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ABSTRACT

Successfully teleoperating a robot for an object manipulation task is often difficult and
complex due to indirect visualization, indirect manipulation with the robot, and physical
discrepancies between a human and robot hand. Shared control injects autonomy into an
operator’s actions to overcome these issues. Even though the approaching/navigation process is
one of the major components of teleoperation, the object manipulation task after approaching is
essential and challenging but has not received enough research attention. Object telemanipulation
requires more than simple position control, especially when considering real-world adoption.
These real-world scenarios hold significant challenges: 1) human motion is ambiguous to
decipher, 2) operators may solve the same task differently and there are at least 6 dimensions that
they control, thus each dimension requires a different level of assistance to aid in the task's
success, and 3) control policies are too strict to adapt under real-world scenarios. Standard shared
control in navigation is insufficient to address these issues for telemanipulation, causing low
success rates and feeling of a loss of control. Three objectives are developed to overcome these
issues: 1) disambiguating the grasp motion goal with task level inference and determining the
actions needed to satisfy it, 2) provide a dimension-specific shared autonomy to provide
appropriate assistance for good task performance and maintain a feeling in control of the robot,
and 3) provide an adaptive filter-based shared autonomy, so an operator’s corrective actions are
not always rejected when differing from the autonomous agent’s policy. Overall, this
dissertation presents novel shared control algorithms that can be used to improve a human
operator’s control of a robotic manipulator to achieve a telemanipulation task that would

otherwise be challenging or impossible for the user on their own.
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CHAPTER 1

INTRODUCTION
1.1  Telemanipulation and Shared Control

Telemanipulation allows an operator to control a robot from a remote location to complete
grasping tasks such as assembly tasks, tool relocation, and tool usage in telesurgery settings. The
primary strategy utilized is manual control where an operator maintains full control of the robot
motion. The state of the art technique in this style of control is Dexpilot [1]. However,
successfully teleoperating a robot for an object manipulation task is often difficult and complex
due to indirect visualization, indirect manipulation with the robot, and physical discrepancies
between a human and robot hand [2] [3]. These challenges cause an operator to make tedious
adjustments and results in longer completion times. To overcome these real-world issues, there is
a juncture within the robotics field known as shared control, which injects autonomy (fully
autonomous systems) into an operator’s actions (pure teleoperation)[4]. The shared control field
focuses on taking advantages of the operator (high adaptability to complete tasks, and ability to
overcome uncertainty in the environment) and the autonomous agent (high precision and
repeatability, optimal action sequences, and faster execution of tasks) to apply them to a single
robotic manipulator [5][6]. Ideally, the tradeoff should augment and improve the operator’s
performance in a seamless manner. Enabling shared control is requires two main modules: an
intent inference module and a control paradigm module.

The intent inference module aims to determine the goal an operator is expected to go
toward, so that the autonomous agent can align with the operator and generate a better action
plan. In teleoperation the inferred goal is the object of interest the operator intends to approach.

Only inferring the object in a scene is not enough for telemanipulation in real-world scenarios.



Current intent inference strategies lack application task inference for an object. For instance,
when grasping an object, different tasks could be used such as relocating the object somewhere
else, handing it over to another person, or using the object. This leads to multiple candidate grasp
solutions which could be available for a single task. Therefore, models must handle ambiguous

human motion to dechiper the intent inference in aiding the autonomous agent.
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Figure 1.1 Shared control is broken down into 2 main modules. The first is intent inference
which allows the autonomous agent to determine the operator’s high-level goal. The second is
the control paradigms which focus on how to determine the low-level actions to accomplish the
known/inferred goal. Each module has real world telemanipulation problems which the proposed
tasks aim to solve. Intent inference in telemanipulation is ambiguous and difficult to single out a
single grasp configuration for the operator’s intended task. Control paradigms have two main
avenues, Blending and Filtering, which have separate problems to address. Blending is an active
assistance approach (one that injects autonomy directly) that requires an appropriate control
authority level on each dimension to be effective. Filtering is a passive approach (restricts
operator inputs) that requires an operator’s acceptable workspace to be adaptive. The adaptive
workspace allows the operator to make corrective actions under real-world scenarios to
accomplish the task while maintaining operational safety.

A few classes of shared control paradigms exist such as, supervisory control, blended
control, filter-based control and manual control, where different levels of autonomy can be seen

on a spectrum ranging from full operator control to fully autonomous control (shown in Figure



1.2). The two main control paradigms are Blending and Filtering [4] and are investigated in this
thesis to improve the ability for real-world adoption. Each class holds a different fundamental
perspective on shared control and holds their own unique problems needed to be solved for real-
world adoption. For instance, the filtered-based control is a passive strategy designed to maintain
operator control as much as possible, yet current strategies are too strict adapt to uncertainties in
the real-world. Filtered-based strategies have been used for navigational tasks and have not been
adopted for telemanipulation. Blending is an active strategy which aims to inject autonomy to the
system, but requires appropriate assistance levels to be effective. Current Blending strategies
have not been introduced to telemanipulation nor are they directly transferrable as they do not
account for the rotational components in the linear summation and rely on a universal arbitration

term which limits how an operator may want to complete the task.

Shared Control Spectrum Based on Control Paradigms
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Figure 1.2 A timeline representation demonstrating different classes of control paradigms as they
pertain to their general level of autonomy and assistance. The two primary classes of shared
control are explored in this thesis: Blending, and Filtering. Generally, the classes follow the
showen trend where Filtering strategies provide less autonomy than Blending ones. State of the
art approaches in telemanipulation are manual control which purely mimic human motion.

1.2 Challenges and Real-World Uncertainties of Telemanipulation

Even though the approaching/navigation process is one of the major components of

teleoperation, the object manipulation task after approaching is essential and challenging but has



not received enough research attention. Object telemanipulation requires more than simple
position control, especially when considering real-world adoption. These real-world scenarios
hold significant challenges: 1) human motion is ambiguous to decipher, 2) operators may solve
the same task differently and there are at least 6 dimensions that they control, thus each
dimension requires a different level of assistance to aid in the task's success, and 3) control
policies are too strict to adapt under real-world scenarios.

These real-world challenges have been observed firsthand in preliminary works [7] [8].
Standard shared control in navigation is insufficient to address these issues for telemanipulation,
causing low success rates and feeling of a loss of control. Accordingly, the following robotic
needs for telemanipulation have been identified as a result in conjunction with Figure 1.1: a robot
must 1) understand the intended task an operator is trying to accomplish from a high task level
and develop suitable low-level actions to achieve it (task disambiguation and a resultant pose)
and 2) have a shared control paradigm designed with the consideration for misalignment in the
low-level actions between the operator and autonomous agent to improve the task performance

and maintain the sense of control the operator experiences.
1.3 Limitations of Current Shared Control Strategies
1.3.1 Ambiguous Human Motion is Difficult to Decipher

One of the main barriers is that the uncertainty of intent inference could cause inappropriate
robot assistance. If the robot’s modeling and planning process does not consider the uncertainty
of intent inference, it can cause incorrect assistance, or task failure [9]. Uncertainty exists due to
natural ambiguity of human motion. For instance, when a human grabs the body of a cup with a
specific grasp pose in teleoperation, it is difficult to determine the manipulation intent for the

grasp pose, although the pose itself could be for drinking for one user or for transferring the cup



to another location for another user. In addition, indirect interaction of human hands with remote
objects further increase the ambiguity of human motion and increase the uncertainty in intent
inference.

For those ambiguous human motions, there are indeed subtle unique differences for
different tasks, which could provide better context to humans in predicting the intended action
[10]. These subtle differences are critical to ensure the success of the task such as 1) a “drinking”
task requires sufficient room on the top and grasping poses may dominate the handle, 2) a
“transfer to another location” task requires sufficient room on the bottom to place the object
safely, and 3) a “handover” task requires sufficient room for another person to grab which tends
to create a finger dominated grasp. These subtleties vary between different people; however, they
are still key components to discern the task. Usually, these subtle differences are difficult to
observe, which makes it hard for models to infer the appropriate classification for a task, and

cosegeuntly provide inappropriate assistance.
1.3.2 Inappropriate Level of Autonomy Causes Disagreement

Obiject telemanipulation requires more than simple positional control, realizing the system
requires rotational and finger control. These motion components provide a natural split in
handling complex tasks. Operators handle these components in their preferred approach. For
example, the operator may obtain a position near an object, then begin to handle the rotations and
end with finger control. Here an iterative process occurs by the operator to refine each step until
they achieve the goal. Certain combinations of refinement will be more intuitive to different
operators, like either handling the depth before lining up the robot in an x-y plane or vice versa.
Naturally, operators likely only adjust a few components while holding others nearly constant

(i.e., holding a position but adjusting the pose angle or finger posture) to succeed in a grasp [6].



The autonomous actions may differ from the operator actions along all or a portion of these
motion components. For instance, given the same high-level target pose, the autonomous agent
and operator may have differing motion strategies to achieve it. Disagreement occurs due to
misperception or preference of the operator. Neither agent is incorrect in their actions to
accomplish the task, nor is the robot producing suboptimal action plans. This disagreement is
fundamentally inherent in shared control, and precautions are necessary to prevent over-
dominance from the robotic agent. Further, the robot and human may only partially agree, where
they may agree in the positional component and differ in the rotational component.

Determining the appropriate level of autonomy in teleoperation is the key research topic to
realize telemanipulation scenarios fully. The most common state-of-the-art strategy in shared
control is to use a linear blending strategy with a universal arbitration term. The control authority
is a singular scalar value that influences every dimension of the control rather than individual
components. Specifically, it only includes positional components, not rotational ones, to dictate
arbitration along a trajectory. This strategy cannot handle partial agreement that arises in
telemanipulation scenarios, especially towards the end of the trajectory where conventionally,
the robot assumes most control. Consider a case where the robot is near the positional goal, and
the operator attempts to refine the position before adjusting the rotation. With the conventional
strategies, the robot will dominate not only the positional components but the rotational aspect
too. This is despite the operator not yet focusing on the rotational components to grasp an object
successfully and restricts their ability to alter them. The over-dominance restricts the operator in
how they want to complete the task (i.e., grasp the object from the side rather than the top). This
leads to an operator’s attempt to refine actions but sees the control as too aggressive thus make

drastic changes [11]. Over-adjustments and strong reactionary responses are due to the low



control authority. However, the operator’s initial intuitive refinement is to be subtle. This is

especially common for telemanipulation applications [12].
1.3.3 Current Control Policies Are Too Strict to Handle Real-World Uncertainties

The optimal actions of the autonomous agent may differ from the operator in real-world
applications. The different actions are inherent to the system for two factors: 1) an operator
attempting to handle unexpected uncertainties and 2) multiple ways to accomplish a shared
control task. Toward the first factor, operators adjust to overcome the uncertainties in perception
and the environment. For example, if the robot misses the initial approach of grasping an object
by knocking it over in a teleoperation scenario, an operator will attempt to adjust the actions to
correct the robot. However, the robot assumes the pose is correct and rejects these sensible
operator actions. In the second factor, the robot's optimal policy in a teleoperation scenario may
desire a grasp orientation over the top of the object, while an operator prefers the side to see due
to visual constraints. Neither agent has an incorrect action, nor is the robot producing a
suboptimal action plan. This difference is fundamentally inherent in shared control, and
precautions are necessary to prevent filters from rejecting an operator’s sensible actions. Thus,
filtered shared control must be flexible toward the operator's corrective actions or preference,
empowering them to stay in control.

Current filter-based shared control strategies usually reject actions; there is no option other
than conforming to the robot policy. They strictly use a directional filter. If the operator’s
direction differs from the robot policy, the controller will reject the action, and the operator will
feel a loss of control. It prevents an operator from 1) resetting to try again, 2) correcting the

robot’s action, or 3) using it in a preferred way. The consequences are the operator: 1) makes



drastic movements to no avail; and 2) must give up on their strategy as they frequently have

“risky” actions rejected.
1.4 Dissertation Goal

This dissertation aims to present novel shared control algorithms that can be used to improve
a human operator’s control of a robotic manipulator to achieve a telemanipulation task that
would otherwise be challenging or impossible for the user on their own. To this end, three
objectives are developed:

1) Disambiguating the grasp motion goal with task level inference and determining the
autonomous actions needed to satisfy it (Chapter 2 and 3).

2) Provide a dimension-specific shared autonomy to provide appropriate assistance for
good task performance while maintaining the operator feels in control of the robot
(Chapter 4).

3) Provide an adaptive filter-based shared autonomy, so an operator’s corrective actions are
not always rejecred when differing from the autonomous agent’s policy (Chapter 5).

Toward developing these goals, a telemanipulation environment is created to act as the

testing platform. Specifically, the application of interest is teleoperating a robot arm for grasping
an object to achieve a specific task goal. Both the operator and autonomous agent have pose
states. An RGB-D image from an Xbox Kinect tracks an operator’s hand where features are
extracted (see Figure 1.3.b) using MediaPipe [13]. The tracking can reliably handle open hand
configurations and precision grasping motions such as a 2 finger pinch. It also provides
predictive features for occluded configurations such as the “thumbs up” motion. These features
are then processed into palm pose including position and orientation as well as respective

velocities. Lastly, the features can also. The processed features used as inputs for the robot



control of a Kinova MICO arm (Figure 1.3.c and Figure 1.3.d). The operator controls the hand
pose velocity (position and orientation) and how much each finger opens and closes. In all, the

human directly controls eight variables (position, orientation, and two-finger control variables).

Robot being control y
through teleoperation by Pick Goal .- %
motion tracking g

Robot
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Figure 1.3 a) Operators see the robot perspective on the screen while they move their hand freely
over the table. b) The Xbox Kinect captures hand posture to extract the palm pose and the
amount each finger is open or closed. The information is then sent to the robot to execute the
motion. ¢) The robot scene for Objective 1 (Chapter 3) is to grasp a singular object (cup) for
multiple tasks. d) The robot scene displayed is for Objective 2 and Objective 3 where a simulated
pick and place Transfer task is used.

Two telemanipulation scenarios are defined. The first is for the Intent Inference Module
(Chapter 2 and 3) to allow the operator to grasp a cup for different tasks(Figure 1.3.c). The
singular object multi-task scenario allows for effective evaluation of the Intent Inference Module
because it provides easier rule-based evaluation to determine task success rather than grasp
success. The different preferred ways an operator may want to perform a given task will provide
different intent inferences and thus different grasp solutions.

