared

control is that restricting user input, optimizing control mappings, or providing



Figure 1.2: Javdani et al’s shared control architecture illustrating the blending
between human input and autonomous predictions. Here the system predicts
possible goals and aligns with the user’s behavior to output a corresponding
action. [10]

autonomous control can sometimes result in a perceived loss of authority over
the system [10]. Kim et al. state that non able-bodied individuals see WMRA'’s
as a quintessential tool for enabling independent interaction but with too much
assistance, WMRA’s can be seen as just another agent to do work for them.
This tension between autonomy and assistance is particularly important in
assistive robotics, where maintaining user agency is as critical as improving
task performance.

Another significant challenge limiting the wider adoption of learning-based
shared control is the requirement for policies to generalize robustly across di-
verse environments, task variations, and workspace configurations. Recent
work has argued that achieving such generalization requires developing large-
scale standardized datasets containing millions of diverse tasks and demonstra-
tions, paralleling successful approaches in vision, language, and robotics [15-
18]. Yet learning robust sensorimotor policies remains fundamentally challeng-

ing due to high computational demands, the complexity of real-world physical



interactions, and the difficulty of capturing sufficient behavioral diversity in
training data [18-20]. Consequently, the data requirements and computational
barriers for developing generalizable shared control systems have become a sig-
nificant obstacle to practical deployment in real-world assistive applications.

Recent approaches to improving policy generalization have explored several
conditioning mechanisms. Point cloud-based conditioning, which leverages in-
herent spatial understanding from 3D data, has shown promise in improving
generalization |21, 22]. However, these approaches typically require manual
preprocessing steps such as hand-defined 3D region cropping to filter irrelevant
points and precise camera extrinsic calibration—requirements that are imprac-
tical in real-world assistive settings where workspace configurations and cam-
era placements vary. Alternative approaches condition policies on language
instructions 23| or object-centric segmentation masks [24], yet these methods
do not directly utilize geometric relationships between the end effector and
task-relevant objects.

This thesis develops a novel split-control framework that integrates human
teleoperation with diffusion policies, and investigates how geometry-aware con-
ditioning enables generalization across diverse manipulation tasks with mini-
mal demonstrations. The methods developed in this work address the tension
between autonomy and assistance in shared control, with the goal of reducing

barriers to adoption for modern WMRA systems.

1.2 Research Goals

To realize this vision of a practical shared control system, we ground our work
in the perspective of individuals with motor impairments and prioritize con-
cerns relevant to real-world deployment rather than theoretical convenience.
This grounding reveals three critical design constraints that emerge directly

from the barriers identified in the Background section: the system must be



intuitive and easy to learn (addressing the cognitive workload barrier of con-
trolling high-degree-of-freedom arms through limited interfaces), it must gen-
eralize across diverse tasks and workspace configurations (addressing the data
efficiency barrier that limits current learning-based approaches), and it must
be robust to variability in user capabilities, physical setups, and environments
(addressing the practical deployment barrier). These constraints motivate the

following research objectives for our core thesis:

Stage 1: Human-in-the-Loop Diffusion Policies for Shared
Control

How can we effectively integrate human teleoperation with diffusion-based au-
tonomous assistance in a way that reduces cognitive burden without sacrificing

user agency’? Specifically:

e What is the relationship between shared autonomy and user perception

of control and independence?

e How do we achieve technical performance improvements without sacri-

ficing user experience and sense of agency?

e Can diffusion-assisted shared control maintain effectiveness across ex-
periments grounded in everyday activities of daily living of varying com-

plexity?

Stage 2: Generalization and Robustness of Shared Control
Policies

How can we enable diffusion-based shared control policies to generalize beyond
training data without requiring extensive manual scene engineering while min-

imizing data requirements? Specifically:

e What geometric relationships enable policies to reason about task con-

straints in a generalizable and interpretable manner?
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Figure 1.3: Left: HITL-D translates the end effector (green arrow) with 3
joystick-controlled axes, while our shared-control diffusion integration contin-
uously adjusts orientation (blue) based on demonstrations. Right: HITL-HGD
uses 3D point-to-point and alignment constraints to give the policy even more
spatial context.

e Can geometric constraints additionally reduce the data burden required

for capable autonomous assistance?

e To what extent do geometric constraints improve generalization beyond
the training distribution to consistently complete tasks in unseen or

shifted environmental conditions?

e What is the minimal data requirement for developing generalizable shared

control systems, and how does this scale to new environments and tasks?

To address Stage 1 objectives, we introduce HITL-D (Human In The Loop
Diffusion Assisted Shared Control) and for Stage 2 objectives we introduce its
successor HITL-HGD (Human In The Loop Highly Generalizable Diffusion).
This family of human-in-the-loop methods provides a foundation for building
general, robust, and user-centered shared control systems for assistive teleop-

eration.



As seen in Figure 1.3, HITL-D was designed with the primary motivation of
maintaining user authority at all times while providing meaningful autonomous
assistance to reduce operator workload. It achieves this through a simple yet
effective approach: leveraging expert human knowledge and task context while
harnessing the capacity of diffusion policies to represent diverse robot behav-
iors in a flexible and generalizable manner. Diffusion policies have demon-
strated significant promise in learning complex behavioral distributions from
demonstrations [19, 25|. Following the control paradigm established in related
work on orientation control in wheeled mobile manipulators [26-28], HITL-D
employs a split-control approach for Cartesian motion. The user maintains di-
rect control of translation (x, y, and z axes), while the diffusion policy governs
the control of orientation (yaw, pitch, and roll). This decomposition allows
human operators to focus on simple end effector translations while the policy
handles fine orientation adjustments.

Building on HITL-D’s foundation, HITL-HGD extends the framework with
spatial constraint conditioning to improve generalization and enable robust
performance across diverse workspace configurations. HITL-HGD is motivated
by the goal of enabling individuals with motor impairments to access elegant,
adaptable shared control systems. While maintaining the same split-control
architecture as HITL-D, HITL-HGD enhances the underlying diffusion policy
with explicit geometric constraints. We demonstrate that these spatial con-
straints provide the model with improved geometric scene understanding while
remaining invariant to distribution shifts—a critical property for deployment

in novel environments and with new object instances.

1.3 Thesis Organization

The rest of this thesis is as follows: Chapter 2 summarizes the literature

review, highlighting fields in assistive robotics and machine learning, and



investigating the specific relationships to this thesis. Chapter 3 presents
the first stage of this thesis: the combination of human input and diffu-
sion policies in shared control. This chapter covers the methods and exper-
iments for this stage, demonstrating its success and motivation for further
exploration. Chapter 4 investigates generalization of the initial methodol-
ogy, motivated by the need for practical application across a wide variety
of ADLs. This chapter discusses the simple but effective changes made to
the policy and control pipeline, along with the corresponding experiments
and results. Chapter 5 discusses the implications of incorporating geomet-
ric information into diffusion-based robotic manipulation policies. It ana-
lyzes how structured spatial conditioning influences policy behavior, gener-
alization, and design trade-offs, and what this suggests for the broader design
space of shared control systems. Lastly, Chapter 6 draws the final conclu-
sion and discusses future work. Our code and system is publicly available at:

https://github.com /rileyzilka0l/human-in-the-loop-diffusion.git


https://github.com/rileyzilka01/human-in-the-loop-diffusion.git

Chapter 2

Background Methods

This chapter provides an overview of the foundational methods and prior work
that inform this thesis. We first review shared control approaches in assistive
robotics in section 2.1, then examine imitation learning as a mechanism for
learning from demonstrations in section 2.2. Finally, we discuss challenges of
developing generalizable systems and explore conditioning mechanisms that
enable adaptable policies in section 2.3. These three areas of literature form

the basis for understanding the methods and evaluation in this thesis.

2.1 Shared Control for Assistive Robotics

In practice, current WMRASs, such as the Kinova Gen3 that we use for our
research and experiments, have 6-7 degrees of freedom (DoFs). Individuals typ-
ically control these high-DoF WMRASs via a 2-3 DoF joystick on a wheelchair
armrest, creating difficulty in efficient manipulation. Shared control-—the com-
bination of autonomous and user input—has been investigated as a means of
reducing mental demand while improving usability. Explored since the 1990s
[11], shared control has been utilized across automotive, medical, space, and
assistive robotics [29]. Research in shared control has demonstrated promising
results in making teleoperation easier and more efficient.

Despite decades of research, real-world adoption remains limited due to two
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key barriers. First, users express concern about loss of agency and control
authority when autonomous assistance is introduced [4, 10, 13, 30]. Second,
many existing methods lack the expressiveness and generality required for
real-world deployment across diverse tasks and environments [31-33]. These
limitations motivate the need for shared control systems that can maintain
user agency, reduce mental workload, and generalize effectively with minimal
data requirements.

This section surveys the landscape of shared control approaches: super-
visory methods (section 2.1.1), intent detection mechanisms (section 2.1.2),
learning-based approaches (section 2.1.3), and control splitting strategies (sec-

tion 2.1.4).

2.1.1 Supervisory Methods

Early research into supervisory frameworks was presented through Sheridan
et al.’s [11] investigation into how humans could teleoperate vehicles on the
moon’s surface through communication delays and outages. This idea was
conceived as a solution to the "stop and wait" control methods that were tra-
ditionally used. The traditional methods have an operator control movement
for a brief moment, wait for the system to relay the data and repeat. Sheridan
et al.’s solution was to remove the operator from the control loop and instead
give the remote vehicle a list of instructions to complete a desired task while
supervising the incoming data to interrupt the cycle if needed.

Supervisory control appears in everyday commercial systems such as air-
planes. For example, pilots enter system parameters into flight computers en-
abling autopilot to perform autonomous course adjustments during the flight;
the pilots retain the ability to take back control authority at any moment.
Modern supervisory control examples in academia leverage natural language

instructions to prompt autonomous systems to complete the task. [20, 34-36].
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These methods demonstrate promising results in the ability for humans to in-
struct robots to autonomously grasp and maneuver in complex environments.
However, beyond being an example of supervisory control, these methods have
not been studied in shared control contexts involving humans and we are lim-
ited in our critique.

Another supervisory control approach is the one-click approach where a user
indicates their target object by clicking on the screen to trigger autonomous
retrieval [31, 32]. Dune et al. [31] use this method in assistive systems for
severely handicapped individuals. Using the MANUS arm and epipolar based
visual servoing techniques, they enable object grasping in complex environ-
ments. Together, an eye-in-hand camera and eye-to-hand camera estimate
a depth map that is used to plan retrieval paths. However, despite demon-
strating a successful method, it suffers from problems like obstacle avoidance
during the path planning estimation and requires image templates of the de-
sired objects for the tracking algorithm. Additionally, they fail to validate the
system on end users. Similarly, Tsui et al. [32] implement the one-click ap-
proach while also testing it on end users of varying cognitive ability and report
positive perceptions among users with medium-low cognition. However, they
encountered the same technical limitations regarding template-based track-
ing and obstacle avoidance, highlighting persistent challenges in supervisory

one-click approaches.

2.1.2 Intent Detection

Intent detection predicts user intent by integrating various components such
as user input, external dynamics, and environmental information during task
execution, enabling the system to autonomously provide situational assistance
through various strategies |10, 12, 37].

An early version of intent detection was implemented in 2010 by Erden et al.
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Figure 2.1: Erden et al. explored an intent aware system to assist humans
with industrial vehicle disassembly and repair tasks. |38]

[38] for industrial robotic vehicle assembly and repair. Motivated by physically
demanding tasks, they used intent detection to switch between fixed-position
impedance control and interactive control by measuring human-applied mo-
mentum at the end effector. However, the approach has two significant lim-
itations. First, it lacked a user study to validate how operators perceived
this type of assistance. Second, the system is sensitive to load dynamics: it
requires calibration for the mass in hand, and if the mass changes (e.g., if
a door panel falls during disassembly), the momentum calculations become
unreliable, degrading intent inference.

Beyond measuring interaction forces, Dragan et al. [39]| formalized intent
detection through control arbitration, as seen in figure 2.2. They call this
framework policy blending, where a user and autonomous system jointly con-

trol the robot according to:

Arobot = (1 - a)a'human + Qlyobot (21)

Arbitration is the blending of a user action (apyman) and a robot action
(aropor) controlled by « (bounded between 0 and 1). Dragan et al. [39] pro-
pose that arbitration should be moderated by confidence in the prediction of

user intent. They explore two prediction strategies: memory-based prediction,
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I =
User Input
y Arbitration
2 1-5)UE 4P —>{ Robot Action [
Robot Prediction (1-a)U+a

P

Required Urange Required Urange
w/o assistance with assistance

Figure 2.2: Dragan et al. formalized assistive teleoperation via arbitration of
control determined by user intent. [39]

P

which uses all previous trajectory data to estimate the probability of future
trajectories via cost functions, and amnesic prediction, which uses only current
state to identify the closest goal. Their experiments revealed a key insight:
users occasionally opted for less assistance even when it increased task com-
pletion time. They concluded that less blending is preferred when the task
is easy for the human or when the robot lacks confidence. This finding di-
rectly motivates our shared control design, where we prioritize user agency by
maintaining human authority over the robot’s primary motion at all times.
Javdani et al. [10] build on the idea of modeling trajectory history for
predicting the next robot action by formalizing shared control as a Partially
Observable Markov Decision Process (POMDP). They assume users operate
within goal specific distributions without external assistance, allowing them
to create probability distributions over possible goals. The assumption allows
them to satisfy the theoretical necessities of the POMDP to create probability
distributions over the possible goals. When the policy is confident of a single
goal, it will take over authority and autonomously completes the task; in
cluttered scenarios with multiple possible goals, it blends control with the

user. Their results showed that their system was able to provide input earlier,
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allowing users to grasp objects faster and require fewer inputs to complete
the task. However, users expressed dissatisfaction when the policy converged
on strategies different from their own, reinforcing the need to maintain user
authority.

Jain et al. supports user’s concern for strategy misalignment by implement-
ing a Bayesian filtering framework to infer over a number of possible goals [37].
By modeling human behavior as a Bayesian filtering in a Markov model, they
are able to encode the users intent or goal changing over time. This is the con-
ditional transition with the following probabilistic definition P(g;|g;—1) where
g; is the goal at time ¢ and ¢g;_; is the goal at time ¢ — 1. By encoding dynamic
goals and measuring uncertainty, their approach outperformed the results of
both the memory based and amnesic methods from Javdani et al. [10].

Carlson et al. [12| implement adaptive intent detection allowing users to
control how much assistance the system provides. They tested variable assis-
tance in semi-autonomous wheelchairs for navigating through doorways and
hallways. Users define waypoints and tasks while the system generates goal hy-
potheses based on user’s intent; when difficult goals are presented, the system
offers assistance that users can accept or decline. Their results demonstrate
that their assistive system generates and follows better trajectories than non
assisted trials. However, a lack of data on user preferences regarding control
and independence makes it difficult to determine the paradigm’s effectiveness
for maintaining autonomy.

Despite showing more efficient task completion in most scenarios, intent de-
tection typically falls short when measured on scales of user independence and
authority. Javdani et al. states that users often feel like they lose authority of
the robot, negatively affecting the perception of autonomy and independence.
[10]. This observation is supported by Kim et al. [4], who suggests that users

prefer to have control authority over easier control methods. They showcased
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that only one thing significantly changed; users demonstrated less variability

with the assistive mode.

2.1.3 Other Learning-Based Approaches

Beyond the intent detection paradigm, several learning-based shared control
methods have explored alternative strategies for combining human and au-
tonomous inputs. These approaches reveal important design considerations
and limitations that shape the landscape of shared control systems.

Abi-Farraj et al. [33] propose a method that encodes demonstrated be-
havior as trajectory distributions, enabling the system to generalize to new
situations while balancing autonomous assistance with user preferences. The
learned distributions are continuously refined through collaborative execution
between the human and robot. A key insight from their work is the use of
distribution variance as an implicit measure of user preference: high variance
indicates weak preference for a particular trajectory, while low variance sug-
gests strong preference for a specific behavior. The system communicates this
understanding to the operator through force feedback that indicates paths of
least resistance. However, their approach relies on time-based Gaussian dis-
tributions over trajectories, which introduces a fundamental limitation when
users deviate from the expected temporal progression. If an operator needs
to correct a mistake mid-task, the distribution changes, potentially rendering
the guidance unhelpful. Their evaluation demonstrated successful trajectory
prediction and refinement through user interaction, though experiments were
limited to object approach only and lacked subjective user ratings on auton-
omy and control perception.

Michel et al. [40] address the temporal dependency limitation by proposing
a time-independent guidance approach using vector fields. Rather than condi-

tioning on time, their method learns demonstration distributions and guides
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the operator’s movements within that distribution space. The guidance pushes
the operator back toward it when outside and accelerates them along it when
inside. By leveraging task dynamics such as forces and stiffness profiles, their
method applies to tasks requiring physical interaction. Their evaluation on
drawing tasks (S-shapes) and wiping motions (M-shapes) demonstrated lower
mean errors, faster completion times, and reduced user workload compared
to baseline methods. Importantly, their user study showed higher preference
scores for the assistance and greater reported sense of control, suggesting that
well designed autonomous assistance can enhance rather than diminish user
agency.

Muelling et al. [13] investigate how adjustable levels of control authority
can enable personalization in high-dimensional manipulation tasks. Their ap-
proach combines computer vision and arbitration strategies applied to brain-
computer interface (BCI) control of a robotic manipulator. They model the
scene using robot joint positions, gravity-compensated forces, and continuous
object tracking via computer vision, defining capture envelopes around grasp
approaches to favor accessible orientations. Following the arbitration frame-
work formalized in prior work, they map neural activity from a BCI to motion
commands. In experiments with tetraplegic participants controlling a Barrett
WAM robot on door opening, pouring, and object manipulation tasks, their
results demonstrated improvements in BCI-based control. However, the work
also revealed a critical barrier: managing multiple control modes (separate
modes for translation and rotation) imposed substantial mental load on users,
significantly impacting task success rates. This finding suggests that reduc-
ing the number of distinct control modes is beneficial for user experience in
assistive systems.

Another shared control method aims to reduce the degrees of freedom the

human must explicitly control by learning state-conditioned mappings from
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Figure 2.3: Muelling et al. [13] demonstrate stable grasp predictions for 3D
objects using learned representations and arbitration-based shared control.

low-dimensional inputs to high-dimensional robot commands. Przystupa et
al. [41] implement state-conditioned linear mappings learned from demonstra-
tions, enabling control of a 7-DoF robot arm using a 2-DoF joystick. These
locally linear maps compose to form non-linear control across the task space
and allow for soft reversibility, permitting users to recover from unexpected
robot configurations not seen during training. Their method outperforms au-
toencoder and PCA baselines on pick-and-place tasks and performs compara-
bly to mode-switching approaches on pouring tasks. However, this approach
exhibits reduced predictability outside the training distribution and applies
reliably only to tasks similar to those in the training data [42], potentially
creating confusion for users when the system behaves unexpectedly in novel
situations.

While learned approaches to autonomous assistance show promise, grasp
pose estimation represents a particularly constrained form of autonomous sup-
port. Mabhler et al. [43] trained grasp pose prediction on synthetic datasets
of millions of point clouds with analytically derived grasp metrics, demon-

strating 99% precision on novel household objects including deformable items.
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Ten Pas et al. [44] similarly developed grasp detection methods that local-
ize robotic grasp configurations from RGBD images and point clouds without
requiring CAD models, achieving grasp success rates between 75% and 95%
on novel objects in light clutter. Although grasp pose estimation successfully
predicts stable end-state orientations, these static goals often conflict with the
user’s immediate control objectives. Even when providing analytically stable
poses, such rigid autonomous goals can diminish the user’s sense of agency by
overriding their intended manipulation strategy [30].

While autonomous solutions can be highly useful, a well-documented chal-
lenge in shared control is that restricting user input, optimizing control map-
pings, or providing autonomous control can sometimes result in a perceived
loss of authority over the system [10]. This tension between autonomy and
assistance is particularly important in assistive robotics, where maintaining
user agency is as critical as improving task performance. The learning-based
approaches reviewed in this section illuminate this tension: successful shared
control requires careful design choices about when and how to provide au-
tonomy, the dimensionality of control modes, and the robustness of learned

behaviors beyond training distributions.

2.1.4 Architectural Paradigms: Splitting Control

We have reviewed methods that discuss adding assistance to the system in
various ways but have not explicitly investigated literature for splitting control
between both parties. This is different from control arbitration and blending
because we do not allow the human and autonomous system to control the
same motions, and instead delegate specific dimensions to both the human
and the robot allowing each to control them individually. We investigate split
control methods that are similar to our own, assigning the translational control

to the user and the orientation and other dimensions to the system.
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Figure 2.4: Fu et al. [28] showcase the benefits of a foundation model in pre-
execution task planning.

A recent work called Task Aware Shared Control [28] explores the same ori-
entation—translation split that we define in this thesis, but leverages foundation
models and a grasp planner for zero-shot shared control. Fu et al. utilize the
foundation model to construct an open-vocabulary interaction graph capturing
possible object to object relationships and the corresponding interaction con-
straints. The results of their work demonstrate generalization across multiple
manipulation tasks and object configurations without task-specific training.
Additionally, the interaction graph technique influences success in multi-step
tasks by providing long horizon interaction steps between objects, which is
an important class of ADLs. Beyond achieving success across tasks, this split
control architecture showcased reduced user input effort compared to existing
baselines.