The second scenario aims to evaluate the Control Paradigm Modules (Chapters 3 and 4).
The operator aims to grasp a regular kitchen utensil from a holder and place it in a bin (Figure
1.3.d). This scenario aims to recreate an open pick and place scenario as the operator is free to
move about to accomplish the task however they wish. The robot is given a goal position for

both the pick and place locations with induced noise to simulate a realistic scenario.
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CHAPTER 2
INTENT-UNCERTAINTY-AWARE GRASP PLANNING FOR ROBUST ROBOT
ASSISTANCE IN TELEMANIPULATION
A paper published on IEEE International Conference on Robotics and Automation 2019*

Michael Bowman?, Songpo Li%, and Xiaoli Zhang*
2.1  Abstract

Promoting a robot agent’s autonomy level, which allows it to understand the human
operator’s intent and provide motion assistance to achieve it, has demonstrated great advantages
to the operator’s intent in teleoperation. However, the research has been limited to the target
approaching process. We advance the shared control technique one step further to deal with the
more challenging object manipulation task. Appropriately manipulating an object is challenging
as it requires fine motion constraints for a certain manipulation task. Although these motion
constraints are critical for task success, they are subtle to observe from ambiguous human
motion. The disembodiment problem and physical discrepancy between the human and robot
hands bring additional uncertainty, make the object manipulation task more challenging.
Moreover, there is a lack of modeling and planning techniques that can effectively combine the
human motion input and robot agent’s motion input while accounting for the ambiguity of the

human intent. To overcome this challenge, we built a multi-task robot grasping model and

! Reprinted with permission from IEEE International Conference on Robotics and Automation 2019. ©
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2 Primary researcher and author, graduate student, Department of Mechanical Engineering, Colorado
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% Co-author, Postdoctor in the Department of Mechanical Engineering and Material Science at Duke
University, Durham, NC 27705 USA.
4 Corresponding author, Associate Professor, Department of Mechanical Engineering, Colorado School of
Mines, 1610 Illinois Street, Golden, Colorado, 80401, USA.

12



developed an intent-uncertainty-aware grasp planner to generate robust grasp poses given the
ambiguous human intent inference inputs. With this validated modeling and planning techniques,
it is expected to extend teleoperated robots’ functionality and adoption in practical

telemanipulation scenarios.
2.2 Introduction
2.2.1 Need of Robot Assistance in Telemanipulation

Teleoperating a robot allows operators to carry out tasks remotely with the robot as a
medium. This indirect interaction brings in many advantages including increased motion
precision and strength, and remote access to work fields that might be inaccessible or hazardous
to the operator. However, successfully teleoperating the robot for a task is often difficult and
complex due to indirect manipulation and physical discrepancy between a human hand and robot
hand[1][2]. To reduce the control difficulty of teleoperated robots and the operation workload of
the operators, the robot agent is being designed to have more intelligence and autonomy, thus, to
understand the operator’s intent and assist in achieving it. Research has demonstrated that in a
target approaching process, the robot agent can infer the target location by observing the
operator’s motion trajectory and provide motion assistance in approaching the target [3][4].
Much research has been documented on how to precisely infer the target location and how to
effectively blend the human input trajectory and robot agent’s input.

Even though the approaching process is one of the major components that consist of the
teleoperation, the object manipulation task after approaching is essential and challenging, but has
not received enough research attention. Successfully manipulating an object requires fine
motions (i.e., motion constraints for task success [17]), such as approaching the object in a

specific angle, grasping the object at a particular part, and applying the force in a certain manner
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[18]. To satisfy the certain constraints for a task, the operator has to use their own mental and
physical capability to adjust the robot hand, beyond suffering from the general disembodiment
problem and physical discrepancy of teleoperation. Thus, there is a great need of technologies
that can enable the robot agents to proactively assist the operator in successfully tele-

manipulating objects for various tasks.
2.2.2 Influence of Uncertainty in Robot-Assisted Telemanipulation

One of the main barriers in intent-based robot assistance is the uncertainty of intent
inference could cause inappropriate robot assistance. If the robot’s modeling and planning
process does not consider the uncertainty of intent inference, it can cause incorrect assistance, or
task failure [9]. Uncertainty exists due to natural ambiguity of human motion. For instance,
when a human grabs the body of a cup with a specific grasp pose in teleoperation, it is difficult to
determine the manipulation intent for the grasp pose, although the pose itself could be for
drinking for one user or for transferring the cup to another location for another user. In addition,
indirect interaction of human hands with remote objects further increase the ambiguity of human
motion and increase the uncertainty in intent inference.

For those ambiguous human motions, there are indeed subtle unique differences for different
tasks, which could provide better context to humans in predicting the intended action [11]. These
subtle differences are critical to ensure the success of the task such as 1) a “drinking” task
requires sufficient room on the top and grasping poses may dominate the handle, 2) a “transfer to
another location” task requires sufficient room on the bottom to place the object safely, and 3) a
“handover” task requires sufficient room for another person to grab which tends to create a
finger dominated grasp. These subtleties vary between different people; however, they are still

key components to discern the task. Usually, these subtle differences are difficult to observe,
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which makes it hard for models to infer the appropriate classification for a task, and cosegeuntly

provide inappropriate assistance.
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Figure 2.1 Intent interpretation from an ambiguous grasp lead to different solutions based upon
the planning procedure. If the ambiguity in the intent is not considered it can lead to unsuccessful
grasp configurations which result in the failure of the task. Considering ambiguity allows for
subtle adjustments to be made to the grasp configuration to accommodate the task requirements
which are close in intent and ensure the robustness of motion planning. Interpretation of
ambiguous inputs, and uncertainty in model outputs is crucial for the planning procedures
success.

To solve these open issues, an intent-uncertainty-aware grasp planning method is developed
for robot-assisted telemanipulation. This approach enables robot-assisted telemanipulation in
which the robot infers the human operator’s manipulation intent and provides grasping motion
assistance to achieve the operator’s intended task. The contributions of this work are two-fold:
1) Multi-Task Grasp Modeling. The modeling considers the ambiguity of human motion.

Instead of building independent task models, some grasp poses share common features which

result in satisfying multiple tasks. The models, therefore, contain overlap between features

and poses. Additionally, non-overlapping areas are of special interest since they carry
fundamentally different features from other tasks. Although these fundamental differences
are often subtle, they are of critical need for the robust grasp planning model. Therefore, we
developed a multi-task grasp modeling method to allow robots to understand the common

features as well as subtle unique features which distinguish tasks.
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2) Intent-Uncertainty-Aware Grasp Planning. We developed an intent-uncertainty-aware
planner to handle the uncertainty in human intent inference. Given the intent inference
probability input, the planner first interprets the ambiguity level of human motion, then
generates the grasp based on this ambiguity level. Highly ambiguous input may need a grasp
pose that compromises features from all possible tasks. Input with low ambiguity generate a

grasp pose that emphasize features for the higher inferred task.
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Figure 2.2 This overview demonstrates the framework used to achieve an intent-uncertainty-
aware grasp planning. The initial human grasp creates a probability for each principle task, w. To
account for ambiguity the intersection of each principle task is considered, v. The robot model
will also account for the intersection of tasks by using common poses. Both of these produce
probability vectors which are used for the intent-uncertainty-aware grasp planning. A final grasp
pose is then obtained from the planning process.

2.3 Methods
2.3.1 Framework Overview

The overall framework process to handle this can be seen in Fig. 2.2. The three main
components discussed in this section will be the multi-task robot model, the human intent
ambiguity interpreter, and the intent-uncertainty-aware grasp planner. The multi-task robot
model will consider the overlapping nature of different tasks due to common motion features
shared by their grasp poses and allows the robot to understand the fundamental different features
of these tasks. Grasping objects is ambiguous without a clear discrete difference between

satisfying specific tasks because of the inherent nature of the manipulation problem where this
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varies between users. So, the interpretation of human intent inference provides a descriptor for

the ambiguity level among the tasks the robot can satisfy. The planner will attempt to find a

robot pose which will pull characteristics from different tasks depending upon the ambiguity

levels among tasks.

2.3.2 Multi-Task Robot Modeling

Table 2.1 Subtle Feature Comparison of Different Common Poses Within a Multi-Task Model
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Unlike more traditional models the model structure we propose uses common poses in

conjunction with probability distribution. Traditional Bayesian structures [5][6], as shown on the

left in Fig. 2.3, do not consider ambiguity[12] of task distinctions, where our method on the right

shows the consideration for overlapping tasks. Current robot models create task models

separately from one another—to create clear, independent distinctions between tasks—and lack

consideration of common poses. This causes difficulties to find continuous features between

poses. Common poses have a unique ability to satisfy multiple tasks, however, they may be sub-

optimal to satisfying a single principle task and less transparent to independent models.
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However, traditional Bayesian structures can obtain probability rather easily [10]. To ensure the
probability obtained for our model is correct it is imperative the training data is labeled

appropriately and reflects the right side of Fig. 2.3.

2.3.3 Inclusive Task Labeling

Common poses do add a degree of ambiguity compared to those of independent model
strategies. Although, our approach takes into consideration the ambiguity by creating a multi-
class Bayesian structure [13][14]. Our model considers this by giving an inclusive aspect where
poses which satisfy more specific situations should be included in the more general cases. For
instance, in Fig. 2.3, all tasks within the Task 1 circle should be considered within the Task 1
class. The example model created was for grasping a cup—as shown in Table 2.1 in conjunction
with Fig. 2.3—for principle tasks which include: task 1, usage or drinking from a cup, task 2,
transfer of a cup to another location, and task 3, handover of the cup to a person.

Compared with traditional grasp modeling techniques, the classes and labeling of our
modeling method will not be the three principle tasks, exclusively, rather they will contain seven
classes in which the robot can satisfy. To label these classes correctly, the assumption made is a
robot pose which satisfies more principle tasks than necessary is admissible to a more general
class because it satisfies the necessary principle task. By creating an inclusive class structure, the
model can begin to understand the subtle and unique differences among tasks. For instance,
when looking at Table 2.1, we observe a group labeled for the class “Usage and Transfer”. Poses
falling under this label satisfy not only the class “Usage and Transfer”, but also “Usage” and
“Transfer”, thus the pose should be considered into the training sets for “Usage” and “Transfer”
tasks. This duplication, or information sharing, of training sets allows the more inclusive class

(such as Task 1, Task 2, and Task 3) to identify the distinctions between unique and common
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features. Table 2.2 shows how to appropriately label and consider the training set for the model
created by the right of Fig. 2.3 in conjunction with Table I. The letters U, T, and H stands for the
principle tasks, “Usage”, “Transfer”, and “Handover” respectively. The columns represent each
class the robot model knows, while the rows are the strict subset of events which make up each
class. A pose which is used for “Usage and Transfer only” (row 4), can satisfy both
“Usage”(column 1) and “Transfer”’(column 2) alone as well as “Usage and Transfer”(column 4).
Additionally, for instance, all poses which could be used to satisfy a “Usage” task (column 1)
include, “Usage only”’(row 1), “Usage and Transfer only”’(row 4), “Usage and Handover

only”(row 5), and “All Tasks”(row 7).

Robot Models Comparison

Current Models Our Model
Task 2
Task 2
1and 2and
2 Al 3
1 and
Task 1 Task 3

Task1 3 Task3

Without Consideration of Consideration of Task
Task Ambiguity Ambiguity

Figure 2.3 Robot models need to consider task ambiguity. Current models(left) do not consider
ambiguity or where multiple tasks may be satisfied simultaneously. An alternative model(right)
considers tasks being concurrently fulfilled by common poses.

Table 2.2 Inclusive Labeling For Principle Tasks With Consideration of Common Poses

HTU Class 1: 2: 3: 4: 5: -6: 7:
k U T H unT UNH TNH UNTNH
001 1 0 0 0 0 0 0
010 0 1 0 0 0 0 0
100 0 0 1 0 0 0 0
01 1 1 1 0 1 0 0 0
101 1 0 1 0 1 0 0
110 0 1 1 0 0 1 0
111 1 1 1 1 1 1 1

Principle Tasks: U = Usage, T = Transfer, H = Handover
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When observing Table 2.1, we notice between the classes the pose features are subtle, yet
they are critical. By labeling the training poses in this manner, we train the model to identify
subtle differences and common poses for the principle tasks as well as unique specific cases
within the principle tasks. Subtle features can be difficult to observe and determine, however,
they provide better context to a human user. Table 2.1 includes the subtle features used for our
model including high level concepts such as palm contact, clearance from the top of the cup, and

sufficient room for a user to grasp. These subtleties are further discussed in the table.
2.3.4 Multi-Task Robot Model

The goal of the Bayesian model is to obtain the posterior probability, or the probability of
each class given a continuous pose[15][16]. Each pose contains continuous features, x, which can
include position, orientation, force, and object features. Our model included palm center, and
palm orientation as well as finger force. The model is a Naive Bayes classifier (NB), but uses the
features to create a multivariate normal distribution as shown in (2.1). The key parameters from
the model for each classification zone, k, include: the mean value of each feature, p, the
covariance matrix, Y k, and the prior probability, P(k). These parameters are learned from the
training set by using the Expectation Maximization Algorithm. In (2.1), it shows the conditional

probability of x given k, where d is the length of x.

P(x|k) = 1 emd T ) 2.1)

/det Cr*(md

With this equation, Bayesian models obtain the posterior probability of the class k given x

with (2.2), where the class with the highest probability is the label for x.

P(x|k)+P (k)

P(kl%) = S5 Liompag

(2.2)
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Each probability of a class is then put into what is referred to as the robot probability vector,
Pk. The model we created from Fig. 2.3 and Tables 2.1 and 2.2, mean there are seven classes and

the probability for one pose to satisfy all seven classes must sum to one.
2.3.5 Intent Ambiguity Interpretation

To handle the ambiguity, the modeling of human manipulation intent follows a concept of
multi-label classification, where two, three, or m principle task classification model outputs
could be satisfied at the same time, shown in Fig. 2.1. Each classification model produces a
probability and is put into a vector of mx1 size, where this is referred as the classification input
vector, w. Since each model output is independently obtained, we can identify each joint
probability case. This will generate a vector of size 2™ where m is the number of principle tasks.
This vector of possible events with their subsequent probability will be referred to as the human
probability vector, u, shown in (2.3), where y(m) is the power set from 1 to m task classification
models, and Y is each subset of y(m).

P ﬂwi ﬂ —w; =1_[P(wi) 1_[ 1-P(w;),Y c y(m) (2.3)

ey  jev,jem ey jey,jem

For example, consider when m=3 as shown in Fig. 2.1. The classification probability vector
(0.88,0.9,0.2) produces a vector where each combination of the principle tasks is considered true
and false. So when event UN=TN—=H occurs, the probability is 0.88*(1-0.9)*(1-0.2) = 0.07,
while when the event UNTN—H occurs, the probability is 0.88*0.9*(1-0.2)=0.63.

Since the robot model is unaware of the event where inaction should be taken
(=UN=TN=H), it is important to eliminate this action and normalize the rest of the probability
vector where at least one principle task m is satisfied. This is to ensure the robot classes, K, is

equal to 2™-1. This new vector is known as the target probability vector, v, and is shown in (2.4).
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The target probability vector now has a scenario associated with each class of the robot model

previously discussed in Table 2.1 and 2.2.

Ui

22"y |

v; Vi<2m (2.4)
Alternatively, a designer could force the robot to ask for clarification if the inaction task is
sufficiently high. The human probability vector has a distinct advantage over using the
classification intent by allowing more descriptive behavior of the type of features the robot
model should use. For instance, Fig. 2.1 shows if the classification intents for grasping a cup for
Usage and Transfer are similar and high while the Handover task is low, then the decision
process should carry features which demonstrate and use features from both higher intents.
Additionally, the human probability vector inherently accounts for uncertainty in human intent

by allowing for the system to consider multiple classes at once as well as the varying degree the

multiple classes may influence the outcome of chosen features.
2.3.6 Intent-Uncertainty-Aware Grasp Planning

The planning process involves taking the ambiguity levels developed in the intent
interpretation section and using them as a basis for the determining characteristics needed.
Whether the ambiguity levels are high or low will determine which set of features should
predominantly be used from the robot model classes developed earlier. The planning process will
start from a known pose, which is closest to the ambiguity levels, then continue to refine the
features of the pose until a more reflective pose is created. The refining step is iterative and will
attempt to use both unique and subtle characteristics from all classes as it needs until
convergence.

The planning process includes using a Bayesian structure to best fit the target probability

vector. Traditional Bayesian models attempt to maximize the probability of one region or class
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over all others, since these models are based on independent model strategies, rather than
minimize the difference between the current and target probability vectors. By matching the
probability vectors, the subtle and unique features of the robot model should reflect the best
combination of intent to make it predictable to the user. The first step is to identify the grasp
class out of the defined 7 and select an initial grasp pose from the training set of this class, since
this is currently the best approximation the robot model can make. This best approximation is
done by taking the highest class of the human probability vector and choosing the best pose
which is reflected in the class of the robot model. Determining the best pose within the class can
be done by using the objective function as shown in (2.5). The objective function is a least
square regression which will attempt to match the robot probability vector to the target
probability vector.
min (v = P)? (25)

By mimicking the probability, the unique and subtle features of the robot model will reflect
those most similarly to the human intent. This is due to the robot model classes containing both
the unique and subtle features which the planner takes characteristics. The next step is to refine
this initial approximation and determine how the features need to be adjusted. To determine the
amount of adjustments the planner will take, from a unique feature to a more common feature or
vice versa, a gradient descent method was applied as shown in (2.6).

k(v — Py) Vk (2.6)

This can be solved using finite-difference methods [7] or analytically using matrix calculus
[8]. This approach will use the ambiguity levels as a guide to determine which subtle or unique
features are more critical, or influential in ensuring a successful grasp pose. Afterwards,

constraint equations will be applied—which are robot and case dependent based upon features
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selected thus will be left to the reader’s discrepancy—and the objective function will be
evaluated once again. The overall algorithm can be seen in Algorithm 2.1. All together these

pieces will provide the best features to match the human intent.

Algorithm 2.1: Intent-Uncertainty-Aware Grasp Planning

Input: Multi-task Robot Model NB, Classification Intent Vector w
Output: x, Pk

1: Evaluate w to find ambiguity levels, v

2: Obtain starting pose X, by choosing closest to known level to v from NB
3: while iter < iteration_max or obj < tolerance do

4: P, = NB(x)

=) obj =2 Xk(vy — Py)?

6: dobj = Zk(v), — Py)

7 x = updateVariables(x,BN,obj,dobj)
8: iter €iter + 1

9: end while

10: Return x, Pk

2.4  Experiment and Results
2.4.1 Experimental Setup

The experimental setup included using a Kinova Mico arm as well as a mug for the object of
interaction. The robot model was gathered for three tasks: drinking/using the cup, handing the
cup over to a person, and transferring the cup to another location. The robot model only
considered features for the final grasp configuration and did not include trajectory or temporal
features, however, the force in which the fingers applied was considered. The robot model was
created by developing expert analysis of rules to determine which task could be satisfied. The
rules developed express extreme cases where there are certain cases of no overlap between
principle tasks. The robot was then manually moved to obtain the training data. Additionally, the
optimization algorithm used was fmincon [7] available in MATLAB, however, other

optimization algorithms may be used to achieve quicker convergence. The classification intent
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was simulated for the experiment to represent where one task is dominant, two tasks are
codominant, and all three tasks are equal. Two different types of analysis were done to verify the
method. The first was an objective result by comparing the initial intent inference and probability
distribution with those created by the final pose configuration. The other analysis was the

subjectivity and predictability of the pose by a human user.
2.4.2 Objective Results

Due to the planning framework, the resulting poses and solutions are deterministic. The
results shown are for three separate cases which include: a single task where the target intent is
for usage, a task which holds two likely intents for usage and transfer, and lastly a task where the
intent for all tasks are equally likely. Table 2.3 shows the comparison of the target probability
vector, v, and robot probability vector, Px. These results show when the individual task is the
target task it primarily takes features from this population, while mostly disregarding other
populations. This coincides to how independent model strategies exist. It is shown the more
ambiguity, or the closer the task intents are to one another, the better the optimization can handle
pulling features from the separate populations to achieve a solution. We can also observe how
close the final intent inference of the three principle tasks we get to compared to the initial intent
inference, w, in Table 2.4 below.

Table 2.3 Posterior Probability VVector Comparison

Single Task Single Task Two Task Two Task Three Task Three Task

HoTU Target Final Target Final Target Final
001 0.7933 0.8156 0.0817 0.0998 0.0090 0.0143
010 0.0098 0.0336 0.0817 0.1003 0.0090 0.0102
100 0.0098 0.0347 0.0010 0.0197 0.0090 0.0044
011 0.0881 0.1108 0.7356 0.7533 0.0811 0.0801
101 0.0881 0.0000 0.0091 0.0000 0.0811 0.0809
110 0.0011 (.0033 0.0001 0.0269 0.0811 0.0803
111 0.0098 0.0000 0.0817 0.0000 0.7297 0.7295
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Table 2.4 shows the comparison of the initial target intent and the final intent given by the
final pose. This shows the more ambiguous the initial intent the better the pose can satisfy it. In
addition to checking the objective posterior probability and intent of the poses, it is also
imperative to observe the grasp pose to determine if it could satisfy the given tasks.

Table 2.4 Principle Intent Inference Comparison

Initial Single Single Two Two Three Three
Intent Task Task Task Task Task Task
Target Final Target Final Target Final

Usage 09 0.9265 0.9 0.8531 0.9 0.9049

Transfer 0.1 0.1497 0.9 0.8805 0.9 0.9004
Handover 0.1 0.04 0.1 0.0465 0.9 0.8953

2.4.3 Subjective Results

For the subjective analysis, there are two main properties to identify. The first, is to
determine if poses can satisfy true tasks, while the second is observe the subtle features of the
final pose configurations. To analyze both properties, observe Fig. 2.4. It shows the comparison
between two ambiguous intents between the transfer and usage task. This figure shows the issues
where independent models may fail or possibly be lucky to succeed. The intent for grasp pose b)
i (0.9,0.9,0.1), so it is difficult to determine which to task to follow. For instance, if the true task
is usage and the independent model method incorrectly infers the task is transfer, it will produce
the grasp pose a) shown on the left. This grasp has subtle differences which fails for usage, such
as a finger covering the top of the cup and leaving insufficient room to drink. While grasp c)
appears to be an optimal grasp for drinking a cup, although it is not optimal for transferring the
object because it lacks palm contact with the cup and is a finger dominated grab which may not
be a stable hand configuration for a transfer task. Grasp b) takes features from both usage and
transfer populations, which generate poses a) and c), to produce a pose which is better equipped

to handle both tasks. The palm is close to the cup, which can satisfy a stable grasp, while also
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leaving sufficient room on the top to drink from. The subtle differences allow a change in the
finger placement, sufficient room to drink, and palm contact for a more stable grasp. These
subtle differences of features within a pose allow for a smoother transition of tasks which reduce
the risk for inferring the wrong intent. Humans are keen on picking up these subtle differences,
so it is critical to account for the vagueness of intent and create models which are more flexible
towards it.

Intent: (Usage, Transfer, Handover) Intent: (Usage, Transfer, Handover) Intent: (Usage, Transfer, Handover)
0.1, 0.9, 0.1) 0.9,0.9,0.1) 0.9, 0.1, 0.1)

ass

b

right right
Dyege Ctront Cleft

Figure 2.4 There are three separate grasp poses a) represents the pose which satisfies the transfer
task and not the other two tasks as seen by the intent provided on the top. This grasp dominates
the top of the cup to leave room to place and it is unsuitable for usage. b) is the pose which our
model generated which carries the subtleties to satisfy both usage and transfer while not
satisfying handover. The robot hand dominates the handle by having a majority of fingers around
it, while leaving sufficient room to drink from the top. The palm is higher on the cup. ¢) is the
pose for which satisfies the usage task. The fingers dominate the handle space by having a
majority of fingers near the handle, sufficient room on the top for drinking.

Additionally, human predictability was also an important factor to consider when analyzing
the poses the robot distinguished. The human expert was to identify 50 poses generated by the
model and correctly label the pose for which tasks it could satisfy. The expert was able to
distinguish 80% of the poses as the correctly labeled ones. The human subject often appeared to
believe the pose could satisfy more tasks than it could which may be a result of the user seeing
features from the other minor tasks which the optimization may have incorporated as part of the
posterior probability vector. This shows the importance of creating continuous models since it is

difficult to determine the vague intent presented by grasp configurations.
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25 Discussion

The ambiguity of distinctions between the different grasp configurations requires robot
models to become continuous rather than discrete models. The methods provided demonstrate an
effective way to consider and convert the robot models into a more appropriate framework. It is
important to understand there are optimal poses which can satisfy a specific task, and there are
also sub optimal poses which can satisfy all tasks. The goal of this work is to find sub optimal
poses which are better solutions than a default preplanned grasps which can satisfy all tasks by
transforming the problem into a continuous system. This is done by interpreting the human intent
as independent and transforming the probability to a more descriptive representation. The results
also show the subtle feature changes can have an impact in influencing predictability. Obtaining
human intent and creating effective human inferencing models creates uncertainty which needs
to be accounted for when having a robot system make decisions. This makes it difficult to
confidently use independent model strategies compared to probability distribution strategies. All
together this system accounts for uncertainty by creating a continuous Bayesian structure from

which the final intent distribution can closely mimic the human intent.
2.6 Conclusion

The overall method proves effective due its practicability compared to other modeling
methods. However, it can still be improved before being used for true telemanipulation. The
evaluation for different levels of overlap between principle tasks is a necessary next step. It is
also critical to analyze models for other objects. Lastly, more human subjects are needed to

further validate the predictability.
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CHAPTER 3
INTENT-BASED TASK ORIENTED SHARED CONTROL FOR INTUITIVE
TELEMANIPULATION

Under review to Journal of Intelligent And Robotic Systems (JINT) 2023
Michael Bowman®, Jiucai Zhang®, and Xiaoli Zhang’

3.1 Abstract

Shared control in telemanipulation is a promising yet challenging problem. The unique
challenges—beyond teleoperation—include physical discrepancy between human and robot
hands and the fine manipulation constraints to constitute task success. We present an intuitive
shared-control strategy that generates robotic grasp poses better suited for human perception of
success and feeling of control while ensuring a stable grasp for task success. The former is
achieved by having user inputs as motion constraints. The latter is achieved by understanding
human intent and acting on that inference. The robot's motion follows an arbitration between
following the user's motion constraints and accomplishing the inferred task. The arbitration
adapts based on the physical discrepancy between the human and robot hands. We have
conducted a user study with a telemanipulation scenario to analyze the effects of task
predictability, following, and user preference. The results demonstrated that intent-based

approaches provide advantages over direct motion mapping strategies.
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3.2 Introduction
3.2.1 Insufficiencies and Challenges of Telemanipulation

Although teleoperation has great potential to complete tasks in remote environments, current
telemanipulation research is insufficient to support task success when grasping an object [1]. It is
limited to relatively simple grasping tasks such as caging, pushing, and pulling an object without
considering the manipulation requirements. For the above example, when grasping a cup, the
user has to go through multiple iterations of grasp, release, and re-grasp actions to adjust the

robot's hand posture for one specific task [2] (Fig. 3.1).

Shared Control Spectrum Based on Physical Discrepancy

Needs to consider

these questions ? o
20

"]

D
Teleoperation /\ Autonomous
(y low) » () high)

- g

Robot identifies

how different from
human and assigns
weighting term 1/,

How different am I from

How much assistance should
1 give?

a)
Subtle Feature Changes for Different Amounts of Assistance
After identifying, Input Hand Motion. H;. for -
needs to consider = a Transfer Task of a Cup: o
i i LA
™ How much to hsten to  « .

. D human with weight. 4;. ZT (Ri— H)*
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< and robot action. R; >
Mimicking Human Motion Following Human Intended Task
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Figure 3.1 a) A representation of how the robot needs to first identify how different it is from the
human, where the more similar the structures the easier it is to map and follow the human hand
(low y). b) After identifying the physical difference, the level of authority or autonomy the robot
is allowed can produce various potential grasp poses for the intended task and human motion.
Mimicking leads to more teleoperated or full user control (low A i), while intent-based strategies
fall more along the lines of fully automated (high A 1) for each specific motion constraint. The
user may have a preferred option in the middle of the two extremes which is intuitive to their
expectations. The approach in this paper aims to achieve that by appropriately setting the vy, and
Al
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The difficulties in teleoperation stem from the indirect perception and manipulation of the
robot's environment and workspace and the physical discrepancy between the operator and the
robot [3] [4]. Telemanipulating objects by controlling a robot hand is even more challenging
because of 1) the physical discrepancy between robot and human hand structures and 2) object
interactions requiring different motion constraints for different tasks. For the first challenge, the
physical differences in robot hand size, dexterity, and the number of fingers bring more
difficulties in motion mapping from human to robot hands. This discrepancy prevents the robot
from directly mimicking capability. For the second challenge, subtle motion differences can
cause task failure (i.e., not leaving enough or appropriate open space during a handover task).
Although the robot may be able to grasp the object successfully (e.g., caging), without additional
context or a way to consider the consequence of robot motion in task space, it cannot ensure the
subsequence manipulation task success with the object. Thus, an operator must adjust the hand
posture to complete the task successfully.

Current strategies try to either 1) improve immersive human perception [1][5] or 2) achieve
accurate motion mapping [2][6]. However, less research attention has been given to improving
the robot's intelligence and ability to manage object interaction to solve indirect manipulation
and perception. The robot hand is typically treated as a passive follower in teleoperation.
Usually, the robot follows a fixed policy/rule to map human hand motion to its hand. The
problem with the rule-based passive following is that while the robot interacts with the object, it
can result in task failure (e.g., dropping the object) if the human inputs are imperfect. Imperfect
inputs are expected due to indirect manipulation and physical discrepancies or if any
environmental disturbance occurs around the object. Additionally, existing techniques cannot

accommodate the subtle motion constraints for task success. The robot may not understand the
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operator's intent behind grasping an object or generate adjustments to satisfy subtle motion
constraints essential for task success. The robot's inability to actively remedy imperfect human
inputs or provide adjustments to accommodate essential task constraints can easily fail. These
limitations force current telemanipulation systems to rely on tedious human adjustments. Due to

these reasons, current telemanipulation is limited to relatively simple tasks.
3.2.2 Shared Control: The Identified Open Problems

In the authors' vision, intuitive telemanipulation aims to reduce human adjustments by
arbitrating between robot autonomy for task success and the operator's direct motion mapping.
Adding autonomous assistance empowered by intent inference is the most viable strategy to
augment a person's ability to complete tasks rather than passive motion mapping alone. Motion
mapping of finger joints alone cannot guarantee task success, while focusing on only task
success may have the human feel like they lose control since they are unaware that the robot will
succeed. Arbitrating human actions and task success is the best way to reduce human
adjustments for intuitive control (Fig. 3.1). The aim is to rely on the robot's knowledge to adjust.
The identified open problems are 1) determining intent inference, 2) building a control scheme
using the inference, and 3) determining the tradeoff arbitration between task success (empowered
by understanding human intent and providing intent-based assistance) and following the operator
(giving them a feeling of control over the robot).