Jin et al. [26] developed an intent aware split control method for inspecting
and viewing objects from different angles. In their work, the human operator
directs initiatives through translational control to approach objects, the system
then facilitates task execution through autonomous orientation control. The
core idea is that the autonomous system will orient about an object as the user
moves to see it from different angles. Using computer vision techniques, they
track and focus on particular objects within the camera view. The orientation

execution is determined through an intent aware policy. Intent is measured by
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Figure 2.5: Sun et al. [27| demonstrate their split control key-pose guided
assistive teleoperation system.

directly comparing calculated trajectories for seeking a particular object with
the current user trajectory. While this work does implement a split control
setup, its experiments were limited and show no indication of user preferences.

Sun et al. [27]| raise concerns about bilateral teleoperation between dif-
fering devices; that is, when one device has different kinematics, number of
joints or sizes than the other. This work establishes a set of keypoints for
a task, for example, the pose of picking up a cereal box, the pose pouring
it over the bowl, and the pose of putting it in a cupboard. To maneuver
between those poses they utilize dynamic movement primitives (DMP) to gen-
erate trajectories between the poses. The operator moves the leader device
translationally, while the robot performs orientation updates along the DMP
trajectory. Their results showcase success in bilateral teleoperation of devices
with different structure. However, this method does not preserve a natural
control mapping in the task space; sideways movements on the leader device
may not correspond to sideways movements on the follower device. This can

potentially lead to increased mental workload for the operator.
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2.2 Imitation Learning and Diffusion Policies

Behavior cloning (BC) is a foundational imitation learning approach where the
objective is to learn observation-to-action mappings directly from demonstra-
tions. However, BC struggles with multi-modal behaviors common in manip-
ulation tasks, motivating more expressive alternatives. This section reviews
BC and its limitations, then examines diffusion policies as a solution. We
conclude by exploring why diffusion policies are particularly suited to shared

control contexts through inpainting and other capabilities.

2.2.1 Behavior Cloning

Torabi et al. [45] learn policy behavior strictly from the state gathered during
demonstrations, that is, their method is action agnostic. While most works are
concerned with mimicking actions, in reality, humans do not know the specific
action a demonstrator is taking. They demonstrate success in simulated tasks
with their BC policy. Mandlekar et al. [46] were focused on creating replicable
testing environments and datasets for behavior cloning and imitation learning
research. They make an observation that history dependent BC has more
success in task completion than batched reinforcement learning based imitation
learning.

Codevilla et al. [47] explore the limitations of BC for autonomous driv-
ing. They demonstrate their adoption of BC on human driving datasets in
the CARLA simulator. They identify limitations in BC. One of them is bias,
especially in driving datasets. Most of the data consists of a few simple be-
haviors such as accelerating, stopping and more while there is a lot of different
complex reactions to unseen events such as a pedestrian running into the road.
This results in performance degradation because the diversity of the dataset

does not grow in response to the amount of data. Another limitation is causal
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confusion [48]; the experiments in the paper highlight causal confusion such
as stopping at a red light, the probability of staying stopped is high, so this
creates issues with restarting and acceleration.

Despite a widespread adoption of behavior cloning, there are well docu-
mented limitations [47]. Standard BC typically learns a unimodal mapping
from observations to actions (0 — a). This presents issues with dataset bias
and overfitting when learning actionable policies. In shared control settings
where behavior is often multi-modal, a single user input could validly lead
to multiple distinct manipulation strategies. Common BC models often av-
erage these modes and suffer from multi-valued function discontinuities [49],
resulting in physically inconsistent or ineffective trajectories. Motivated by
the limitations of mode averaging, we move away from standard BC models
and move towards energy based models such as implicit behavior cloning [49]

and diffusion for learning expressive policies.

2.2.2 Diffusion Models

Diffusion models are an increasingly popular class of generative policy in im-
itation learning. They work by treating policy generation as an iterative de-
noising process [50]. This approach is learned by systematically adding noise
to sampled data and learning a function to remove it. By following the gra-
dient of the data density, diffusion models capture multi-modal distributions.
Unlike traditional behavior cloning, which predicts a mean trajectory from a
unimodal distribution, diffusion policies sample from the joint distribution of
entire trajectories, p(7).

Chi et al. [19] demonstrate multi-modal expressiveness in their work called
Diffusion Policy. They formulate a conditional de-noising process by condition-
ing action predictions on a history of data including robot positions and image

data. They utilize an action-sequence prediction formulation to capture addi-



23

IBC

Diffusion Policy LSTM-GMM

Figure 2.6: Chi et al. [19] visualize the multi-modal abilities of diffusion
policies compared to other behavior cloning methods. The goal is for the blue
dot to move to the other side of the "T" and push it into place.

tional robustness in temporal consistency and robustness to idle actions such
as pouring liquids where you must wait for the pour to be finished. Their re-
sults showcase success in simulated and real-world experiments, demonstrating
large improvements over traditional behavior cloning methods like IBC [49].
Their work yields several important findings for policy design. First, they
demonstrate that diffusion policies can effectively capture multi-modal dis-
tributions, enabling more expressive action predictions than unimodal ap-
proaches. Second, they show that diffusion policies are more effective with
position control than velocity control which contrasts with prior work [46,
49|, where velocity control showed advantages. Chi et al. speculate that this
difference arises because multi-modal distributions are more pronounced in po-
sition control. Additionally, position control avoids compounding errors that
accumulate with velocity-based predictions. This finding has direct implica-
tions for our shared control design, where position control of translation aligns

naturally with the autonomous control of orientation.

2.2.3 'Why Diffusion Policies for Shared Control

Beyond their ability to capture multi-modal distributions, diffusion policies

offer a second key advantage for our approach: inpainting. Inpainting is the
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process of filling in or adding new content to a piece of data in the region
specified. This capability directly aligns with our assistive split control design.
In our approach, the human provides a Cartesian position (x, y, z), while the
remaining 3 DoFs making up end effector orientation (6, ¥, ¢), are predicted
by the policy. The policy’s role is to inpaint an orientation that remains
consistent with both the environmental observations and the user’s position
input.

Inpainting first demonstrated relevance in image generation, where researchers
conditioned the inpainting process with the partially known image content [51,
52]. Notably, this generative process is not trained directly on the task of in-
painting. Instead, the DDPM [50] is trained to generate an image that lies
within a learned distribution, which naturally generates consistency during
denoising. By specifying known values in a particular region, the model uses
these constraints as distributional guidance during generation, a principle we
leverage in this thesis.

To the best of our knowledge, there are few works investigate inpainting for
robotic manipulation tasks. Hao et al. [53| explore inpainting in the context
of a vision language model (VLM) to generate actionable 3D pose key frames
from language prompts to guide policy generation. Since key frame poses can
be inaccurate, they utilize an optimization strategy that balances key frame
adherence with the learned motion priors. Their technique is marginally better
on in-distribution tasks for experiments like grasp pose estimation and the
Push-T task [19]. They additionally demonstrate significant improvements
in generalization to out of distribution tasks, motivating our investigation of
inpainting for autonomous policies.

Relating to the work from Hao et al. [53], we treat the user’s translational
input as a constraint while the policy inpaints an end effector orientation

consistent with the task context. The user provides authoritative positional
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guidance, and the policy’s role is to reactively generate task-appropriate orien-
tation that respects both this guidance and the learned behavioral distribution.
For practical deployment in everyday scenarios, however, expressive policies

must also generalize reliably across diverse environments and tasks.

2.3 Enabling Generalization

While diffusion policies and split control provide expressive learning and intu-
itive interfaces, enabling generalization across diverse environments and tasks
remains a critical challenge. Generalization depends on key factors: structured
conditioning data that captures task-relevant information, and invariance to
distribution shifts such as object arrangement or coordinate frame changes.
This section reviews conditioning mechanisms that encode rich environmental

information and strategies for achieving robustness to such shifts.

2.3.1 Conditioning Mechanisms

It is one thing to increase the size of the model, how it learns the distribu-
tion or the capabilities of the hardware, but eventually we are limited by the
data we feed the system. The ability to seamlessly condition our prediction
on high dimensional data [54, 55| creates numerous possibilities for synthe-
sizing expressive policies. This section examines two promising conditioning

approaches: point cloud representations and geometric constraints.
2.3.1.1 Point Clouds and 3D Representations

A primary challenge in learning visuomotor policies is generalizing beyond the
training data and task contexts while also maintaining data efficiency. Re-
search into visual representations for conditioning manipulation policies has
shown that 3D representations such as point clouds or voxels exhibit much

stronger spatial generalization than 2D image or depth-based approaches [21-
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Figure 2.7: Ze et al. [21]| showcase a motivating example for using point-
clouds as a conditioning mechanism. The figure represents successful evalua-
tion points (blue) from a set of 5 demonstrations points (orange). Their results
surpass that of behavior cloning methods [49] and the image-based Diffusion
Policy [19]

23, 56]. Point clouds naturally capture scene geometry, allowing architec-
tures like PointNet++ [57] and Perceiver-based networks 23] to extract task-
relevant structural features.

Shridhar et al. [23] developed PerAct, a transformer-based manipulation
policy using a novel problem formulation. PerAct encodes language goals
with RGB-D voxel observations using a Perceiver transformer to output dis-
cretized actions. The actions are decoded and passed into a motion planner to
satisfy translation, orientation, gripper and collision constraints. By reformu-
lating the problem with 3D structure and language conditioning, they enabled
PerAct to perform at a state-of-the-art level surpassing policies which used
unstructured image-to-action policies..

Ze et al. [21] built on the Diffusion Policy [19] framework by substituting im-
age conditioning with encoded pointclouds conditioning along with the robot
state. Their approach, DP3, takes a single view pointcloud, down samples it
to 512 or 1024 points using farthest point sampling (FPS) and then encodes it
to a 64 dimensional latent vector. This simple modification significantly im-
proved performance. Across 72 tasks, DP3 demonstrated significantly higher
success rates over baseline methods. DP3 additionally demonstrated that con-

ditioning directly on the 3D data improves zero-shot generalization to novel
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object poses. Their generalization extends to spatial (moving objects), ap-
pearance (flashing disco lights at the scene), instance (switching the objects)
and view generalization (moving the camera). Beyond conditioning on point-
clouds, they conducted ablation studies on their own method switching the
pointcloud for voxel, RGB-D and image representations and concluded that
pointclouds remained superior.