Our previous work investigated a pure intent-based grasp planner to generate task-oriented
assistance [7]. This intent-based planner generates grasp motion assistance toward achieving the
inferred user's intent. Despite the previous effort, open problems still exist. It lacked awareness
of how an operator wanted to complete the intended task (i.e., operator motion in the form of

motion constraints). Our previous efforts do not address the appropriate way to combine the
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intent inference planner with the human motion in a control scheme or the arbitration between

the two.
3.2.3 Contributions

This paper focuses on developing a control scheme addressing the specific needs of shared
control for object telemanipulation. This includes handling multiple tasks for the same object
through intent inference and motion constraints that consider the operator inputs, physical
discrepancies of the hands, and the robot's knowledge of the inferred tasks. Lastly, this paper
investigates the control's legibility and preference through operators and bystanders. Although
this paper does not include haptics or other immersive devices, the control scheme presented is
viable for their use. We envision that the autonomous assistance provided by our work can and
should be paired with immersive devices for a better-performing shared control system. The
main contributions are as follows:

1) Designed an arbitration approach to blend task-orientated assistance and direct motion
mapping. Adding constraints to consider the explicit motion aims to generalize the
framework. These are not formulated as hard constraints but rather elastic, thus making the
optimization find a better grasp solution near the human operator motion (shown in Fig. 3.1b
as the entire summation term).

2) Generalized an adaptative arbitration policy across robot structures based on the physical
discrepancy. A policy to determine the strictness of the motion constraints (applied in
contribution 1) is paramount to the solutions the optimizer determines. The strictness policy
is a penalty term (y from Fig. 3.1a) based on the dissimilarity level between two separate

hand structures. Additional penalty terms (A; from Fig. 3.1b) allow the optimizer to adhere
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to certain motion constraints more than others (i.e., orientation is stricter than finger
actuation). This has been generalized for different hand structures.

3) Investigated the preference and legibility of control from operators and bystanders. Ranking
questionnaire surveys of the operators (360 trials) and bystanders (1080 trials) gives insight
into their view of favorability for the control framework. The operators need to feel in control
of the robot as they lack the physical perception of the robot's environment. The bystanders
near the robot are vital to consider. They may be wary of the robot's actions and potentially
stop what they are doing to assist the robot. This subjective analysis is critical as

telemanipulation aims to improve the workflow instead of hindering it.
3.3  Related Work
3.3.1 Passive Motion Mapping for Telemanipulation

Current telemanipulation strategies focus on passive motion mapping techniques between
human hands to robotic hands. State of the art approaches come in two forms: 1) Synergy based
approaches [2][8] and 2) Neural Network mappings [9][10]. The synergy approaches focus on
mimicking human-like interdependence muscle-tendon motion to reduce the needed input
dimensions [11] [12]. The mapping follows joint-joint mapping, cartesian mapping, and virtual
object mapping [13]. Although these mapping can provide ways to handle the dissimilar
structures of a human hand to a robot hand for better accuracy, they do not aid in completing
tasks.

Neural Network mappings are an alternative strategy to build the interdependence model.
These mapping strategies are feature-to-feature mapping [14] and end-to-end mapping [9]. These
approaches aim to extract different levels of information from the collected human dataset.

Learning the features rather than defining them as inputs can provide better relationships to be
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developed. These approaches lack kinematic constraints and training time, making it difficult to
build a sufficiently appropriate model. Although they can provide precise and accurate

mappings, they still cannot guarantee task success.
3.3.2 Autonomous Task-oriented Grasping

Semantic grasping approaches inform a robot of functional task-specific grasps [15]. This
allows a robot to understand a high-level task success before evaluating a lower-level grasp
success. A grasp can be considered successful based on grasp stability and contact pressure
[16][13]; however, just because a successful grasp occurs does not mean it is appropriate. For
instance, if one were to be at a tea party where it is socially acceptable to drink in a particular
manner, others may be confused if you do not conform to their style. There are multiple ways to
grab a teacup to drink successfully; however, it would result in a task failure if others do not
perceive it as appropriate. Thus, one can think of task success as applying context for a grasp
success [17][18]. In [19], they demonstrate how to discretize and classify multiple classes with
transitional grasp zones. The context-aware grasping should be extended to what makes a grasp
legible to its operator and bystanders (i.e., appropriately grasping the teacup). Further, additional
robot models (dependent on hand structures) are needed to succeed in the task as their partner
expects. The different grasp models generate different poses due to the physical discrepancy in
end-effector design. For instance, the poses generated using the same intent inference for a two-
finger robot and a five-finger robot may differ from a human pose.

Pure intent-based formulations without shared control between humans and robots are
inherently autonomous control. These approaches aim to use a robot's understanding and
grasping models to facilitate completing a human's intended target. These methods determine the

most efficient way to accomplish the task from the higher-level information, such as the intended
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goal. In other words, it may be able to achieve the same intended task yet accomplish it
differently. This makes pure intent-based approaches ideal for implicit control techniques
without feedback, such as gaze control [20][21] or gesture control [9][22] but not when an

operator uses explicit motion inputs like hand posture control.
3.3.3 Shared Control for Task-oriented Telemanipulation

Intent-based shared control has shown promise and improvement in approaching tasks by
placing the burden of task completion on the autonomous system [1]. The intent inference is
measured through RGB [23], gaze [20][21], and hand marker data [24]. The intent inference is a
posterior probability across a predefined set of tasks for easier classification. To obtain the intent
inference, independent data-driven classification models—Neural Networks [21][24], Bayesian
Networks [20][24][25], or Support Vector Machines [20][24][26]-are developed from the total
pool of human data. These normally employ a winner take all strategy for posterior probability
[1][27][28]. These are justified to be used in reaching tasks. It normally pertains to
disambiguating the inference between reaching different objects. Still, it may not be suitable to
disambiguate the inference between different tasks for grasping the same object (grasping a cup
for drinking or transferring a cup to another person).

Afterward, shared control policies such as linear blending are designed to arbitrate between
robot inferred goal and human motion[27][29][30]. Shared control strategies have been utilized
in approaching tasks [1][31][32] yet are not suitable for manipulation as the motion constraints
of manipulation from the operator and fully autonomous perspectives may differ. Other methods
of approaching include envelope motion constraints [33][34] and manually selective assistance
levels [35][36]. Haptic based strategies have tried to fill the void for grasping strategies but

require more extensive knowledge of the environment to provide effective assistance
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[37][38][39]. Lastly, the arbitration policy for teleapproaching tasks assumes more autonomy as
the intent inference improves (usually towards the end of a trajectory when the robot is near the
goal). Since the robot gets added autonomy, the primary focus of the robot is to complete the

task over listening to the operator's motion. This behavior causes a sense of losing control of the

robot as it generates a predefined grasp motion different from human inputs towards the end of

the grasp.
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Figure 3.2 The control diagram and corresponding optimization for the “Planning” block. Two
parts are separated based on the intent strategy (top) and mimic or motion strategy (bottom). The
intent piece is represented in the first part of the objective function while the motion piece is
represented in the second part of the objective function.

3.4  Methods
3.4.1 Intent-based Shared Control for Telemanipulation

The main problem of shared control systems is determining the tradeoff or balancing
between following the intuitive human motion and assisting in the task's success. Shared control
often is defined on a spectrum, where full user control and autonomous control are on opposite
ends. A general sense of potential grasp configurations is demonstrated in Figure 3.1.
Considering shared control as a spectrum from teleoperation (operator fully controlling the
robot) to complete autonomy, we see different potential grasp configurations—some successfully

do grasp the cup and others do not—which the operator may have a particular view of what is
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most successful. By inferring the intended task, autonomy can take over and focus on the
operator's task success. This style of action selection is best suited for control that lacks hand
motion, i.e., eye gaze only control. However, all the poses presented in Figure 3.1 could be
accepted for a particular operator and interface system. For instance, a well-experienced operator
may prefer minimal assistance with hand tracking, while a novice operator may rely on
assistance as they get accustomed to the system.

Four separate components are developed and discussed in the following subsections to
address the needs of the tradeoff between balancing the task performance and following the
operator. The four main components are: 1) disambiguation of the human intent for grasping
tasks (section 3.4.2), 2) building a robot model and formulating autonomous action for given
intent inference (section 3.4.2), 3) how to introduce motion constraints to generalize the intent
planner (section 3.4.3), and 4) how to determine arbitration between the motion constraints and
intended task through common variables and physical discrepancy (section 3.4.4). The first two
components formulate the intent module (Fig. 3.2), which acts as an autonomous solution, as
seen in Fig. 3.1. The latter two components deal with the motion constraint and determining the

tradeoff.
3.4.2 Intent-based Control

In [7], we have validated that the disambiguation of multi-inference tasks can be achieved
through intent descriptor vectors. The following is how to use intent descriptors to formulate a

shared control framework for hands-free telemanipulation, which acts as a summary for [7].
3.4.2.1 Intent Inference Interpreter and Descriptor Vectors

In [24], we have investigated manipulation intent inferencing, where we track human hand

poses for principle tasks of four objects. The investigation led to a multi-label classification of
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the poses to build independent-task inference models through a Neural Network, Support Vector
Machines, and Bayesian Networks. In this paper, we adopt a pre-trained Bayesian Network
model with hand pose information to determine intent inference at each time point and use a
single object (a cup) as a case study.

Consider the temporal manipulation intent inference where there are three principle tasks,
wm, for grasping a cup (where m is the number of principle tasks). wm holds three unique tasks:
1) using or drinking from the cup (denoted as U), 2) transferring the cup to another location
(denoted as T), and 3) handing the cup over to another agent (denoted as H). By stacking these
probabilities together, a 3x1 vector is obtained, where we can begin the development of a better
descriptor vector. Since each classification model is obtained independently, it is not necessary
for the total probability to equal one. For instance, the remainder of the section assumes the
manipulation intent vector is wm=[0.8,0.3,0.78] for a single time point. In this instance, the P(wx)
(the usage/drinking task) and P(wz) (the handover task) are almost identical to one another.
There exist two forms of uncertainty, one from the human input and another from the modeling
process; thus, it is critical to deal with this ambiguity by developing a descriptor vector. We
establish the descriptor vector called the human target probability vector, Pf, by following Eg.
3.1 to combine the manipulation intent inference and reduce the ambiguity. Where P(w) is the
probability of the intent inference for the principle tasks (i.e., drinking, transfer, and handover),
and Y is a subset of the powerset of all combinations of the task, y(m). The powerset, y(m), will

have the size of k=2".

P = np(wn) 1_[ 1—-P(w)),Y c y(m) (3.1

ney j&Y,jeEm
The index n accounts for the tasks in subset Y while j accounts for tasks outside the subset

of Y. This results in P}’ being of size k=2™ (in our example, it is of size 8x1) because it accounts
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for overlap among multiple tasks. This equation describes each combination of the principle
tasks as either true or false. From the example wm vector([0.8,0.3,0.78]), the first case of the
manipulation intent is "usage only." This results in Pf=0.8(1-0.3)(1-0.78) = 0.1232. Likewise, if
the event were to satisfy all tasks, it would achieve P¥ = 0.8(0.3)(0.78) = 0.1872. Figure 3.3
demonstrates the relationships between the overlapping regions and how to calculate the
probability. The human target probability vector is treated as a reference the robot should match

upon calculating all combinations.

P(wy) P(U) 0.8
P(wp)| =|[P(D| = I 0.3 ]

P(w3) P(H) 0.78
T Uonly PF PW)x*(1—P(M))x*(1—P(H) 0.1232
TOnly P¥ P(T)x(1—PU))*(1—P(H) 00132
Uand T and HOnly PH P(H)*(1—PU))*(1—P(T)) 0.1092
T Al H Uand T PH P(U) * P(T) * (1 — P(H)) 0.0528
U and Uand H PH P(U) * P(H) * (1 — P(T)) 0.4368
U H H TandH PH P(T) * P(H) * (1 — P(U)) 0.0468

All P P(U) * P(T) * P(H) 0.1872

Figure 3.3 Demonstration of showing how to calculate the probabilities for different overlapping
regions of the ambiguity model. The example column shows the resulting probability for P and
how the resulting task will try to accomplish the U and H tasks.

3.4.2.2 Multi-Task Robot Model

The robot planner also needs to produce its own probability vector for satisfying the intent
inference distribution; where, for simplicity, it is based on the Naive Bayes robot model (R).
Model R is created by collecting feature vectors R for each task and using Expectation
Maximization to determine their class distribution. Each vector R comprises of individual
variables Ri, which contain robot pose (position and orientation) and how much each finger
should be open or closed (normalized between 0 and 1 where 0 is considered fully open). It can

contain other variables such as the robot joint angles, provided fingertip force, torque, and object
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features (shape or size). We obtained our robot model by manually collecting human-defined
grasp poses for each individual task. We then used bootstrapping techniques to produce 2000
valid R within R to produce probability distributions. To produce the robot posterior probability
vector, PR, with a given R, the following two equations can be used where p is the average
value for task k, Sk is the covariance matrix for task k. Both i and Sk rely on the dataset for R
and are obtained after the Expectation Maximization procedure. This allows us to find new R
solutions. In equation 3.2, d refers to the dimension size of the feature vector R. Lastly, P(k) is

determined by R and are the ratios the Expectation Maximization procedure assigned.

1 T -1
P(R|K) = 1 e-;*(R—Hk) Yk *(R—uy) (3.2)
) / det () *(2md
R _ _ P(RIk)+P)
P = P(k|R) = Z—EP(R|k)*P(k) (3.3)

3.4.2.3 Formulation of Multi-Task Intent Controller

By building the robot model with this soft assignment, the robot can understand grasping
features within its knowledge, which can satisfy the different combinations of tasks. For
instance, a single grasp can be used for drinking and handovers of a cup. We can use common
grasp poses to satisfy the ambiguous manipulation intent (P(wm)). The objective function can
minimize the difference by using the target and robot probability vectors. An L2 norm, as shown
in equation 3.4, is used to minimize the difference between the human target probability vector
and the robot probability vector. The objective is to have the robot match the human as closely as

possible to ensure it completes the proper task.

min= Y (PR — P)? (3.4)
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Compared with the traditional framework for shared control involving approaching tasks,
there is a need to handle solutions that are discontinuous, physically different from human inputs,
and come from complex interdependent models. The optimization proposed above handles
discontinuous models through P where multimodal distributions can be considered. Further, the
model structure of P¥ can handle complex input interdependence if the probability distributions

differ from the Naive Bayes model.
3.4.3 Arbitration to Blend Task-oriented Assistance and Direct Motion Mapping

Two types of motion constraints must be considered. The first is the physical motion
constraints of the robot defining the workspace. The second is the motion constraints imposed by
the human operator. The latter determines the objective function of the shared control

formulation, which will be presented in the corresponding section.
3.4.3.1 Physical Motion Constraints of the Robot’s Workspace

The robot grasp model also contains upper and lower bounds for controllable variables, R;,
as shown in equation 5. These are used for two reasons: 1) to bound the problem and help the
planning process, and 2) to prevent external harm to the robot and the environment. For instance,
the table height can be turned into a lower bound to prevent external harm to the robot, so the
robot does not collide with it. The current formulation discussed only implicitly uses human
motion to infer intent. However, it is necessary to consider explicit constraints to inform the
robot to grasp an object in a particular manner.
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3.4.3.2 Motion Constraints Imposed by the Human Operator

An operator's motion constraints are essential to consider in the planning process. In our
telemanipulation scenario, the operator has inputs, H;€ R?, that we map to the dimensions of R;
€ R (i.e., position, orientation, and 1 DOF for each finger of the MICO hand). A simple motion
constraint is to force all the operator's inputs to equal the robot's controllable variables to emulate
direct telemanipulation, as shown in equation 3.6. This is a strict case where an operator forces
the robot to understand how a task should be accomplished—a necessary consideration to
increase the effectiveness of assistance.

R;=H; V; (3.6)

However, explicitly dictating a constraint in this manner may lead to unintended errors as
the burden of control is placed on the operator. The operator could quickly become overwhelmed
in hands-free telemanipulation as they do not have sensory feedback and must determine how to
map their inputs to the robot's actions. This ultimately results in more readjustment to complete
the task or task failure. Further, this definition of motion constraints leads to the robot controller
not providing effective assistance. The explicit nature does not allow the robot to utilize its
domain knowledge in exploring an alternative way to accomplish tasks. The imposed motion
constraints could be outside the bounds of the robot's grasp model knowledge, leading to an
infeasible solution or an incorrect intent inference.

Alternatively, the robot should consider certain variables to adhere to while using its
knowledge to determine the best configuration to satisfy the task. Having an agent understand
the relative differences between its knowledge of the control variables to another agent's, allows
both systems to accommodate their behaviors. Instead of forcing the operator to understand the

robot's actions, we have the robot understand the human motion and pair this with the intent
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inference. Therefore, the robot uses its knowledge to determine significant constraints to follow
and which are relatively less important. The hard motion constraints are formalized as elastic
constraints by combining equation 3.4 with an adjusted equation 6 to reformulate the objective
function in equation 3.7.

min S (PE — P2+ Si = (R — H)? (3.7)

This allows the robot to use its domain knowledge to alter how a user may want to

accomplish a task. Further, the robot violates the mimicking constraint based on the
commonality and importance between H;j and R;. The new components allow the robot to
understand common variables between itself and the human operator and how similar they are. If
both the human and robot variables are nearly identical, then the weights (y, Ai) approach 0; thus,
the overall weighted terms approach 1. When the penalty terms become dominant (approaching
1), the formulation begins to follow the mimic formulation—the user has full control. On the
other hand, if the hands diverge and differ entirely, the weighted term goes to 0. This makes the
intent matching aspect of the objective function dominant, resembling the intent formulation.
With an objective function constructed in this manner, we have both components (autonomous
actions and mimicking capabilities) needed for shared control and an arbitration weight between

the two.

3.4.4 Generalized Adaptive Arbitration Across Robot Structures Based on Physical
Discrepancy

Determining appropriate weights for common features is a two-fold process where not only
common variables are needed to be determined, but the degree to which the variables are
restricted. These weights are static and do not change over time. A way to analyze the similarity
is to use Kullback-Leibler (KL) divergence. This divergence aims to determine how two grasp

models differ from one another. For this to work, assume the grasp model directly interacting
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with the object (the robot grasp model) is the true distribution, and the other (the human grasp
model) is the inference/prediction distribution. In other words, the human hand structure is used
to infer the robot hand. However, the grasp models may diverge from one another differently.
For instance, consider the robot grasp model (R) and the human grasp model (H) where R
contains H configurations in its own model (R © H). This would make predicting R from H
easier than determining H from R.

To determine the commonalities between two populations of variables, Ai, and the entire
hand configuration, y, KL divergence is used. Since all the grasp models created are assumed to
be multivariate normal distributions from the above sections, each feature is univariate normally
distributed. Thus, each population contains a mean, uni and pri, and a standard deviation, oni, and
ori. The population parameters are dependent on the structure. The KL divergence between the
same feature from two separate populations (two different hand structures) can be defined as the
following comparison between two univariate normal distributions.

0-}231:+(MR,:_MH,:)2 1

201241‘ 2

A; = KL(H;||R,) = In (Z—’:) + (3.8)

Ai are bounded from [0, oo]. The lower bound of 0 means no divergence, meaning the two
populations are identical, while the upper bound c means the distributions are completely
different. This can be used to determine the importance level of each grasping feature between
two separate hand configurations. Additionally, the multivariate normal distribution between two

populations can be used to determine the overall divergence between hand configurations:

y = KL(H|IR) = 5 (Tr (55 Zp) + (un — )" Zig (g — ) —d +In ) (39)
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where d is the length of the feature vector R and where v is also bounded from [0, «]. Although
these equations are used explicitly for normally distributed variables, there are known

configurations for other distributions that may be effective for a more complex system.
3.5  Experimental Results
3.5.1 Experimental Conditions, Design, Setup and Hypotheses

We developed two controllers and used a third as a baseline. The first controller is only
based on intent inference (equation 3.4) and does not include motion constraints from equation
3.6. This assistance mode is referred to as the Intent Only. The second controller is based on the
arbitration strategy in equation 3.7, which balances the pure intent-based control and pure human
mimicking control. This assistance mode is referred to as Knowledge Intent Arbitration
Optimization (KNITRO). The last one is the pure human mimicking baseline controller (Mimic

Only), which includes strict motion constraints of equation 3.6.

Robot
Perspective §

/

Human user indirectly/virtually 1
interacting with a cup = ; i

Figure 3.4 Operators see the robot perspective on the screen while they move their hand freely
over the table. The Xbox Kinect captures hand posture to extract variables such as palm pose and
the amount each finger is open or closed. This information is then used to generate intent
inference and/or used in the optimization

The Institutional Review Board (IRB) of the authors' institution approved an exemption for
the study. Before participating in the study, written consent was obtained, acknowledging they

understood the robot setup, the purpose of the study, and the potential risks involved (arm
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soreness). Two distinct groups are evaluated: the operators and the bystanders. The operators
were asked to use a 3-finger MICO robot to accomplish three separate tasks with a cup:
relocating or transferring the cup, drinking or using the cup, and handing the cup over to a
bystander. The cup is used as a case study object as the multi-object inferencing scene is outside
the scope of this work and allows a better comparison for the individual controllers. These tasks
are tiered in difficulty (Transfer > Usage > Handover) based on empirical rules imposed in [7]
and [24]. In summary, the empirical rules restrict finger placement and grasp area allowed to
dictate task success. An Xbox Kinect captures images of the operator's workspace (Figure 3.4),
which are then fed into Google MediaPipe's [40] hand tracker to extract the hand. The hand is
paired with point cloud data from the Xbox Kinect to extract the real-world coordinates of the
human hand. The output hand pose (position and orientation) and how much the fingers were
open were extracted as inputs for the pre-trained intent inference Bayesian Network model and
controller optimization.

The operators were told which task to perform, but they were free to grasp in their preferred
way for each given task. The different preferred ways an operator may want to perform a task
will provide different intent inferences. The operators were given training time to understand the
three separate controllers. The operators were asked to complete six trials for each task for each
controller. The total distance and time of the trajectories were recorded. They were also asked
questionnaires after each trial. The questionnaire is provided in the Appendix. The human grasp
and different controllers for the robot's motion were recorded and saved for the bystanders to
analyze later. This experiment was created to test two hypotheses:

1. Intent-based approaches (Intent Only and KNITRO) can outperform pure human control

telemanipulation (Mimic Only) in success and completion time.
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2. People prefer the arbitration approach (KNITRO) over the pure intent inference controller

(Intent Only) and the pure telemanipulation (Mimic Only).
3.5.2 Operator Analysis

Five operators completed the tasks in a predefined order of Mimic Only, KNITRO, Mimic
Only, and Intent Only. The Mimic Only approach acts as a baseline since it is pure
telemanipulation represented as a cartesian mapping where an operator palm pose controls the
end-effector palm pose in a one-to-one mapping of their own hand to the robot hand. The
operators must redo the baseline in between assistance modes as a reminder of the behavior of
the baseline control mode. For the analysis, both Mimic Only tasks have been averaged together.
Participants were allowed unlimited training time to feel comfortable with each control mode
before the actual trials began. Participants were permitted unlimited attempts to grasp the object
until a successful grasp occurred or the object fell. In total, 360 trials were collected across the
control modes (for each of the three tasks, there were 30 for KNITRO and Intent Only each and
60 for the Mimic Only). More information, including examples of successful grasp attempts for
each controller, is shown in the accompanying video.

In summary of the following sections: The Intent and KNITRO approaches outperform the
Mimic approach in terms of success rate, completion time, and preference, albeit task difficulty
plays a factor in the significance of the impact KNITRO is the best for task success, while the
Intent Only controller had the fastest completion times. The KNITRO strategy is slightly

preferred to the Intent Only controller.
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3.5.2.1 Success Rate
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Figure 3.5 Comparison of the adjusted-Wald 95% confidence intervals for the grasping tasks’
success rate. The KNITRO controller outperforms the other two strategies. The KNITRO method
has statistical significance (p<0.01) with the mimic mode and has statistical significance
(p<0.05) with the intent mode. No statistical significance was found between the intent and
mimic controllers.

The KNITRO controller outperforms the other strategies. Due to the sample size, a Laplace
estimator (1%;, x is the successful trials, and N is the total trial) was used over the Maximum

Likelihood Estimate to better reflect the true success rate. The Laplace estimator is used as a
precaution if an operator obtains 100% or 0% success by slightly adjusting their success rate
away from these extreme outcomes. The KNITRO controller has the best Laplace estimate
(0.76), followed by the Intent strategy (0.63), and the Mimic controller was last (0.59). An
adjusted-Wald 95% confidence interval was created for each controller to see the expected
bounds of success rate (shown in Figure 3.5). Lastly, an N-1 Chi-Squared test was conducted to
determine if any of these controllers is greater than another with statistical significance using a
standard p-value of 0.05. No statistical significance was found between the Mimic and Intent
strategies. The KNITRO approach has statistical significance with the Mimic (p=0.002) and
Intent (p=0.026) strategies. Adding assistance performs as well, if not better, than traditional

telemanipulation (Mimic strategy).
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Table 3.1 Success Rate and Confidence Intervals

Laplace c c

Task Controller Success Lower Upper

Bound Bound

All Mimic 0.588 0.516 0.658

combined KNITRO 0.761 0.669 0.843

Intent 0.630 0.530 0.726

Transfer Mimic 0.838 0.737 0.921

/Relocate KNITRO 0.843 0.697 0.953

Intent 0.75 0.588 0.885

Mimic 0.468 0.346 0.591

/Dﬂ?ﬁfﬁ g | _KNITRO [ 0625 | 0455 | 0782

Intent 0.563 0.392 0.726

Mimic 0.452 0.331 0.575

Handover KNITRO 0.781 0.623 0.909

Intent 0.563 0.392 0.726

Table 3.2 Task Breakdowns for p-values of success rates

Intent vs. Intent vs. Mimic vs.
Task Breakdown | "y pic” | KNITRO | KNITRO
All combined 2.41x107t | 2.60x1072 | 2.00x1073
Transfer/Relocate | 1.66x10~* | 1.60x10~* | 4.17x107?
Usage 1.87x10~! | 3.00x107! | 6.90x10~2
Handover 1.89x107 | 2.70x1072 | 1.30x1073

Tables 3.1 and 3.2 present the summary of the task breakdown. Table 3.1 shows the success rate
and confidence intervals for each task. In each instance, KNITRO has the best success rate. An
important note is to remember that the Mimic has more samples when developing the confidence
interval, which produces a much tighter interval. The assistance modes are at least competitive, if
not better than the Mimic approach.

In Table 3.1, we see the separation of the success rate and confidence intervals grow as the
task increases in difficulty (task difficulty level: Transfer<Usage<Handover). Table 3.2
demonstrates the same sentiment through the statistical comparison across the tasks. For the first

row, much of the influence in differences across the controllers is based on the Handover task.
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The KNITRO outperforms the other two in difficult tasks, while operators may not feel the

reliance on assistance for easier tasks.

3.5.2.2 Completion Time
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Figure 3.6 Comparison of the 95% confidence intervals for the geometric mean time values.
These values are based only on the successful trials. Both the KNITRO and intent controllers
outperform the mimic. The mimic method has statistical significance (p<0.001) with the intent
method and statistical significance (p<0.05) with the KNITRO method. The users accomplish the
grasping tasks faster with assistance. No statistical significance was found between KNITRO and
intent methods.

The Intent and KNITRO controllers outperform the Mimic strategy. Only the successful
trials were considered for the time analysis as failure times had high variance and would skew
the data. Further, due to the nature of time data being positively skewed and not normally
distributed [41], a log transform of the data is more appropriate than the raw data. The geometric
mean achieves the log-transformed times and tempers outliers better.

The geometric means and confidence intervals are shown in Figure 3.6. A two-sample t-test
was conducted to determine the significance between control modes with a standard p-value of
0.05. No statistical significance was found between the Intent and KNITRO approaches. The
Mimic approach had statistical significance with both the KNITRO strategy (p = 0.0284) and the
Intent strategy (p = 0.0002). Providing assistance leads to the operators accomplishing the

grasping tasks faster.
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Table 3.3 Completion time means and confidence intervals

Geometric LB UB

Task Controller Mean (s) | CI(s) | CI(s)

All Mimic 27.38 25.26 | 29.67

combined KNITRO 23.62 21.24 | 26.26

Intent 21.25 19.26 | 23.45

Transfer Mimic 27.65 24.22 | 31.57

/Relocate KNITRO 26.66 22.42 | 31.70

Intent 23.42 19.40 | 28.27

Mimic 2431 | 21.06 | 28.06

Usage

/Drinking KNITRO 20.34 16.78 | 24.67

Intent 19.79 16.87 | 23.22

Mimic 30.39 26.69 | 34.59

Handover | KNITRO 23.31 19.16 | 28.37

Intent 20.01 17.00 | 23.55

Table 3.4 Task Breakdowns for Completion time p-values

Intent vs. Intent vs. Mimic vs.
Task Breakdown | "y riic” | KNITRO | KNITRO
All combined 2.00x10~* | 1.45x107! | 2.84x10~?2
Transfer/Relocate | 1.46x10°! | 3.03x10°! | 7.31x107?!
Usage 5.22x107% | 8.15x107! | 1.31x107?
Handover 2.00x107* | 2.18x107! | 2.52x10~2

The task breakdown summary is presented in Tables 3.3 and 3.4. Table 3.3 shows the
geometric means and confidence intervals for each task. In each instance, the Intent has the best
completion times. The assistance modes outperform the Mimic approach in each task. In Table
3.3, the intent-based controllers separate from the Mimic controller as the task increases in
difficulty. Table 3.4 demonstrates the same with statistical comparison across the tasks. The

influence in differences across the controllers is based on the Handover task for the first row.
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3.5.2.3 Subjective Analysis
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Figure 3.7 Comparison of the combined questionnaire results. The survey questions can be found
in the Appendix. For readability, only the exceptions of statistical significance trends are shown
on the figure; otherwise, no statistical significance was found between the KNITRO and Intent
methods; the Mimic controller has statistical significance (p<0.001) with both the KNITRO and
Intent controllers. For Q3, the Mimic mode has statistical significance (p<0.01) with the Intent
controller. For Q7, the Mimic controller has statistical significance (p<0.05) with both the
KNITRO and Intent controllers. Providing assistance to users is favored.