Li et al. |24] further showcased that when we can remove the noise of the
scene via object centric segmentation, generalization abilities are increased
even more. Their method Lan-o3dp follows a very similar setup to DP3,
however, their differences arise in the point cloud conditioning. While DP3
requires view cropping to remove unwanted noise and points, Lan-o3dp uses
language conditioned segmentation to get object masks and project these onto
the pointcloud. This eliminates the need for manual viewpoint cropping while
enabling broader generalization. Lan-o3dp demonstrates competitive results

in all tasks compared with Diffusion Policy [19] and DP3 [21].
2.3.1.2 Geometric Constraints and Spatial Reasoning

Beyond capturing 3D structure of the environment, it is crucial to understand
how objects interact with each other through geometric relationships such as
alignment constraints and spatial dependencies. We draw inspiration from
humans’ innate ability to reason about object interactions [58]. Object inter-
actions such as pouring water require geometric understandings: the bottle’s
pivot point, hand trajectory relative to that point, and the height difference
between bottle and cup. Mitko et al. explain that humans have "intuitive dy-
namics", we judge trajectories intuitively without explicit calculation, we can
draw conclusions based on intuition and spatial factors. Extending this capa-
bility to robotic policies motivates our investigation of geometric constraints.

Borghesan et al. [59] introduce formalized rules for incorporating geometric
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constraints into robotic manipulation. Although they lack real-world eval-
uation on robots, they establish the idea of constraints such as distances,
alignment angles, approach axes, normal axes and more. They formalize these
constraints in the focus of expressions between entities. Additionally, they in-
troduce a schematic for constraining behaviors such as moving by specifying a
direction or rate of motion rather than the final position. Positioning behavior
requires object centric geometry such as point to point differences or point to
line projections. This work motivates our exploration of implementing such
formalized constraints.

Sun et al. [60] incorporate geometric constraints using projective geometric
algebra (PGA). PGA is grounded in Euclidean space using planes as primitives,
it uses these planes to form a 4D basis representation for motion. They pass
object poses as plane primitives along with robot forward kinematics into
their diffusion policy, which results in a vectorized sequence of constraints that
they can model motion with. While their method achieves high success rates,
it requires 200 demonstrations for real-world tasks and depends on accurate
pose estimation to extract plane primitives. Furthermore, their experiments
use neatly structured rectangular objects, and it is unclear how the approach
generalizes to everyday items like kitchen utensils and tools.

Li et al. [61] propose an alternative way to model spatial relationships,
through their method ADPro, which constrains the diffusion denoising pro-
cess to a spherical manifold. Rather than conditioning on spatial information,
ADPro constrains the denoising process to respect underlying spatial rules,
leveraging the fact that end effector pose naturally provides gradient direction.
While ADPro improves backtracking efficiency and shows minor improvements
over baselines, its geometrically constrained denoising does not explicitly en-
code spatial relationship understanding. This limitation motivates our goal:

developing policies with the same "intuitive dynamics" that humans possess.
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Figure 2.8: Tang et al. GeoManip method showcases an example of extracting
various geometric constraints via VLMs [62]

Tang et al. [62] more directly incorporate implicit spatial knowledge in
their method, GeoManip. Their method utilizes structured language com-
mands to extract stage specific geometric constraints for the task context. A
geometry parser identifies constraint primitives (planes, lines, edges, surface
normals), which a vision language model then uses to generate cost functions
for optimization. They achieve significant improvements in both simulation
and real-world tasks like pick and place, pour, open, stir. However, it faces
challenges in language-based problem specification, cost function generation,

and constraint identification.

2.3.2 Invariance to Distribution Shifts

A key limitation of previous 3D learning methods like DP3 [21] is their de-
pendence on hand-defined crop regions to eliminate noise and irrelevant data.
These crops are sensitive to camera position changes meaning that new crops
must be computed whenever the camera moves. This motivates two goals:
eliminating manual cropping and achieving robustness to camera perturba-
tions.

Li et al. [24] addressed cropping by using language-guided segmentation,
which automatically isolates task-relevant objects and eliminates the need for

manual preprocessing. This approach enables greater viewpoint generalization.
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Alternatively, some methods transform point cloud coordinates into object-
centric or robot-centric coordinate frames [23|, allowing the policy to reason
about spatial relationships independent of the camera coordinate system.

To achieve robust generalization, policies must be invariant to changes in
scene configuration, object appearance, and camera viewpoint. Scene and ob-
ject invariance can be achieved through language prompted segmentation, as
demonstrated in prior work [23, 24|. Viewpoint invariance requires represent-
ing visual data in ways that are insensitive to camera motion. Translation
invariance can be achieved by centering the point cloud on its centroid. Ro-
tation invariance typically requires specialized network architectures such as
Vector Neurons [63] or SE(3)-equivariant networks [64].

Alternatively, invariance can be achieved through data augmentation dur-
ing training. Laskin et al. [65] demonstrated that augmenting training data
with scene translations and arbitrary scalings improves generalization. This
approach effectively expands the training distribution beyond the original
demonstrations, enabling the policy to encounter and adapt to variations not

explicitly captured in the data.



Chapter 3

Combining Human Input And
Diffusion Policies

Now that we have built up a baseline of knowledge across all the necessary
domains, we can begin building a system capable of the stage 1 research goals
outlined in section 1.2. We introduce Human In The Loop Diffusion
(HITL-D), our first contribution towards enhancing assistive robotics with
simplified shared control. This work does not address motion constraints,
including intent detection or object avoidance. There is also no attempt to
reduce the robots’ degrees of freedom through a reduction mapping. Instead,
motivated by our literature review on shared control, we introduce the us-
age of a split control paradigm that utilizes a learning-based method for the
autonomous component. The user controls the robot’s translational position
at all times while a diffusion policy reactively inpaints a task-consistent ori-
entation for the task. We chose diffusion policies because they have proven
very beneficial in recent robotic manipulation research. They provide several
advantages for shared control: naturally capturing multi-modal behavior dis-
tributions while seamlessly conditioning on high-dimensional observations such
as point clouds and robot state. Our approach focuses on maximizing user in-
dependence while using shared autonomy to complete tasks faster and with

reduced workload while being able to model human behavior appropriately.

31
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3.1 Supplementary Knowledge

It is important to get a baseline understanding of how specific parts of our
implementation work. We outline the general workings of a Denoising Dif-
fusion Probabilistic Model (DDPM) [50]. This framework is the basis of
Diffusion Policy [19] which is further developed in DP3 [21], one of our core

influences.

Action Generation Starting from a sample drawn from a standard Gaus-
sian distribution N(0, ), the model iteratively denoises this sample over K
timesteps until convergence on a single action vector a®. Let a® denote the
initial noisy sample. The denoising network e, performs K sequential denois-
ing steps, each guided by visual observations v (such as point clouds) and
robot state s (joint positions, velocities, etc.), to produce a noise-free action

according to:

akil = ak(ak —’}/kGQ(CLk,k,U,S)) +O—kN(07[)7 (31)

where N(0, ) is standard Gaussian noise added for stochasticity, and oy, s,
and oy, are coefficient functions of the timestep k defined by the noise scheduler.
These coefficients control the magnitude of denoising at each step, early steps
make large changes to the noisy sample, while later steps make fine refinements.
The noise scheduler is designed such that the process smoothly transitions
from pure noise to a valid action. This iterative procedure corresponds to the
reverse diffusion process [50].

The key advantage of this formulation is that at each denoising step, the
network conditions on both the current state of the sample and the observa-
tions, allowing it to generate actions that are simultaneously consistent with

the learned behavior distribution and responsive to the current visual and state



33

context.

Training Objective To learn this denoising process, the network ¢y is trained
on a dataset D of demonstrated actions to predict noise that is artificially
added to clean actions during the forward diffusion process. For each train-
ing sample, an action ag is pushed towards a standard gaussian distribution
N(0, I) by adding an amount of noise corresponding to a random timestep k,
creating a noisy version ai. The training objective is to minimize the mean
squared error between the true noise added and the noise predicted by the

network:

L = MSE (ek, eo(apa® + Bre® kv, 5)), (3.2)

where @, and /35 are coefficients determined by the noise schedule that control
how much clean signal versus noise is present in the noisy action. The network
is trained to predict ¢, the noise component, conditioned on the noisy action
ay, timestep t, visual observations v, and robot state s. By training on this
objective across all timesteps, the network learns a conditional distribution
over actions that respects both the structure of the demonstration data and

the current observations and state.

Hyperparameter Tuning Hyperparameter tuning for diffusion policies is

commonly adopted as follows;

e Horizon — the length of the action sequence the policy predicts in a
single forward pass, determining the temporal window of planning. DP3

uses 4, Diffusion Policy uses 16-32.

e Action Steps — the number of action steps taken from the predicted

sequence, allowing the policy to generate longer sequences but only ex-
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ecute a subset, used for consistent generations. DP3 uses 3, Diffusion

Policy uses Horizon/2 (8-16).

Inference Steps — the number of denoising iterations performed dur-
ing policy roll out, controlling the trade-off between inference speed and
action quality; fewer steps are faster but may produce structurally in-

consistent actions. Commonly chosen is 10.

Training Steps — the number of discrete timesteps in the forward
diffusion process during training, defining the noise schedule granularity;
higher values provide finer noise schedules but increase computational

cost. Commonly chosen is 100.

Noise schedule — defines how much noise gets added at each training
step (e.g., linear, or squaredcos_cap_v2), which is just a mathematical
curve that controls noise progression. Linear often results in vanishing
gradients while squared cosine presents more training stability via an
adaptive schedule that avoids dumping lots of noise right away. Com-

monly chosen is squaredcos_cap_v2.

Learning rate — the optimizer’s step size controlling how aggressively
the network weights are updated during training; typical values range
from 1075 to 1072 depending on batch size and task complexity. Com-

monly chosen is 107°.

Learning rate scheduler — how the learning rate changes during
training (e.g., cosine annealing, linear decay, exponential decay) along
with warmup steps; cosine annealing gradually decreases learning rate
following a cosine curve, while warmup steps gradually increase the learn-
ing rate at the beginning of training to stabilize early learning. Com-

monly chosen is cosine with 500 warmup steps.
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Figure 3.1: Overview of HITL-D methodology. During training, expert demon-
strations are collected from a teleoperation interface, conditioning our robot
action on a cropped and processed point cloud and robot state. During evalu-
ation, a user will manipulate the robot by sending Cartesian position updates
to the end effector. These updates run through our control loop along with
point clouds to predict end effector orientations.

3.2 Methods

Human In The Loop Diffusion (HITL-D) is a purely reactive shared con-
trol approach where a diffusion policy conditions on sparsely sampled point
clouds and end effector Cartesian positions to predict an end effector orienta-
tion as an assisting action. This combination of human input and autonomous
output allows the user to maintain control while also benefiting from non-
intrusive autonomous assistance.

Orientation was chosen as the action based on two considerations: safety
and workload. The user always maintains primary control of the robot as the
autonomous predictions cannot change the position of the end effector. Del-
egating orientation to the autonomous model simplifies system use, allowing
the robot to perform fine, task-specific adjustments while the human focuses
on coarse positional control. This is especially beneficial for individuals with
physical impairments who struggle with fine manipulation. Additionally, by

delegating only position control to the human operator, we eliminate the de-
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manding mode switches present in other shared control methods, where oper-
ators must switch between different control modes [7-9].

In HITL-D, our diffusion policy maps observations o € O to an assisting
action a € A while the user remains in primary control of the robot. Compos-
ing our system, there are 3 key parts: (a) Autonomous Policy Training,
built upon a comparably small number of demonstrations and the perception-
decision framework in |21], the action prediction is absolute end effector orien-
tation in radians; (b) Reactive Diffusion Policy, adjusting certain hyper-
parameters ensures the policy reacts intuitively and preserves user control in
real time; (¢) Human-Diffusion Interaction, an assistive system is devel-
oped that reacts to the users motion using techniques that enable rapid, intu-
itive inference, allowing the system to react predictably to user input. Figure

3.1 illustrates the overall methodology and control loop.

3.2.1 Autonomous Policy Training

The autonomous component of HITL-D is a diffusion policy trained to map
multi-modal observations into absolute end effector orientations. Each training

step consists of three primary input components:

e Perception. HITL-D conditions on a colored point cloud to convey
3D spatial information, improving generalization and reducing demon-
stration requirements [21]. The point clouds are cropped with a hand
picked bounding box based on the location of the camera relative to the
scene. After cropping, farthest point sampling [66] is performed on the
point cloud reducing the number of points down to 2048. This number
balances inference speed and scene representation quality. The down
sampled point clouds are subsequently encoded into a 128 dimension
vector for simplified and faster training using the same 3 layer MLP in

21].
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e Robot State. HITL-D also conditions on a robot state vector contain-
ing the 3 dimensional x-y-z position of the end effector relative to the

Robot’s base frame.

e Robot Action. HITL-D predicts a 3 dimensional end effector orienta-

tion in radians.

Our policy is designed as a conditional denoising diffusion model [19, 50|
that we outline in section 3.1. We follow the same design choices and algorithm

as Ze et al. [21] made for their DP3 model.

3.2.2 Reactive Diffusion Policy

In pursuit of a real-time, reactive control system, we adjusted the horizon to
be 1 action prediction instead of the more commonly used, 4, 8 or 16 [19,
21]. This prioritizes reactivity over guidance to maintain user authority. We
ignore any future predictions and only orient the end effector in response to
the current Cartesian position and point cloud. Figure 3.2 demonstrates a
motivating example for the change in horizon. When users have authority
over the position of the robot, they can produce completely foreign movement
sequences to the training data. This means that if we were to predict a horizon
of 8, the policy expects the user to behave in similar sequences present in the
training data, but if the human deviates, the orientation will not be consistent
with what the user might expect. We also reduced the previous observation size
for conditioning to just 1 due to the unpredictable nature of human control over
the robot, making older observations less informative and perhaps destructive
for accurate predictions. We recorded demonstrations with uniformly sampled
sequence lengths of 256 to ensure the model observes fine-grained temporal
transitions, allowing it to predict orientation corrections for a range of typical

motions seen in the demonstrations.
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Figure 3.2: Expected path for policy (orange), user translation path (blue),
end effector orientation (black axes). A justifying example for not using action
chunking and instead using a horizon of 1; users can move in ways unexpected
by the model resulting in an end state inconsistent with the user’s path.

3.2.3 Human-Autonomy Interaction

The interaction between human control and orientation assistance via our dif-
fusion policy is designed to be straightforward and intuitive. Since the policy
predicts a desired absolute orientation, velocity commands are generated based
on the difference between the prediction and current orientations. This pro-
vides rapid corrections when large discrepancies exist, while naturally slowing
movements as finer adjustments are required. The gain for this simple propor-
tional controller is 0.05. All motion is capped by a velocity limit to maintain
safety of operation. This provides a smooth and responsive change for the
users while not being quick enough to feel unnatural.

One significant positive result of our human-autonomy interactive control
design is that the safety is guaranteed and determined by the human’s control
over the robot’s Cartesian position; in response, the robot may rotate its joints
at a slow speed but it is restricted from autonomously moving to unexpected

positions in the workspace, preventing risk of damage to itself or surrounding
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persons.

3.3 Experiments

The most important metric for evaluating the viability of our system is perfor-
mance with real human users compared to other telemanipulation methods.
These experiments were approved by University of Alberta Research Ethics
and Managements (Pro00054665) and signed consent was obtained from the
12 non-disabled participants (ages 19-29, 9 male, 3 female). Experiments
followed a single-blind format with control method order randomized across

trials. Each participant used each control method for each of the three tasks.

e Cartesian Control: This method provides the user with 2 modes, one
controls the 3 dimensions of Cartesian space (X, y, z) and the other mode
controls end effector orientation (yaw, pitch, roll). Users switch between

these modes by pressing a button on the joystick.

e Point and Go Control: This method [42] remaps the coordinate
frames of the end effector creating a more intuitive "point and go" be-
havior, it was shown that Point and Go outperformed Cartesian control
in most tasks while also being better than the learned SCL method [41].
Similar to Cartesian control, users can switch modes by pressing a button

on the joystick.

e HITL-D: Our unique shared control method combining diffusion as-

sisted orientation with human translational control.

Implementation details HITL-D adopts a convolutional network-based
diffusion policy [19], using DDIM [67] as the noise scheduler. Each policy is

trained on 3000 epochs with a demonstration timestep length of 256 for all of
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(a) Unstack Cubes Task  (b) Screwdriver Task  (c) Shape Matching Task

Figure 3.3: Left: The Unstack Cubes task consists of 3 unaligned cubes and
a plate, the goal is to grab each cube on their faces and place them onto the
plate such that they are not stacked on the plate. Middle: The Screwdriver
Task consists of a screwdriver and a gray hollow cylinder, the goal of the task
is to grab the screwdriver and put it away inside the cup with the handle up.
Right: The Shape Matching task consists of a cross shape that needs to be
precisely aligned with the corresponding hole in the shape matching container.

our tasks, a horizon of 1 and a previous observation size of 1. Hyper-parameter
explanation is given in section 3.2.2.

The three tasks used in our study (Fig. 3.3) were selected to capture differ-
ent categories of ADLs [1]| and differing levels of orientation demand that the
average WMRA user may face during day to day activities. The unstacking
task primarily tested translational, while the screwdriver and shape matching
tasks required frequent orientation adjustments. This experiment design pro-
vides insight into whether the benefits of our shared control method extended
to both orientation-intensive and orientation-light tasks.

HITL-D’s diffusion policy was trained by first performing a single demon-
stration with an Xbox 360 controller, with Cartesian position mapped to the
left stick and orientation mapped to the right stick with various functions
spread across the buttons. Our control layout for both the user study joystick
and Xbox controller are provided in figure 3.4. We converged on these con-
trol layouts through testing and consultation, the joystick layout minimizes

operator effort and need to lift their fingers or hand off of the joystick during
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Figure 3.4: Control devices used in the study. 7Top row: Logitech Extreme
3D Pro Joystick interface used by study participants. Bottom row: Xbox 360
controller used by the author during demonstrations.

execution. We decided on the Xbox controller layout because it was most
comfortable and easiest to use. Using the Xbox controller for demonstrations
allowed simultaneous control over all degrees of freedom of our 7 DoF Kinova
Gen3 robot arm while doing the demonstrations. The advantage of this control
setup is that our demonstrations feel smoother and more natural as there is no
need to pause and switch between the translation and orientation modes. All
demonstrations were performed by an expert researcher to ensure high-quality
trajectories. We evaluated and trained our policy on a GeForce RTX 3090Ti.

At this stage we are only concerned with evaluating the effectiveness of a
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human and diffusion combination for manipulation, not the generalization of
our policy. While broader research in robotic diffusion policies tests many
demonstrations for generalization and robustness, we only test this framework
with one demonstration per task which proved enough to make accurate ac-
tion predictions. Consistent with popular research [19, 21|, we expect that
increasing the demonstration count would further enhance policy capability

and adaptability to novel situations.

3.3.1 User Study Protocol and Metrics

At the start of each individual study, each participant was given a brief de-
scription of the controls and whether or not it had mode switching, but no
context on what the controls did in terms of manipulating the robot. The
users had 60 seconds to test and familiarize themselves with each system be-
fore attempting to complete 3 trials for each of the 3 tasks using each system.
This was designed to counteract the effect of in-trial learning, where a user
may improve on each trial and their subjective ratings may be impacted.
Beginning each trial, the robot was always in the same starting position
and each scene setup was replicated for each user in the study. At the end of
each task-method pair, the users were asked to fill out 2 surveys to measure
subjective attitude towards the system and subjective workload ratings. The

surveys are defined as:

1. Likert Survey: A 7 point survey measuring the following metrics;

e Confidence: how confident are you in using the teleoperation map-
ping?
e Fasier: how easy was completing the task with this method?

e [ndependence: how independently do you feel you can control the

robot?
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e [ntuitive: how intuitive was the system?
e Precision: how precise were the commands in the system?
e Predictable: how predictable was the robot’s behavior?

e Undo: how easy was it to undo mistakes with this system?

2. NASA Task Load Index (TLX): Hart et al. [68] developed a stan-
dardized system to measure subjective workload across different tasks.
In this study, it is used to enable meaningful comparisons between meth-

ods.

Trial videos, task completion time, successes and failures, mode switches,
completion times and the number of resets were collected for this study. How-
ever, mode switches were always 0 for our HITL-D method as there is only 1
mode. Resets were made available to the user in two forms; 1) required for the
tasks when the cubes were knocked over unintentionally, the screwdriver was
not dropped in the cylinder and became unreachable, or if the cross shape was
dropped and became unreachable; 2) users could request a reset if the their
control resulted in a robot configuration they could not understand or recover
from.

Comparisons of quantitative metrics were achieved with two-way repeated-
measures ANOVA. Binary success rates were evaluated with Cochran’s Q test.
For discrete data from the Likert assessments, Wilcoxon signed-rank tests were

conducted. The threshold for significance was set at 0.05.

3.4 Results

Table 3.1 shows completion times, NASA-TLX workload scores, number of
resets and success rates for each task-method pairing. Figure 3.5 displays the
Likert scale metrics for both robot behavior and perceived competence. Figure

3.6 displays the bar chart for mean mode switches across methods on each task.
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Table 3.1: Quantitative results! from the user study comparing control systems
for three tasks.

Metric Completion Time (s) NASA-TLX Workload (/100) Resets (#/Trial) Success Rate (%)
Experiment HITL-D PnG Cart. HITL-D PnG Cart. HITL-D PnG Cart. |HITL-D PnG Cart.
Unstack 95.547.1 110.4+8.0 124.249.9| 32.5+4.8 42.14+5.9 43.843.8 |0.11+0.09 0.06+0.04 0.2840.09| 100.0 91.7 86.1
Screwdriver 36.5+5.8 88.1+£9.5 72.9£9.3 | 25.54£3.4 53.6£5.2 42.1+6.4 [0.22+0.11 0.22£0.09 0.17£0.08| 100.0 94.4 97.2
Shape Match 56.7+6.7 126.1+7.0 96.9£7.7 | 32.0£6.0 57.6+6.1 52.5+7.2 [0.334+0.10 0.44+0.09 0.25+0.10| 97.2 77.8 97.2
Overall 62.94+19.1 108.2+21.1 98.0+17.4|30.0£14.5 51.1+16.4 46.1£13.8|0.22£0.25 0.24+0.16 0.23+0.24| 99.1 88.0 93.5

1 Results are reported with standard error. Bold = Shared significantly better than Point and Go; Underline — Shared significantly better than Cartesian.