The KNITRO and Intent approaches are more favorable than the Mimic controller.
Operators were asked eight questions after each trial, which they answered on a Likert scale from
Strongly Disagree to Strongly Agree. The first five questions have a positive connotation (higher
score is wanted), while the last three have a negative connotation (lower score is wanted). The
specific questions are in the Appendix. Figure 3.7 shows the t-distribution confidence intervals
for each question. For readability, two trends have not been displayed regarding the two sample
t-test with a standard p-value of 0.05. The first is that the Mimic is statistically significant with
the Intent strategy (p=0.0001), while the second is that the Mimic strategy is statistically
significant with the KNITRO strategy (p = 0.0001). The exceptions to these trends are in Q3 and
Q7. For Q3, the Mimic and Intent had a statistical significance of p = 0.0032. In Q7, the Mimic
strategy has statistical significance with the KNITRO strategy at p=0.015 and the Intent strategy
at p=0.0344. The operators prefer assistance, with no statistical difference between the intent-

based strategies. For brevity, the task breakdown has been omitted.
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3.5.3 Bystander Analysis

After the operators completed their experiments, their collected trajectories were used in an
offline evaluation for bystanders. In that, the operators' inputs were used to produce three output
robot grasp configurations, one for each control mode. The operators' hand motion was displayed
with the given target task next to the three final robot grasp configurations for the bystanders to
view simultaneously. The evaluators' role is to validate whether similar sentiments held by the
operators are also held by outside observers. The 20 evaluators were asked to rank 54 different
grasp configuration groups (each group consists of an operator input and three output robot grasp
configurations) for a total of 1080 trials. The evaluators were not informed how any of the
strategies behaved, nor were there any explicit identifying markers to determine the strategies.
However, they were given a brief introduction to the MICO arm’s abilities and limits to ensure
realistic expectations. No evaluator operated the robot to provide a fair comparison. The
evaluators can see three potential grasp poses simultaneously instead of trying to recall each
assistance strategy to compare. The evaluators were asked to rank the three control strategies
based on three criteria: 1) task completion by the robot, 2) following of the operator, and 3) their

overall preference.
3.5.3.1 Bystanders’ Assessment of Task Completion

The rank choices of the total task completion are shown in Figure 3.8. The distributions of
the rankings can inform some expected trends, such as the Intent and KNITRO strategies being
more transparent about task completion. Based on the distributions presented in Figure 3.8, a
Friedman test with a Least Significant Difference correction factor was determined to see
statistical significance across the control strategies. The test was conducted with a standard p-

value of 0.05. Table V shows the p-values of the Least Significant Difference statistical
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correction between the control strategies after the Friedman test found significance across the
data. As expected, there is statistical significance between Intent and Mimic strategies. No

statistical significance is observed with either strategy compared to the KNITRO.

M First choice Second choice Third choice
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557
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20C 290
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Intent Only Mimic Only KNITRO

Figure 3.8 Bystanders’ assessment of task completion across 20 subjects where the trend shows
the Intent strategy is the best performer, followed by the KNITRO strategy, and last by the
Mimic strategy. This trend aligns with intent methods being better at completing tasks.

Table 3.5 shows the statistical significance across the individual tasks. The Intent strategy is
the best across all tasks, the Mimic strategy is the worst, and the KNITRO is in between both.
The Intent and Mimic controllers continue to be statistically significant for each task. Greater
separation between the Mimic and KNITRO is shown for each task.

Table 3.5 Task Breakdown p-values for Bystanders” Asssessment of Task Completion

Data Intent vs. Intent vs. Mimic vs.
Breakdown Mimic KNITRO KNITRO
Total 4.53x10™* | 3.95x1072 1.48x1071
Usage | 5.12x107* | 2.45x10~% | 2.07x1072
Handover | 4.89x1075 | 1.03x10™! | 1.51x1072
Relocate | 8.03x1075 | 8.05x107% | 2.81x10~?2

3.5.3.2 Bystanders’ Assessment of Human Following

The rank choices of the total human following are shown in Figure 3.9. The trend is
somewhat expected where the Intent Only controller performs the worst. It has an inverse
relationship to the bystanders' assessment of task completion. This is expected as the Intent

strategy does not follow the operator on how to accomplish the task and may choose a more
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well-suited manner to accomplish the task. The Mimic controller is the most favored. The higher
third choice count is likely due to the evaluators feeling that the mimicking grasp the robot was
attempting was unnatural and off-putting due to finger placement. The KNITRO approach is
competitive with the Mimic controller and less susceptible to variational ranking since the grasp
pose alters human input to better fit the robot grasp model. The similar first and second choices
are likely due to the evaluators looking at more important features to accomplish the tasks, such
as the palm direction, instead of more minor features, such as finger placement. The KNITRO
and the Intent strategies are near similar for the second choice. The KNITRO strategy sacrifices
some of the ability to follow an operator to accommodate its own hand structure. The Intent
strategy also implicitly follows the operator when the operator's motion aligns with the robot
model rules. No statistical significance was found across the following schemes.

W First choice Second choice Third choice

300

200 ﬁ 242 253
0 - - L —_—
Intent Only Mimic Only KNITRO

Figure 3.9 Bystanders’ assessment of human following across 20 subjects. The Intent strategy
performs the worst of the three. While the Mimic strategy is volatile in doing extremely well or
extremely poorly. This is most likely due to the evaluators viewing the robot as following the
intended action instead of following the motion. The KNITRO strategy is less volatile and does
better at following the person.

Table 3.6 holds the individual task results for the human following. Interestingly, the
bystanders' assessment for following is more task-dependent. The Intent strategy does not
strongly follow the human's action for any task but fairs better in the Handover task. The Mimic
controller is consistent for all tasks with a high first and third choice count. The KNITRO

strategy is more robust and is generally seen as a good follower of the human across all tasks.
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This does not necessarily mean the KNITRO strategy outperforms the Mimic; the rankings
suggest it has less variance in following the human. This is likely due to a few factors: 1) the
KNITRO strategy listens to an operator's main factors, such as palm direction, yet does not listen
to smaller factors, such as position, which ultimately make the difference for evaluators'
preference, 2) when addressing this question evaluators subjectively include an ideology of "it
does what | want,” 3) evaluators could distinguish the subtle differences in how the strategies
were following a person and did not prefer the fine tune control the Mimic approach was using.
With these trends, the Intent and Mimic strategies have statistical significance for each task,

while the Mimic and KNITRO have significance only for the Handover task.

Table 3.6 Task Breakdown p-values for Bystanders’ Assessment of Human Following

Data Intent vs. Intent vs. Mimic vs.

Breakdown Mimic KNITRO KNITRO
Total 1.40x1073 1.18x1071 4.43x107t
Usage 1.50x10-3 | 7.36x107! 6.22x1072
Handover 1.46x10~* | 3.09x107! 4.53x1072
Relocate 2.41x10™* | 2.41x1071 8.44x1072

3.5.3.3 Bystanders’ Overall Preferences

The ranked choices based on the preferences of the bystanders for the total tasks are shown
in Figure 3.10. The Intent strategy is preferred over the other control schemes. The distribution is
nearly identical to the bystanders' assessment of task completion. The Mimic approach is the
least favored. The KNITRO strategy is in the middle of both other strategies. Table 3.7 shows
that the Intent and Mimic methods have statistical significance. However, the KNITRO does not
have significance with either control scheme.

Table 3.7 shows the statistical significance of the control schemes for bystanders'
preferences. The preferences are consistent across all tasks. The Intent controller is the most

favored. The Mimic strategy is the least favored. The KNITRO controller is between controllers
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for the Transfer and Handover tasks and outright beats the Mimic strategy in the Usage task.
There is always a significant difference in preferences between Intent and Mimic strategies,
where Intent is preferred. The KNITRO and Mimic strategy is conditional on the task—a
significant difference is found for the Handover task only.

The most interesting trend is observed when comparing Figure 3.8 and Figure 3.10. The
rankings all bystanders choose are strikingly similar. This suggests bystanders value a successful
pose that telegraphs which task the robot is accomplishing over a pose that mirrors a human's
action. The bystanders' perspective suggests that autonomous robotic assistance is needed so the

robot can correctly complete tasks.
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Figure 3.10 Preference of the evaluators across 20 subjects. The Intent only strategy is favored
with the KNITRO and Mimic strategies following. This trend closely resembles the rankings of
the task completion, which indicates bystanders prefer task completion over following.

Table 3.7 Task Breakdown for Bystander’s Preference

Data Intent vs. Intent vs. Mimic vs.
Breakdown Mimic KNITRO KNITRO
Total 4.48x1073 7.16x1072 2.98x1071
Usage 8.21x1073 | 2.87x107! 1.15x107?
Handover | 6.74x10~% | 1.72x107! 4.18x1072
Relocate | 2.84x1073 1.53x1071 1.20x107?!

3.5.4 Arbitration Guided by Physical Discrepancy

It is necessary to quantify the total information difference using the KL divergence since

there is a mismatch in the number of fingers between the operator (5 fingers) and the robot (3
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fingers). This is necessary as a different number of fingers can lead to different grasp
configurations with varying quality to compensate for the hand kinematics [42]. We analyzed the
overall similarity values between different hand structures by calculating the KL divergence
values. The values generated in Table 3.8 are not look-up values. Rather, we validate our method
to show the trend of similarity between hand structures. Each model was built independently for
the specific hand structure shown to satisfy the grasping rules defined in previous work. The
numbers are not necessarily reflective of the optimization, rather just show a penalty cost toward
mimicking the likeness of hands and policies. The leftmost column reflects telemanipulation
scenarios. Since KL(P||Q) # KL(QJ|P), the row indicates P, while the column indicates Q. In a
robotics context, agent P will attempt to perform an action based on agent Q's input. The
divergence value is associated with how similar the models are. The off-diagonal terms do not
necessarily need to be equal. For instance, when P= two-finger gripper and Q= three-finger
gripper, the similarity is (5.26x10%), and vice versa is (1.18x10°). This signifies that it is easier
for the two-finger gripper model to learn from the three-finger model. This table should be read
by comparing columns for a single row. For example, when P= two-finger gripper, where three
potential models for Q exist. Of the three potential candidates for Q, we see the three-finger
gripper (5.26x10%) is the most similar, while the human hand (1.79x10%) and five-finger gripper
(9.85x10%) are orders of magnitude less similar. These differences are due to several factors, such
as the characteristic parameters (size, shape, and number of fingers) and grasping configurations
(palm orientation, finger contact, and force). In this instance, the values obtained are only for a
single task of transferring a cup, although the trend holds for other tasks. Complex hand
structures are more similar to their simpler counterparts. For instance, the one in our experiment

(P=three finger MICO and Q=Human hand) had an overall divergence of 1.29x10°. Notice how
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the complex human hand does the best job relating to the three-finger gripper despite nearly
being the same robot as the two-finger gripper. When observing the last row, the divergence
value of the complex human hand (1.41x10%) is most similar to the five-finger robot hand, while
the three-finger (1.14x10°) and the two-finger gripper (9.0x10°) are less similar.

Table 3.8 Divergence for Different Hand Structures

P: row Human 2-Finger 3-Finger 5-Finger

Q: column Hand Gripper Gripper Gripper
KL(PIQ) »- y ‘
Human

1.18x10° 9.6x10° 1.22x10?

Hand
2-Finger | @
Gripper ?

3-Finger 3
Gripear j 1.29x10

1.79x10° 5.26x10! 9.85x103

1.18x10° 3.26x103
5-Finger

. 1.41x10'  1.14x10°
Gripper

3.6 Discussion
3.6.1 Operator Objective Analysis and Hypothesis 1 Evaluations

In summary, the KNITRO strategy outperforms the Mimic in terms of success rate (average
success rate 0.761 compared to 0.588 with statistical significance p=2.00x10~3), completion
time (average completion time 23.62s compared to 27.34s with statistical significance
p=2.84x1072). We cannot conclude that the Intent and Mimic strategies differ in terms of
success rate (average success rate 0.630 compared to 0.588 with no statistical significance p=
2.41x10~1), but we can conclude the Intent strategy is faster than the Mimic (average
completion time 21.25s compared to 27.34s with statistical significance p = 2.00x10~%). These
results demonstrate that intent-based strategies can outperform the Mimic strategy.

The first hypothesis was to determine if assistance improves objective outcomes. The results

indicate this is true. The KNITRO improves the success rate over the Mimic strategy more than
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the Intent Only controller was able to improve over the Mimic strategy. This is likely due to the
operator's strong counter-reaction as they perceive a loss of control of the robot as it gains extra
autonomy. When considering the completion time, the Intent Only controller shines. Adding the
extra autonomy allows the operators to complete the task quicker. The completion time best
analyzes the trajectory as cumulative distance traveled, and cosine similarly reflects adding
autonomy improves task performance. The robot’s trajectory speed is based on the control
mode’s autonomy level. The Intent Only (the fastest) provides the most autonomy, followed by

the KNITRO and then the Mimic Only (the slowest).
3.6.2 Legibility, Preference and Hypothesis 2 Evaluation

In summary, the assistance modes are preferred by the operators over the Mimic (with
KNITRO with statistical significance p=1.0x10~* and the Intent controller with statistical
significance p= p=1.0x10~%). However, the Intent Only is preferred most by the bystanders
compared to the Mimic strategies (with statistical significance p = 4.48x10~3). There is no
statistical significance between the KNITRO and Intent Only controllers. These results are not
definitive proof the second hypothesis is true.