Independence Independence Independence

Intuitive —Cart. Intuitive —Cart. Intuitive —Cart.
—HITL-D / —HITL-D —HITL-D
Confidence \: Confidence Confidence
Precision Precision Precision
Undo Mistakes Undo Mistakes Undo Mistakes
Predictable Predictable Predictable
Unstack Cubes Task Screwdriver Task Shape Matching Task

Figure 3.5: Radar plots for Likert scale survey measuring individual ratings
for different parts of the system. (1-least favorable, 7-most favorable)

Overall we observed a significant decrease in completion times and per-
ceived workloads across all tasks with HITL-D. Notably, standard deviations
were lower for each metric with the exception of average resets per trial, in-
dicating that performance improvements were consistent across participants.
Figures 3.7 and 3.8 demonstrate the visual significance of HITL-D’s improve-
ments over Cartesian and Point and Go. We also noticed the number of mode
switches with Point and Go to be greater than that of Cartesian control for
the Screwdriver (15.47% more) and Shape Matching task (16.82%). This con-
tradicts the results of Wang et al. [42]. We attribute this increase in mode
switches to the type of task and movements required by the user, for exam-
ple, if a user needed to move laterally without "pointing" they would have
to switch between modes often to maintain the same end effector orientation.
These types of motions were especially relevant in the screwdriver and shape
matching task.

Unstack Task: HITL-D showed significant improvements with a time
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Number of Mode Switches by Task and Control System

Mean

Screwdriver Shape Match Unstack
Task

Figure 3.6: Graph displaying the average number of mode switches per method
per task with standard deviation indicated by the error bars, notably HITL-D
has 0 mode switches.

reduction of 13.5% and a NASA-TLX workload improvement of 22.8% in
comparison to Point and Go. HITL-D was 23.1% faster and had a 25.8%
lower workload than Cartesian. HITL-D maintained competitive in the Likert
scores of independence and predictability and while not statistically signif-
icant, HITL-D showed trends of being more intuitive to the users. We also
observed that HITL-D had a 100% success rate while Point and Go and Carte-
sian methods did not.

Screwdriver Task: We observe significant improvements of HITL-D over
both PnG and Cartesian methods in completion times and NASA-TLX work-
load scores. HITL-D was nearly twice as fast as Cartesian, reducing average
completion time by 49.9%, the workload score was 39.4% lower. HITL-D was
more than twice as fast as PnG improving the average time by 58.6% and more
than halving the workload score by with an improvement of 52.4%. HITL-D
again maintained a success rate of 100% while Cartesian and PnG were close
by at above 94% success rates in all trials. HITL-D also showed higher scores,
and while the differences were not statistically significant, nearly all Likert
survey metrics, except precision, indicate that users preferred HITL-D for this

task.
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Figure 3.7: Box plot for completion times showcasing clearer differences in
means, deviations and outliers

Shape Match Task: Again, we observe significant improvements of HI'TL-
D over both PnG and Cartesian methods in completion times and workload
scores. In comparison with Cartesian, HITL-D reduced average completion
time by 41.2%, the workload score was 39.0% lower. HITL-D was more than
twice as fast as PnG improving the average time by 55.0% and reducing the
workload score by 44.4%. HITL-D had a very high success rate of 97.2%
and while the PnG struggled to keep up at 77.8% success rate, Cartesian tied
HITL-D at 97.2%. HITL-D improved in most metrics in the Likert scale survey

except precision which still matched the other two methods.

3.5 Discussion

Unstack Task: The comparatively smaller performance gain of HITL-D over
Cartesian and PnG methods in the unstacking task can be explained by the

fact that this task does not require large or frequent orientation changes, de-
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Figure 3.8: Box plot for NASA-TLX Workload ratings showcasing clearer
differences in means, deviations and outliers

pending on the user’s approach. We observed that some users bumped or
pushed the middle cube to rotate it into a position they could grasp while
others spent the time switching modes to get the correct orientation. The
statistically significant improvement provided by HITL-D arises from its abil-
ity to automatically orient with respect to the cubes correctly, skipping the
bumping step and reorienting toward the plate. We make the claim that our
method is at least as effective as traditional teleoperation methods. Supporting
this claim, the results from the unstack cubes task demonstrate that in situ-
ations where orientation adjustments aren’t necessary, our method maintains
or improves almost all metrics measured in the Likert survey of our method
in comparison to the other two.

Screwdriver Task: Our evaluation indicates that users significantly bene-
fited from the shared control framework in this task. Some users picked up the
screwdriver completely perpendicular to the table and others picked it up at

quite a shallow orientation before the autonomous component could reach its
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prediction. Despite having only one demonstration, the model was still capa-
ble of assisting the user effectively with variations in user strategy leading to
a 100% success rate. HITL-D’s autonomous component for orientation proved
significantly useful in user workload ratings as well as the empirical evidence
in completion times. We noticed that the areas users spent the most time in
while using Point and Go was when the forearm joints needed to flip due to the
change of control frames, which led to visible frustration. Users who did not
hit this case of joint flipping were not as frustrated and were able to complete
the task with competitive times. The Cartesian control method also proved
to be complex for users who did not use the mode switching for the Unstack
task before this one. They were not as familiar with the orientation mode,
causing them to perform worse. Users typically failed at this task or needed
resets due to dropping the screwdriver outside of the tube. One interesting
set of trials during the study led to a false negative for the HITL-D method,
during the Cartesian experiment the user would lightly pick up the screwdriver
so that it had enough friction to stay in the grippers but just low enough so
that it would rotate within them to be completely vertical. When they were
unable to utilize this technique with HITL-D they assumed that it was the
control method not doing what they desired and continued attempting this
behavior and needing to reset. Figure 3.7 demonstrates these times as outliers
as they were the only inconsistent trials during the experiment. Subsequently
this false negative resulted in the only outlier for the workload rating seen in
Figure 3.8. Even with this outlier HITL-D remains significantly well suited
for a task like this that necessitates large orientation changes.

Shape Match Task: This task posed the greatest difficulty for users,
as achieving a successful insertion required the end effector orientation to be
nearly exact in order to align with the shape-matching container. Users com-

monly struggled with the roll of the end effector for the Cartesian method
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which caused the cross to be unaligned. Similar to the screwdriver task, users
would pick up the cross at a very shallow angle, resulting in them not having
enough pitch available in the workspace to orient the end effector so the cross
had the right orientation. We also noticed a particular behavior only for the
HITL-D method due to its shared control nature. Users inexperienced with
the method and task often attempted to pick up the plus shape at a shallow
angle. Upon trying to insert it they found that they were constrained by the
end effectors ability to orient correctly with various pick up orientations and
would have to reset. Evidence for this behavior is demonstrated in Figure 3.7
which visualizes the outliers in trial times. Once users recognized that the
autonomous model required an additional period to achieve an optimal orien-
tation when picking up the cross, they were able to complete the task more
quickly, and no resets were needed after the first trial.

Further, we noticed significant bias in the shape matching task, users often
expected to be able to complete the task in the way they desired, using different
end effector orientations with respect to the table to pick up the cross. We
speculate that in some cases this may have been due to the order at which
the methods were trialed, if users did not use HITL-D first, they were free to
pick up the cross any way they wished and attempt to insert it. Due to the
demonstration for HITL-D being done by one of the authors, their internal
bias towards task completion strategy was baked into the models predictions.
This resulted in users often needing to learn how to interpret the policy on
their first trial using HITL-D. Despite this need for interpretation and minor
learning hurdle, most users still indicated that this method made them feel
independent, and with a lower mental demand as well. Further investigation
should go into user studies involving user created policies, where the user
performs a trial as they would in a real world system and then use it to see if

there is any difference in their understanding of task completion.
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Across All Tasks: Overall, the observations demonstrate the efficacy of
our method in time to completion, perceived workload, and on average higher
user preferences for our method in the Likert metrics such as intuitiveness,
ease of control and independent ability to move the robot. An interesting
result we observed, although not statistically significant, was that Point and
Go showed trends in higher task completion times and workload ratings than
Cartesian in the Screwdriver and Shape Match tasks. We attribute this to the
fact that Point and Go is a recent novel control method [42] and that while
it may require more time to learn, it shows promising results for experienced
users. Most importantly, we proved our claim that our method does not reduce
human autonomy: users experienced increased autonomy and independence

compared to that of Point and Go and Cartesian methods.

3.6 Stage 1 Concluding Statements

To conclude stage 1 of this work, we revisit our research goals introduced in
section 1.2. Firstly, we investigated a novel way to combine human teleoper-
ation input with the expressive power of diffusion policies. This investigation
demonstrated that human in the loop diffusion significantly reduces users men-
tal demand while preserving their agency during task execution. Second, we
utilized various study protocols and surveys to measure this subjective work-
load and perception of the method. Grounding our method in everyday ADLs
we were able to successfully evaluate its real world applicability. Lastly, we
achieved the important goal of not sacrificing user control and authority for
improved success rates. In fact, we saw a trend of users feeling like they had
more independence and authority while also improving completion times and
success rates. We conclude stage 1 as a success motivating our next chapter

on stage 2.



Chapter 4

Using Geometric Relationships To
Learn Implicit Relationships For
(Generalization

Following the successful completion of our stage 1 goals (section 1.2), we can
begin our experimentation with the research goals outlined in stage 2 (section
1.2). To achieve this, we introduce Highly Generalizable Human In The
Loop Diffusion (HITL-HGD), our second contribution towards enhanc-
ing assistive robotics with simplified shared control. HITL-HGD builds on
components of the literature we discussed in section 2.3.1 about conditioning
mechanisms. Primarily, we investigate conditioning on spatial and alignment
constraints to give the assistive policy implicit rules about the environment.
Building on the evidence that 3D spatial information is invaluable for data
efficiency and generalization, we contribute the idea that conditioning on 3D
spatial constraints will further increase generalization and give the robot a geo-
metric understanding of the objects and task. In this work, we utilize the same
control setup as HITL-D. We aim to demonstrate that our new autonomous
system with spatial constraints, when combined with intuitive and general hu-
man input, can result in a largely generalizable system that HITL-D lacked

when presented with new scene and task setups.

51
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Figure 4.1: Overview of HITL-HGD methodology. A teleoperation interface is
used to collect expert demonstrations. Our robot action is conditioned on the
segmented point cloud, along with the spatial and alignment constraints. Dur-
ing operation, the human user will manipulate the end effector translationally
while the diffusion policy predicts the continuous 6D SO(3) representation and
converts it into Euler angle differences for the end effector.