The second hypothesis was to compare the preference of the assistance modes and determine
if the KNITRO is preferable to the Intent Only and Mimic Only controllers. Hypothesis 2 is only
partially true. The operators and bystanders are split on their preferences for assistance modes,
with no statistical significance between the modes. It appears the KNITRO is favored by
operators in Fig. 3.7, while the bystanders chose Intent Only as the highest rankings in Fig. 3.10.
So, we can not say the KNITRO is preferred over Intent Only; however, the assistance modes are

preferred over the Mimic strategy.
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In terms of legibility between the KNITRO and Intent, it would make sense that operators
prefer the KNITRO as they have a say over how the robot moves. For the operators, the Intent
strategy should have the worst legibility. However, the Intent and KNITRO may show similar
motion responses when the desired human approach aligns with the robot model's rules and
attempts to follow them. The KNITRO strategy is designed to objectively compromise the
tradeoffs of both the Intent and Mimic strategies to reduce the user's mental workload. The
actions they take may be easier for the operator to move the robot but lack the task legibility to
bystanders. The bystanders prefer the Intent strategy as its final pose best indicates which task is
being completed. When designing future control schemes, the discrepancy between the operators
and bystanders is imperative. In the authors' view, the operator's preference should have a higher

priority since they control the robot.
3.6.3 Limitations and Recommendations

In this paper, we used an ordinary object with simple interaction rules to analyze the
methods, where we see the clear expected trend. These trends we observe are possibly more
significant depending on the irregular handling of a shape, where the task difficulty will be more
serious, and the operator would rely more heavily on the robot's assistance. Additionally, the
KNITRO formulation is generalizable because a formal framework has been introduced, and
other potential methods exist to determine the weighting scheme to create desired behaviors.
There is more room for improvement through operator personalization of the penalty terms, Ai, .
Although we present a single approach to impact the arbitration through physical discrepancy,
we acknowledge that other factors are important to consider for a more authentic representation
of the system [31]. For instance, users should be allowed to focus only on position control (if

preferred) while the robot handles the orientation control. Users may have different preferences
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for what is considered a natural or intuitive response to the robot. This constraint is already
possible within the control system framework proposed by empirically tuning the penalty terms.
Fixed values are not the only option, as dynamic values are viable and encouraged. It is possible
to design a function to adjust the arbitration based on the historic performance/preference of the
operator. Task difficulty may demand it based on the results presented. During the trials,
participants often noted that the assistance was not as apparent during the Transfer task (easiest
of the three). However, they would later remark for the more challenging tasks that, they felt the
robot significantly adjusted (in a positive view) to help them complete the task. This leads to the
credence that the penalty terms should be a dynamic function with a new input regarding task
difficulty.

However, if an operator encounters an unexpected motion (a rotation or sudden jump in
position), they may feel disconnected from the robot. The KNITRO controller may thrive since
the robot will not stray from the operators' important input motion, such as palm direction, yet
adjust other variables, such as position or finger control. It makes intuitive sense that the more
autonomy we inject into the system by adjusting these variables, the faster it can achieve the
task.

Nevertheless, too much autonomy can result in a loss of control. It ignores the operator's
explicit commands by producing unexpected movements, leading to an overall distrust of the
system. These potentially unexpected movements cause operators to overreact in their adaption,
thus changing the inputs sent to the robot and finally resulting in the robot failing the task
altogether. Therefore, we recommend that the Intent Only strategy should be reserved for control
where an operator does not provide direct inputs but rather more high-level or partial control,

such as eye gaze only control [20][21], or in situations where the operator has a lack of
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understanding of the dynamics of the robot [43]. We believe the KNITRO strategy is most
appropriate moving forward when an operator can give more explicit commands (instead of
position control, they also give orientation and force) and understand the dynamics better. The
KNITRO had the highest operator preference, felt the most natural, and yielded the best success
rate, albeit at the sacrifice of some speed (compared to the Intent Only controller).

Although others disambiguate and use independent models for each task, we do not believe
performing these methods for all situations is possible. In [27], they attempt to disambiguate the
target object from a set of objects with discrete states for approaching tasks; however, this
discretization does not exist in grasping. The strategies presented in our paper are used to deal
with ambiguity from human operators toward robot systems since this ambiguity is inherent and
present in most practical scenarios. Rather than the operator, the robot should deal with
environmental and human input uncertainties. Our approach handles human uncertainty through
multi-task models, and an optimization process augments the resultant output to complete the
task. The robot implicitly must achieve two criteria: 1) complete the inferred task from the
person, and 2) display legibility to the operator so they know what task it is accomplishing. This
naturally forms a shared control problem. Our approach does arbitration by considering physical
discrepancy to achieve the tradeoff between these two criteria. The KNITRO strategy attempts to
achieve both goals to determine what people prefer from robotic assistant systems. The Mimic
method should theoretically carry the highest level of legibility to the operator as it
strictly/explicitly follows the person. However, this makes the Mimic method extremely volatile
to task success. A well-experienced operator must ensure the task is successful despite not fully
understanding the robot environment. The two assistance modes outperform the Mimic strategy

since the level of assistance is increased.
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3.7

Appendix A

The following survey questions were comprised from [44] and asked after each trial and

answered on a 5-point Likert scale (with 1 being Strongly Disagree and 5 being Strongly Agree):

1) It helps me be more effective in completing the task.

2)
3)
4)
5)
6)
7)

8)
3.8

[1]

[2]

[3]

[4]

[5]

[6]

It makes the task easier.

It worked as | expected.

I'm satisfied with it.

| trust the robot with this assistance mode.
It is annoying or frustrating during the task.
| feel I lost control over the robot.

It makes the task more difficult to accomplish.
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CHAPTER 4
DIMENSION-SPECIFIC SHARED AUTONOMY FOR HANDLING DISAGREEMENT IN
TELEMANIPULATION

A paper accepted for publication on IEEE Robotics and Automation Letters (RAL) 2023

Michael Bowman®, and Xiaoli Zhang®
4.1  Abstract

One of the fundamental questions in shared control is how to allocate control power to the
human and robot effectively. Conventional arbitration policies often define a uniform singular
scalar for all 6 DOFs to blend human input and robot assistance. However, this singular scalar
over-dominates some dimensions of the inputs and provides insufficient assistance in other
dimensions. Thus, current shared control can support simple telemanipulation tasks such as
pushing, pressing, and simple positional control but is limited in tasks with more DOFs like
rotational motion. A dimension-specific arbitration policy is developed to customize the control
arbitration along each DOF to fill the gap. It looks at whether the robotic assistance is too timid
or aggressive along each DOF and determines the arbitration magnitude according to
disagreement levels of control allocation and the user’s willingness to accept assistance. The
user's willingness is estimated from a feedback psychology model. The method has higher

similarity and ratio of agreement between the human and robot (lower over-dominance) over
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® Corresponding author, Associate Professor, Department of Mechanical Engineering, Colorado School of
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existing methods and, simultaneously, improves the task performance. This arbitration strategy is

expected to increase the adoption of teleoperation for object manipulation.
4.2 Introduction

Teleoperating a robot for a manipulation task is often difficult and complex due to indirect
visualization, indirect manipulation with the robot, and physical discrepancies between a human
and robot hand [1][2]. Shared control injects autonomy into an operator’s actions to overcome
these issues. Shared autonomy is desirable for teleoperation applications, including industrial
inspection and maintenance, disaster relief, or assistive living.

Obiject telemanipulation requires more than simple positional control, realizing the system
requires rotational and finger control. These motion components provide a natural split in
handling complex tasks. Operators handle these components in their preferred approach. For
example, the operator may obtain a position near an object, then begin to handle the rotations and
end with finger control. Here an iterative process occurs by the operator to refine each step until
they achieve the goal. Certain combinations of refinement will be more intuitive to different
operators, like either handling the depth before lining up the robot in an x-y plane or vice versa.
Naturally, operators likely only adjust a few components while holding others nearly constant
(i.e., holding a position but adjusting the pose angle or finger posture) to succeed in a grasp [6].

The autonomous actions may differ from the operator actions along all or a portion of these
motion components. For instance, given the same high-level target pose, the autonomous agent
and operator may have differing motion strategies to achieve it (Fig. 4.1: human operator and
robot agent). Disagreement occurs due to misperception or preference of the operator. Neither
agent is incorrect in their actions to accomplish the task, nor is the robot producing suboptimal

action plans. This disagreement is fundamentally inherent in shared control, and precautions are
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necessary to prevent over-dominance from the robotic agent. Further, the robot and human may
only partially agree, where they may agree in the positional component and differ in the

rotational component. Fig. 4.2 shows this partial agreement.
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Figure 4.1 The overview of the proposed telemanipulation control paradigm. Our contributions
include partitioning dissimilar dimensions, devising independent arbitration policies to handle
control allocation disagreement, and applying the appropriate dimension-specific control
authority.

Determining the appropriate level of autonomy in teleoperation is the key research topic to
realize telemanipulation scenarios fully. The most common state-of-the-art strategy in shared
control is to use a linear blending strategy with a universal arbitration term, a. The control
authority is a singular scalar value that influences every dimension of the control rather than
individual components. Specifically, it only includes positional components, not rotational ones,
to dictate arbitration along a trajectory. This strategy cannot handle partial agreement that arises
in telemanipulation scenarios, especially towards the end of the trajectory where conventionally,
the robot assumes most control (a=1). Consider a case where the robot is near the positional
goal, and the operator attempts to refine the position before adjusting the rotation. With the
conventional strategies, the robot will dominate not only the positional components but the
rotational aspect too as o approaches 1. This is despite the operator not yet focusing on the

rotational components to grasp an object successfully and restricts their ability to alter them. The
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over-dominance restricts the operator in how they want to complete the task (i.e., grasp the
object from the side rather than the top like in Fig. 4.1). This leads to an operator’s attempt to
refine actions but sees the control as too aggressive thus make drastic changes [3]. Over-
adjustments and strong reactionary responses are due to the low control authority. However, the
operator’s initial intuitive refinement is to be subtle. This is especially common for
telemanipulation applications [4][5].

This work aims to provide autonomy to aspects the robot and user agree on and reduce
assistance in areas where they disagree. Otherwise, the arbitration leads to operator resistance.
Toward this aim, a dimension-specific control authority to focus on individual components to
succeed is developed. The contributions are as follows:

1. Break down dimensional aspects with respective motion components, and quantify

dimension-specific disagreement and the human’s willingness for assistance.

2. Develop a dimension-specific arbitration strategy for non-dominating assistance along

different motion components.

3. Validate and evaluate the dimension-specific arbitration strategy in telemanipulation tasks.
4.3  Related Work

Current telemanipulation focuses on improving hand motion mapping capabilities and lacks
shared autonomy strategies. These mapping strategies use model-based approaches such as
DexPilot [7] or use synergies [8][9]. These methods consider orientation and finger mapping.
However, deployment still relies on an operator to fully control a system that is difficult to
maneuver and slower than normal actions an operator would take [7]. Despite improving the

physical discrepancy issues, the operator struggles to overcome the disembodiment problem,
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where they face indirect perception and manipulation of the robot environment and lack dynamic
interaction with objects.
U; contains 3 components: an X-
\&< component, y-component  position
vector, with an m-component

Complete Disagreement Partial Disagreement

human

X
U_robot Ui Uimbm t + Z t + 1
Uihuman i /‘ H
< § €\ U
Agree in x and y-components,
No vector components match. but not the rotational component

Figure 4.2 Agreed positional components influence and dominate arbitration models, leaving
rotational components more robot-dominated than intended. An example of an operator’s and
robot’s actions for 3 timesteps with partial agreement in the vison-based telemanipulation
scenario.

Introducing shared control to circumvent the above issues has empowered the autonomous
agent with its knowledge of the environment. However, shared control with linear blending has
only been used on simplified approaching problems [10]. The arbitration is a single scalar based
on the robot’s confidence in a human’s intended goal [11][12][13] or empirically defined to
increase from 0 to 1, where the higher autonomy levels are near the goal [6]. This standard
strategy leads to over-dominance of a robot’s actions near goal states; an operator may disagree
with the output actions. Operators have sometimes reported a desire to retain control despite
lower task performance [14][15]. Often seen as inferencing issues to achieve a better arbitration,
research lacks questioning the structural issues for linear blending techniques and handling
disagreement.

The work in [3] provides insight on reframing a multi-inference sub-policy to quantify
disagreement between operators and robotics assistance plans for 2D approaching tasks. Other
strategies quantify disagreement between operator and robot actions and then apply minimum

assistance to ensure safe control [12][16][17]. The disagreement quantification works for both
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discrete and continuous domains [18]. Alternatively, handling disagreement can be viewed as
mutual adaptation or adapt to adaptation [19][20][21]. One aim of mutual adaptation is to have
an online adjustment of control authority based on the operator's action. However, all these
strategies obfuscate the action’s individual components by analyzing the entire vector and have

rarely been used in telemanipulation fields.
4.4  Methodology
4.4.1 Disagreement of Control Allocation

Both agents have pose states denoted as X € R®. Where X is split between 3D positional and
three independent rotational dimensions (roll, pitch, yaw), thus X € {xj,ej},j = 1,2,3. Both the
robot and operator apply actions U € { %;, §; },j = 1,2,3. We assume the goal state, X9°%, is
given and known by the robot and the operator, and the optimal robot policy U"°2°¢ is set as to
go towards X9°% as seen in Fig. 4.2. The operator is free to choose actions, U"™ma"  other than
those towards the X9°% to achieve the task, thus going to their own state, X"“man (je., the
current human hand pose as seen in Fig. 4.2). The standard linear blending arbitration is

augmented to a dimension-specific one for both the U"™a" and U™°P%t, as in Eq. 4.1, where i is

output

each dimension of the control vector (i=1,2,...,6). The resultant action, U, , applies to the

robot dynamics with the current robot state, X "™, to obtain the next state, X™*** in Eq. 4.2.
UM = uretota; + UM (1 — ay) (4.1)
ynext — f(Xcurrent Uoutput) (4.2)

a; can be summarized as the L1 distance (or L2 if preferred) towards X9°4, from an initial

robot state, X5t4"¢, and Xc¥rrent to determine the control authority. Eq. 4.3 shows an L1

distance using X<*""¢"t in the standard error function (erf).
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”Xgoal_Xcurreni:”1

(4.3)

a; = 1—erf ”Xgoal_XstaTt”l

For the baseline case (denoted as the Standard (S) controller), all a; are the same value as

Eq. 4.3. The q; is only from the robot’s perspective as X et solely dictates it to promote as
much assistance as possible (a; = 1). However, we must account for misalignment, as
previously discussed. So, we alter a; through quantifying disagreement of control allocation. The
disagreement between both the current human (X ™4 and robot (X €¥"¢™) is the difference in
expected control allocation. The expected control allocation is where the current robot expects to
provide o help based on X %™ and the operator expects to gain o assistance based on X"wman,
There is a mismatch between X €¥7ent and X"man thys the expected o is different, due to
misalignment. So, Eq. 4.4 makes two changes to Eq. 4.3. The first is to update it as a
dimensional difference. The second is to represent each agent’s current state position

human

() x¥TTe™) as a probability of expected control allocation (as if each agent were to

apply their position to Eq. 4.3 and produce an «;), where A represents either the human (H) or

the robot (R) agent and x]f"ge"t is either x[™“™™ or x UM,

goal _ agent”
7]

P(4;) =1—erf Lvi ={1,2,3},j = {1,2,3} (4.4)

e
J ] 1

Eq. 4.4 is inappropriate for quantifying rotation dimensions to account for circular variables.
Therefore, a more natural, appropriate probability distribution for rotational control allocation is
the Von Mises distribution [3] in Eq. 4.5. Functions with similar characteristics that can handle
circular variables can also be applied. For instance, our rotations are independent, leading to a

univariate probability function in Eq. 4.5.

agent _ 0 goal
j j

21l (K)

KZCOS( 0

P(4;) = ‘

Vi = {4,5,6},j = {1,2,3} (4.5)

78



Positional Rotational

T o —————— 1
Target _T = mane }?(}T) D
Human Value Target
Leading Qa; o5 oy a;o5 Value
Robot (H) P(R)
PR) %
0 0
Start . Target 0 . . 2
Distance (m) Rotational Difference (rads)
a
T e —— —)— —— 1
Target _T B -f_ By
Leadmg Q;o05 Q;o05 arge o
Human a; Value L
P(H)
0 P(H) 0
oA Distance (m) Tagget 0 Rotational Difference (rads) a-
c)

Figure 4.3 The expected control authority by the human (H), and robot (R) using Eqgs. 4.4 (left
column) and 4.5 (right column) for specific dimensions. The target value corresponds to the goal
state known by both agents. Conventional systems take P(R) as the true a. Top row: human leads
robot, meaning lower assistance, a, in conventional systems (P(R)<P(H)). Bottom row: robot
leads human, meaning higher assistance, «, in conventional systems (P(R)>P(H)). The purple
regions are potential « from our strategy in Eq. 4.8. Our approach aims to find a better a than
conventional means by evaluating the operator’s willingness, B;, which contextualizes the
Uman hased on their current progress in the task. A high B; will lead «; being closer to the
conventional strategy (P(R)), while a low B; will lead to a; to be near P(H).