4.1 Methods

HITL-HGD maintains the reactive shared control framework of HITL-D
while replacing the cropped point cloud and end-effector position conditioning
with a segmented point cloud, centroid-difference constraints, and alignment
constraints derived from SAM-3 segmentation, giving the policy an explicit
geometric understanding of the scene in camera coordinates.

In HITL-HGD there are again 3 key components: (a) Point Cloud Seg-
mentation and Geometric Constraints, using recent advancements from
Meta’s SAM-3 [69] we segment our point clouds and gather our constraints
for training; (b) Diffusion Policy Training, efficiently using a small number
of demonstrations and the same perception-decision framework in [21]. The
action prediction is the continuous 6D SO(3) representation |70]; (c) Reactive
Human-Diffusion Interaction, the same assistive system formulation used

in HITL-D that reacts to users motion using techniques that provide rapid and
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intuitive inference. Figure 4.1 illustrates the overall methodology and control

loop.

4.1.1 Point Cloud Segmentation and Spatial Constraints

We use Meta’s SAM-3 [69] to automatically segment task-relevant objects,
eliminating the need for hand-defined workspace crops required by prior work
[21, 22]. To do this, we built a live implementation of the SAM3 code base,
allowing us to pass a list of prompts to the SAM3 segmentation model which
then returns masks for each prompt individually. For objects that SAM-3
cannot segment from a single prompt (e.g., the end effector), we apply sub-
prompting: a broader prompt such as "robot arm" first isolates the arm region,
and a second prompt applied only within that mask reliably extracts the grip-
per. In cluttered scenes where a prompt matches multiple objects, we retain
only the mask whose 3D centroid is closest to the end effector.

Once we have segmented each of our prompts, we can extract centroid
differences, defined as the vectors between the centroids of our objects, along
with alignment constraints. First, we use each 2D image mask to mask our
3D point cloud; this mask allows us to calculate a centroid of the remaining
points. We repeat this for each prompt. We only take the centroid difference
between our end effector and each object of interest in our task context. We
also perform another sub-segmentation of a region on the robot forearm just
behind the end effector, this region is not involved in the centroid differences
but is needed for the alignment constraints.

The alignment error measures how well the end effector is oriented relative
to the target object. We compute two unit vectors in camera coordinates.
First, the unit vector from the end effector (P forcarm—region) to the forearm
region (Pee), representing the end effector’s current orientation frame. Second,

the unit vector from the end effector (p..) to the object (po;), representing
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the desired approach direction. The alignment error is then:

forearm—region — Pee Pee — pobj

(4.1)

= |1
atign —— ||p

forearm—region — peeH a ||pee - pobj” 2

This error is bounded between 0 (perfectly aligned) and /2 (completely
misaligned). Each position (Pee, P forearm—region, Pobj) 18 @ 3D centroid obtained
from segmentation. We compute this constraint for each prompted object to
encourage the policy to maintain proper orientation throughout task execution.

After gathering our constraints, we merge the point cloud and perform voxel
sub sampling to quickly reduce the number of points. We then apply farthest
point sampling [66] to obtain a uniformly distributed set of exactly 1024 points.
We reduced this number from 2048 points in HITL-D because the segmenta-
tion filters out irrelevant information, resulting in a very high fidelity scene
representation with 1024 points. The down sampled point clouds are subse-
quently encoded into a 64-dimensional vector for simplified and faster training
using the same 3 layer MLP in [21]. This new point cloud processing method is
an improvement over our stage 1 methodology. Performing a large trim using
voxel sub sampling and then doing FPS allows us to process pointclouds up

to 15x faster on the same hardware and as a benefit improves inference speed.

4.1.2 Diffusion Policy Training

We utilize the same diffusion policy formulation specified in section 3.1 to map
multi-modal observations into the continuous 6D SO(3) representation space.
We adopt the 6D representation of SO(3) following Zhou et al. [70], which
provides continuous, differentiable rotation representations suitable for neural

networks.

6D SO(3) Representation Since orientation is a fundamental component

of manipulation tasks, we represent end-effector rotation using the 6D rep-
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resentation of the special orthogonal group SO(3). Rather than using Euler
angles, which suffer from singularities and discontinuities [70], the 6D represen-
tation leverages two orthonormal 3D vectors that form the first two columns
of the rotation matrix. Given a rotation matrix R € SO(3), we extract the

representation as:

rop = ﬁj € RS, (4.2)

where r; and ry are the first two column vectors of R. The third column can
be recovered via the cross product: r3 = r; X ry. To ensure orthonormality
during training, we apply Gram-Schmidt orthogonalization to the predicted
6D vectors, projecting them back onto SO(3). This representation provides
several advantages: it is continuous and differentiable, avoiding discontinuities
present in Fuler angle representations, and it naturally integrates with neural

network training objectives.

Training Each training step of the diffusion policy consists of three primary

input components:

e Spatial Information. HITL-HGD conditions on the segmented and

colorless point cloud described above to convey 3D spatial information.

e State Vector. We also condition on the 3D spatial constraints. This
vector is a length of 3 % (n — 1) for the centroid differences and the
alignment errors which is length (n — 2). The number of prompts is
represented by n. We have 1 prompt that is for the forearm region, 1
prompt for end effector and the remaining n — 2 prompts for our task

context.

e Action Vector. HITL-HGD predicts the continuous 6D SO(3) repre-

sentation.
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Additionally, another change we make for our phase 2 goals is that we no
longer condition on end effector position as this is a non invariant data point.
End effector position is grounded in the robots base frame, every position is
unique for the end effector. If we move the camera or scene layout, the end
effector position needed to complete this task changes. Thus, we eliminate
absolute end effector position from our conditioning to reduce the dependency

on non invariant data.

4.1.3 Reactive Human-Autonomy Interaction

HITL-HGD inherits the same reactive interaction design from HITL-D: an
action horizon of 1 and observation window of 1 prioritize real-time respon-
siveness over trajectory guidance, and the proportional orientation controller
with velocity capping. This design ensures the new spatial constraint condi-
tioning integrates without altering the user experience validated in HITL-D.
We further define how we utilize the 6D SO(3) action prediction in our control

loop.

Angular Velocity Command Generation The predicted 6D orientation
is converted to a rotation matrix Riareet Via Gram-Schmidt orthogonalization.
Given the robot’s current orientation as a quaternion Qeureny (converted to

rotation matrix Reyrrent), We compute the rotational error in the tool frame:

Rerror = Rc_ulrrent : Rtargeta (43)

which represents the relative rotation needed to reach the target orienta-
tion. We convert this error rotation to an angular velocity command using the

exponential map:

Werror = Rerror-as_rotvec() € R?, (4.4)
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where as_rotvec() returns the rotation vector (axis-angle representation) in
radians. A proportional controller with gain K, generates the desired angular

velocity:

Wemd = Kp * Werror) (45)

with a dead band threshold 7 to prevent oscillations at small errors:

w; = Kp * Werror,i if |werro.r,i’ > T (46)
0 otherwise
where ¢ € {z,y, 2z} and 7 = 0.5°. The final command is scaled and converted

to degrees for hardware compatibility.

4.2 Experiments

In this section, we experimentally show the dramatic increase in generaliza-
tion over HITL-D using the same control method. All demonstrations for our
experiments were gathered on the Kinova Gen3 robot using an Xbox 360 con-
troller. All data collection and evaluation was done on the same controller
setup seen in figure 3.4. Data collection and evaluation were performed by one

of the authors.

Implementation details We trained each of our policies over 3000 epochs
using an RTX 3090Ti, we evaluated all models and policies including the seg-
mentation model simultaneously on the same machine, maintaining inference
speeds close to 3 Hz for the system.

Since HITL-HGD uses the identical control mechanism as HITL-D, we hold
the control scheme fixed and focus our evaluation exclusively on generalization

— isolating the contribution of spatial constraint conditioning.
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Figure 4.2: The red bounds indicate the border between in distribution (ID)
and out of distribution (OOD) trials

’\

&

_?/

(a) Pouring Task (b) Scooping Beans Task (¢) Recycling Task

Figure 4.3: Left: The Pouring task’s goal is to grab the bottle, orient towards
the red cup and become fully inverted without spilling anything. Middle: The
Scooping Beans task has a goal of scooping the beans from the green pot to
the white bowl. A successful trial includes getting a moderately sized scoop of
beans and getting them to the white bowl and orienting to dump them without
spilling any. We modify a spoon for this task for the grippers ability to grab
it. Right: The Recycling task’s goal is to get all 3 cans (oriented differently)
to the cardboard box to the side of the workspace. A successful trial includes
getting all 3 cans into the cardboard box.
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4.2.1 Generalization As A Function Of Demonstrations

In this experiment, our aim is to measure how the number of demonstrations
affects our workspace generalization. We train 4 policies for each task for each
method, each policy has 1, 3, 7 and 10 demonstrations respectively. We then
measure the success rate across 10 in distribution (ID) trials, which are within
the training distribution workspace. We also measure the success rate, as de-
fined in Figure 4.3, over 10 trials in the out-of-distribution (OOD) workspace.
See Figure 4.2 for the workspace bounds. Each policy will be measured on the
same 10 trial layouts to ensure consistency and coherence in evaluation met-
rics. We conduct this experiment on 3 tasks that capture increasingly complex

ADL:s [1]; they can be seen in Figure 4.3.

4.2.2 Object Invariance

We further show that our SAM3 prompted image segmentation integration
allows object generalization across the same policy for a single "skillset" such
as pick and place. We train a single policy with point cloud centering and
simulated rotations over 10 demonstrations for a pick and place task using
a tennis ball and a mug. We then evaluate the performance of this policy
under different pick and place tasks, conducting 10 trials over the training
distribution workspace. The different pick and place tasks can be seen in
Figure 4.4. We evaluate both HITL-HGD and HITL-D on all four object

configurations to isolate the contribution of SAM-3 semantic prompting.

4.3 Results

4.3.1 Generalization As A Function Of Demonstrations

In Figure 4.5, we see that the ID trials for HITL-HGD follow a logarithmic

trend indicating that we don’t gain further generalization beyond 7-10 demon-
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Figure 4.4: We present four variations of the same pick and place policy. We
train the policy on the tennis ball and mug and evaluate on the same objects
along with 3 other sets. Each requiring differing completion modalities.

strations. Meanwhile, HITL-D improves slightly but does not showcase any
learning trends. During experiments with HITL-D, orientation predictions
appeared to lack structure, successful trials did not exhibit consistent, task-
aligned orientation strategies. In contrast, HITL-HGD’s predictions showed
clear geometric alignment with object configurations, suggesting that explicit
spatial conditioning enables the policy to learn meaningful task structure. We
notice the same behavior for HITL-D’s OOD trials.

For the pouring task, HITL-D was completely unable to complete the task
without spilling water as a result of trying to predict end effector orientations
via the discontinuous Euler representation. We notice a significant improve-
ment by switching to the continuous 6D SO(3) representation [70], which
avoids the discontinuities that cause Euler-based predictions to collapse for
full-inversion orientations. We can see that at 7 demonstrations, HITL-HGD
has a 90% success rate for ID trials and 100% success rate for OOD trials.
Strangely, HITL-HGD’s OOD trials with the 10 demonstration policy only
had a success rate of 20%. We notice that upon moving outside the red lines
as seen in Figure 4.2, the end effector would roll 90 degrees preventing pickup
of the bottle. We attribute this to the last 3 demonstrations; although not
exhibiting any distinct changes in execution, they may have caused the learned

distribution to be far different when moving into unknown space and converg-
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Success Rates For ID and OOD Trials for Pouring Water Task
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Figure 4.5: Histogram showcasing success rates for the pouring fluids task on
ID and OOD trials with HITL-D (blue and orange respectively) and HITL-
HGD methods (green and red respectively).
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ing on one behavior. This sensitivity to additional demonstrations suggests
that demonstration filtering or providing structured demonstrations could be
a promising direction for future work.

For the bean scooping task, we see ID success rates top off at 100% at 7
demonstrations while the OOD trials only reach a 60% success rate between
all demonstration amounts. We notice a linear trend in the success rate of
HITL-D reaching a plateau at 50% success at 10 demonstrations while there
was no significant change in the OOD trials success rates with the best being
30% success at 7 demonstrations.

For the recycling task, the limiting factor was being able to pick up the
cans laying down at a variety of angles. HITL-HGD was more reliably able
to orient with respect to the can it was closest to which we attribute to con-
ditioning on the alignment error. This is demonstrated in the success rates
where at minimum HITL-HGD was able to get 70% success on ID trials and
50% success on OOD trials on only 1 demonstration. Meanwhile, HITL-D’s
best performance at 10 demonstrations was 50% ID success and 40% OOD

success.

4.3.2 Object Invariance

The results in Figure 4.6 demonstrate the robustness of HITL-HGD to unseen
distributions. We see very similar performance between both methods for the
tennis ball + mug and apple + basket, the "pick" items share a very similar
shape, while the mug and basket are distinct to represent the "place". How-
ever, we see HITL-D drop off steeply for the thin tape roll + cardboard box.
The strength of HITL-HGD’s alignment information in the policy condition-
ing allows the end effector to rotate down when the tape roll is below the end
effector. This is further enforced in the screwdriver + cylinder example, not

only did the end effector have to rotate down for the handle but it also had to



63

Method Comparison: Success Rate by Task Group
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Figure 4.6: Histogram for the results of the object variance experiment

orient the screwdriver vertically to be able to drop it in the cylinder. We saw
that HITL-D was unable to understand these geometric relationships, limiting
its ability to adapt in different circumstances, while HITL-HGD was able to
succeed with 70% success on a pick and place task with completely different

constraints.

4.4 Stage 2 Concluding Statements

Concluding stage 2 of this thesis, we review the goals stated in section 1.2.
Importantly, we enabled our diffusion-based shared control method to gen-
eralize across diverse workspace configurations without any hand engineering
involved. Further, we investigated the contribution of spatial conditioning
mechanisms showcasing great success in their ability to give the model im-
plicit task constraints. We showcased that this contribution also extends far
beyond the training distribution with consistency in the ability to complete the
task in OOD trials. Our experiments highlight key success in only requiring
7 demonstrations for a highly generalizable model, reducing the data burden
for deployment. Finally, stage 2 was a large improvement towards enhancing

assistive robotics via imitation learning.
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Discussion: Generalization and
Structure in Learned Shared
Control

5.1 Shared Control as a Solution to Temporal
Task Constraints

A fundamental challenge in autonomous manipulation is handling tasks with
temporal decision-making, knowing when to stop an action and transition to
the next. Autonomous diffusion policies with action chunking [19, 21] attempt
to achieve temporal consistency by predicting action sequences ahead of time.
However, this approach creates a critical limitation: once the predicted action
sequence completes, the policy may continue executing a trajectory before the
actual task is finished. Consider pouring water from a bottle into a cup, the
policy might predict a full pouring motion, but the human operator knows
contextually when the cup is full and when to stop.

By integrating human input directly into the control loop, we resolve this
tension. The human operator naturally possesses the task context required for
temporal decision-making. In our framework, as long as the human maintains
the end effector over the target (the cup), the robot continues its learned
pouring motion. The moment the human moves away, the diffusion policy

reorients the bottle back to an upright position. This reactive coupling ensures
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fluid, goal-oriented assistance that adapts to real-time task progress rather
than fixed action sequences.

Crucially, our approach is immune to distribution shifts caused by idle or
unexpected states. Because the human can move out of any learned distribu-
tion at any time, the robot must continuously adapt to the human’s real-time
guidance. Our experiments demonstrate that the diffusion process successfully
refines motion sequences to remain consistent with both the learned demon-
stration distribution and the operator’s immediate input, eliminating the need

for the policy to "know" when tasks end—the human provides that knowledge.

5.2 Data Efficiency Through Shared Control and
Geometric Conditioning

A significant practical advantage of our approach is its dramatically reduced
data requirement compared to fully autonomous baselines. DP3 [21] and Diffu-
sion Policy [19] require 40 to 284 demonstrations for real-world tasks, whereas
our method achieves high generalization with as few as 7 demonstrations and
shows success on as little as 1 demonstration. While not directly comparable
due to differing control assumptions, this efficiency stems from two comple-
mentary factors.

First, shared control inherently reduces the demonstration burden. The hu-
man operator covers the spatial manifold of a task through natural movement,
broadening the distribution over which the autonomous policy must succeed.
Rather than requiring demonstrations that exhaustively sample all possible
states, the policy only needs to learn how to assist the human effectively within
the human’s natural action space.

Second, our geometric conditioning approach through centroid differences
and rotation simulation provides the policy with implicit understanding of

task structure. Unlike methods that condition on absolute positions in the
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camera frame, we represent conditioning information as relative object dis-
tances. This fundamentally remodels the manipulation problem: the policy
learns that certain actions should occur at specific geometric relationships—for
instance, orienting the end effector relative to an object’s orientation when the
end effector is within a few centimeters. This geometric representation makes
the policy invariant to object location within the point cloud, a property that
classical approaches must learn implicitly from diverse demonstrations.

The benefits of this approach extend further through our training strategy:.
Rotation simulation provides the policy with implicit knowledge of how scenes
behave under camera rotations, enabling generalization to camera viewpoint
changes never seen in the demonstrations. Point cloud centering similarly al-
lows the policy to generalize across scene arrangements: if objects maintain
the same relative distances as in a training demonstration but are positioned
differently in the workspace, the policy treats them as distributionally equiv-
alent. The diffusion policy learns the underlying task manifold in states we
do not explicitly demonstrate, and by encoding implicit geometric rules, its

ability to generalize across that manifold grows substantially.

5.3 Accessibility and Usability for Non-Expert
Operators

Beyond technical performance, a critical measure of success for assistive sys-
tems is their usability by the intended population. Our user study demon-
strates that operators without prior robotics experience or training can effi-
ciently complete complex manipulation tasks while experiencing significantly
reduced mental workload compared to teleoperation. This finding directly ad-
dresses a major barrier to WMRA adoption: the requirement for extensive
operator training. The result is a system that can be deployed "out of the

gate", a step forward in making advanced robotic assistance accessible to in-
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dividuals with motor impairments who would benefit most from such systems.



Chapter 6

Conclusion & Future Work

6.1 Conclusion

This work presents a novel framework combining diffusion policies with human
input for assistive robot teleoperation. Through two complementary stages,
we demonstrate that our shared control method-where a human operator pro-
vides Cartesian velocity commands and a diffusion policy reactively determines
orientation—significantly reduces operator mental workload while maintaining
user independence and improving task efficiency. Our initial framework (Stage
1: HITL-D) achieved statistically significant improvements in task completion
times and perceived workloads through a user study with operators lacking
prior robotics experience, establishing the benefits of shared control over purely
human or fully autonomous approaches.

Building on this foundation, we enhanced the generalization capability of
the policy (Stage 2: HITL-HGD) by conditioning on explicit spatial rela-
tionships—centroid differences and alignment constraints—rather than rely-
ing solely on implicit learning from diverse demonstrations. This geometric
conditioning approach yielded up to 300% improvement in generalization per-
formance, enabling high success rates with as few as 7 demonstrations and
the ability to generalize across object instances and workspace configurations

without explicit camera calibration. By centering point clouds in the cam-
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era frame and applying rotation simulation during training, we provide the
policy with implicit geometric understanding that extends beyond its training
distribution.

These results underscore a fundamental insight: shared control leverages
human strengths in task-level decision-making and spatial reasoning while the
diffusion policy handles fine-grained manipulation, naturally covering the spa-
tial manifold of tasks and reducing the demonstration burden. By integrat-
ing human input directly into the control loop, we transform manipulation
from a fully autonomous problem into a collaborative one, reducing operator
workload without sacrificing the expressive capacity of diffusion-based poli-
cies. This approach represents a significant step toward accessible, practical

assistive systems that can be deployed without extensive operator training.

6.2 Future Work And Limitations

6.2.1 Limitations

Despite the generalization improvements demonstrated, our approach has sev-
eral limitations that present opportunities for future work. First, the policy
observes only the current frame with no temporal history, which can cause
instability when a single noisy observation produces an outlier action. Second,
incorporating SAM-3 segmentation reduces inference speed: In our setup the
full system runs at approximately 3 Hz on an RTX 3090ti. Further optimiza-
tion of the segmentation pipeline would be necessary for time-critical tasks.
Third, depth images from the RealSense D435i are relatively noisy, introduc-
ing centroid estimation errors near reflective or geometrically thin objects and

occasionally degrading alignment constraint quality.
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6.2.2 Future Directions

Our work opens several avenues for future research. A critical near-term direc-
tion is conducting user studies with impaired individuals to validate usability
and workload reduction for our intended demographic. Concurrently, evaluat-
ing a wider variety of activities of daily living would provide insight into the
broader applicability of this method across diverse manipulation tasks.

On the other hand, a promising line of future work concerns the type of data
required for training. Because our control loop is reactive to the human with
a horizon of 1, we do not require temporally consistent demonstrations. This
enables a novel data collection strategy we might call a "state space sweep",
where we provide training data at specific states and behaviors rather than full
temporal sequences. For example, in a pouring task, we would only need to
demonstrate pouring from either side of the cup, data with the bottle in hand,
and data with an empty hand. This approach significantly reduces the total
number of timesteps needed while ensuring the distribution covers task-critical

states, eliminating redundant behaviors in common situations.
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