K is an empirically defined variable, and I, (x) is the modified Bessel function, and

Hj“ge”t refers to rotational dimensions of X. Eq. 4.4 and Eq. 4.5 are shown in Fig. 4.3 as solid
black lines. In Fig 4.3, the human and robot have differing expectations of control allocation
along a singular dimension. P(H;) and P(R;) are the bounds of disagreement for control
authority seen by the operator and the actual robot pose. In conventional systems, assistance is
either timid (the robot’s provided assistance is behind the human’s expected assistance in Fig.
4.3’s top row) or aggressive (the robot’s provided assistance is ahead of the human’s expected

assistance in Fig. 4.3’s bottom row). With our system, we aim to determine whether assistance is

truly timid or aggressive (ultimately determining the appropriate level of assistance to provide)
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by including the operator’s willingness to accept assistance (which contextualizes Uia 9 in

terms of current progress toward the goal). For instance, if the operator has a low willingness to
accept assistance for conventionally aggressive assistance (bottom row of Fig. 4.3), then the a
will be set closer to P(H). Alternatively, if they have a high willingness to accept assistance, then
the conventionally aggressive assistance is not true, the operator is willing to gain aggressive

assistance, and a can be set closer to P(R).
4.4.2 User’s Willingness Model

The operator’s willingness to accept assistance stems from their desire to change the current
control authority in the dynamic process. Determining the change to this authority level can
temper too aggressive and boost too timid assistance. The operator’s current desire and
preference towards the robot’s assistance is identified by looking at both agents’ actions along
each dimension. A probabilistic approach, inspired by psychology feedback models [22][23][24],
is developed to determine willingness to accept assistance. The psychology model discusses a
proposed feedback mechanism for how people change their behaviors in a task based on current
progress, previous experiences, and the current rate of progress. Further, a Beta prime
distribution uses these components to determine when a person will likely pick up the pace or
back off. Lastly, the model discusses how the pace changes for the individual dimensions; as one
dimension slows, another takes precedence. The feedback model was conceptual and discusses
the pace in the abstract; we adapt them to a mathematical framework and apply them to the
shared autonomy. Compared with the existing model-free data-driven approach that defines
adaptability through a Mixed Observable Markov Decision Process [20], the primary benefit of
using the mathematical model is to provide the robot with the operator’s willingness to accept

the control authority in a human-like manner. The proposed model can be adapted in two ways.
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The first is to move it into the motion domain rather than a conceptional abstraction of rate
changes to complete tasks. The second is to adapt the model to give a predictive or feedforward
effect rather than a reactive calculation (i.e., computing acceleration from measured U™,

Together, both adaptations account for the expected way an operator would move toward the

agent
i

goal given their current progress (correctly transforming or normalizing the U into the
model’s concept of speed change). Due to the predictive nature of the model and the
transformation, this is referred to as the “expected speed change.” To make these adaptations to
the psychology model, we identified four components: 1) current actions, 2) previous actions, 3)
current progress in the task, and 4) aggregated previous experiences. The first and second
components are instantaneous reactionary decisions, while the third term looks at a longer
planning window for the current trial. The last term influences the operator’s expectations in
completing the trial based on previous experiences. The last two terms are what the operator
relies on to know if they are slow or fast in this trial compared to previous trials. Eq. 4.6
combines these terms to quantify the agent’s expected speed change based on their current (first
term) and last actions (second term), current progress (third term), and aggregated previous
experiences (last term). Where N is the total number of previous attempts in doing the task, and n
is the index for a specific attempt. Eq. 4.6 aims to quantify/normalize whether the operator will

increase or decrease their velocity based on their current progress compared to previous

experiences in the task.

t revious t inal tart
agent _ Uagent _ Xicurren _le _ Xicurrent_xistart + lZN Xi'flrmma _XiSnaT (4 6)
17[)1' - M ||Xcurrent_XpTeviOuS” ”Xcurrent_Xstart” N &n=0 ”Xterminal_xstart” .
2 2 n n 2

The variable agent refers to the human agent (U*™?") or the robot agent (U} °?°%) actions.

Each rate (™™ and 11°P°%) is then used in a Beta prime distribution with hyperparameters b,
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p, and g. The hyperparameters impact the shape and scale and are empirically chosen based on
human speed in manipulation tasks and the robot's velocity limits. The heuristic described in [23]
inspires the Beta prime distribution. The distribution allows for normalization and quantification
compared to the heuristic in [23] and provides context toward what the operator is attempting to
achieve with their speed change. y°?°! is necessary as it is the reference to compare the
sampling for y™™a™ (which is used to see if it is faster or slower). The robot policy, U/ °?°,
determines 17 °2°" before the arbitration takes place which is discussed in the next section.

robot js necessary as it influences the shape of the curve and is the mean value for the
probability density function to evaluate the ™" (which is calculated after measuring
yhumany The yptuman eyvalyation produces a single deterministic value (which we call
willingness, B; ) for the specific time point. However, this could be extended to a stochastic
sampling approach by either 1) taking multiple time point samples or 2) utilizing uncertainty in
the measurement of U™, |t should be noted that the rates are dynamic, in that, at each time
point b0t and yM™man will change to new values. The willingness, B;, to accept assistance is
between 0 (fully unwilling) and 1 (fully willing).

By = (™ |[i*"*"]. b, p., a) (4.7)
We obtain a different B; curve for each dimension. Fig. 4.4 shows Eq. 4.7 and its three

distinct regions. The left part of the first region is when the operator has little or no

human compared to ! °?°t. When the 1 *™3" is near 0, two aspects are needed: 1) constant
yrman gq the first and second terms of Eq. 4.6 can cancel out, and 2) X£“""¢" configuration

that leads to the third and fourth terms being either 0 (the third term is 0 when X/ =

X3tt and the fourth term is 0 with no previous trials attempted) or cancel out (Xf*"ent =
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X209y, ypuman near O results in an unwillingness to accept assistance (B; = 0). One example of
when ™man= 0 occurs is near the goal—resulting in the third and last terms of Eq. 4.6
canceling out—with the operator no longer making adjustments to achieve the task, leading to
the first and second terms approaching 0. Note that this is one example, but ™= 0 could
occur anywhere along the trajectory as long as the four terms cancel (e.g. when the operator

moves in the y-direction in Fig. 4.5b, the x-dimension y¥man

is approximately 0 leading to the
purple distribution closely resembling the green one due to B; being approximately 0). The other
critical point is when ™" is slightly lower than 1p7°?°t (B; = 1). In this scenario, the
operator’s expected speed change is not far off from the 1!°?°* and the expectation is the

operator desires to achieve 1! °2°t,

Reference value to compare operator
Region 2 I — |¢;‘0bot |

Region 1
N/ x |
|

1

B 0.5} | Operator
L has larger
Operator Operator actions I K aCtiOfgl
gIves up signal desire to |insisting it
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no motion ()
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|l|J um“"| (in ? orﬂ)

Figure 4.4 The operator’s willingness to accept assistance for a single dimension. The dashed
line represents the reference which is the expected speed change of the robot, 7°?°¢, from the
optimal robot policy (U7°?°%). Three regions exist. The first (in red) shows when no expected
speed change (™" = () occurs, which implies the operator is unwilling to change and
accept assistance. As the ™™™ increases, it implies they are willing to change and accept
assistance in this dimension. The second region (in green) shows that as """ gets closer to

robot 'corrections to ™A™ are less warranted. The third region (in yellow) shows when the
1/)"”’”“” is faster than 17°2°¢ | they think their expected speed change is more desired as it is
above the 17°2°!, and that the robot should be following suit. Note that there are two cases B;
can be 0, either when *™"=0, or when ™" is very fast.
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The second region shows ™™ nearing 1! °?°t, where the operator’s B; is reduced and
changes are less warranted In this region, the psychology model of [23] states that the operator
decreases their B; as 1™ nears the 17°P°¢ because they lose their sense of urgency to
achieve it and their expected speed change is in an acceptable bound. The third region occurs
when ™M s much faster than y7°?°¢, implying the operator will have a strong desire to
move in this direction. In this scenario, the operator does not care as much about the help

because it moves slower. Note that in the third region, when ™3 pecomes extremely fast,

l

B; will gotoO.
4.4.3 Handling Disagreement in a Dimension-Specific Setting

The dimension-specific arbitration uses the disagreement between control authority
allocation and the user’s willingness. P(H;) and P(R;) act as bounds, where a better arbitration
exists between them in Eq. 8. The new «; tempers too aggressive control while boosting too
timid control.

a; = (P(R;) —P(H;) )B; + P(H;) (4.8)

After a; from Eq. 4.8 is calculated, the output action from Eq. 4.1 is calculated. Each
dimension will assume a different level of a;. An example of possible «; is shown in Fig. 4.3a-d
in purple. For instance, consider if the current situation resembles Fig. 4.3c, where an operator is
behind the robot. If ™" s near 0 and thus B;=0 (region 1 of Fig. 4.4), then a; = P(H,).
This gives the operator more control and tempering too aggressive assistance. If ™" pegins
to increase where B;=1 (near the max of Fig. 4.4), then at this time point, the control authority
goes towards the robot at «; = P(R;). Providing more active assistance in tune with the operator.

If puman continues much faster at the next time point where a transition from Fig. 4.3c to Fig.

l
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4.3a occurs, the B; goes toward 0 (region 3 of Fig. 4.4) which pulls the robot toward the human’s
expected control authority as @; = P(H;) and boosts too timid assistance (P(H;) is dynamic, and
changes, so, they are not the same P(H;)). This does not mean the robot provides zero assistance
but uses the operator's expected control authority allocation. In this transition phase, «; first
increases from P(H;) to P(R;) in Fig. 4.3c then keeps increasing from P(R;) to P(H;) in Fig.
4.3a. P(H;), P(R;) and B; change along each dimension; thus, each a; will be different. The
linear model for Eg. 4.8 should not impact the operator’s perception of rotational assistance as
they could hold similar «; but with two different poses. Rather the human-robot policy

misalignment would have a higher influence (i.e., the robot wants = — 0]-””"”, and the operator

has the desired 7 + 6]"™™).

45  Experimental Results
45.1 Simulation Setup

For easier visualization of the results and qualitative analysis of each «; and the outcome of
their respective actions, a simplified telemanipulation scenario with three DOF (two translational
and one rotational) shown in Fig. 4.5a is used. Success occurs when the robotic hand is radius, R,
away from the goal position and within a radian tolerance, 6, from the normal direction to the
goal position. The tolerances resemble real scenarios where a point goal is not enough. The
simulated human trajectories sample a probability distribution that attempts to grasp the object's
handle. The robot's target pose has noise at the target position to simulate when a robot is not
precise enough to achieve the desired pose. 1000 simulated trajectories were used to compare the
baseline S controller (mentioned in 111.A) and the Dimension-Specific (DS) controller. Fig. 4.5b

shows all three trajectory distributions. The robot policy for the DS and S controllers is to follow
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the shortest distance and smallest angle to the goal. The DS controller starts with a B; of 1 (fully

willing) because no previous human actions indicate otherwise.
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Figure. 4.5 a) The simulation environment. The stochastic human has a policy in green and the
robot policy is in red. The robot policy follows the shortest distance and smallest angle to the
goal. The S controller follows Eqg. 4.3 to set the «; for all i. The starting pose is always identical
(black). b) the distributions of all simulated trajectories. c) is the heading across time, d) is the x
and y directions across time. The plots in d) also shows the trends of P(H) in green, and P(R) as
red (S) and purple (DS). There is a large difference in the human’s and S controller’s x-position
causing disagreement in control allocation of P(H) and P(R). There is less disagreement between
the human and DS.

45.2 Simulation Results

Quialitative analysis comes in two forms. The first is the appearance of output robot
trajectories for the same human trajectory. Our approach aims to align more with the principal
axis the operator is trying to achieve. Fig. 4.5 shows this is evident compared to the singular «
that over-dominates the trajectory (i.e., although the operator is moving primarily in the y-

direction, the S controller forces motion in the x-direction). Fig. 4.5d also demonstrates the
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trends of P(H) in green and P(R) as red (S) and purple (DS). There is a large difference in the
human’s and S controller’s x-position, causing disagreement in the control allocation of P(H) and
P(R). There is less disagreement when considering humans and DS. The second qualitative test is

to compare «;.
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Figure 4.6 «a; distributions for the trajectories shown in Figure 4.5.

The a; in Fig. 4.6 corresponds to the distributions in Fig. 4.5. The expected operator actions
proceed in the y-direction before the x-direction. The DS controller should provide more control
authority in y before the x-direction. In the top plot of Fig. 4.6, the «; is relatively low. As the
operator is not moving in this dimension, giving more control to the operator in this dimension
can prevent the robot from over-extending its motion in an undesired path. Whereas, in the
middle plot, the operator moves toward the component goal making the a; go higher, and
reduces the authority the operator experiences, allowing the robot to provide more assistance in
this direction. Further, the S controller calculates Eq. 4.3 before developing an output action with
Eqg. 4.1, which is why the same alpha is along all components. The DS controller value for ag
has two trends. The first trend is at the beginning of the trajectory; the human’s current and target
heading are close to one another. The human angle does not have significant deviations, so the

robot is afforded more control with ay. The second trend occurs when the human heading begins
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to deviate, signaling to the robot that the human wants to assume more control to achieve a

desired heading, driving ag lower overall. This becomes more apparent in a real-world scenario.

4.5.3 Telemanipulation Setup

Robot
Perspective

Human user indirectly/virtually
interacting with a cup

Place Goal

Figure 4.7 Operators see the robot perspective on the screen while they move their hand freely
over the table. The Xbox Kinect captures hand posture to extract the palm pose and the amount
each finger is open or closed. The information is then sent to the robot to execute the motion.

Figure 4.7 describes the telemanipulation experimental setup. An Xbox Kinect takes an
RGB-D image, and Mediapipe [25] extracts features used as inputs for the robot control. The
operator directly controls the hand pose (position and orientation) and the amount each finger
opens and closes, eight variables in total. The operator aims to grasp kitchen utensils from a
holder and place them in a bin. A failure occurs if an object does not reach the bin or lands on the
table. The operator is free to move how they wish to accomplish the task. The robot is given pick

and place goal poses with induced noise.
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The institution's Institutional Review Board (IRB) approved a set of experiments. Before
participating in the study, written consent was obtained, acknowledging they understood the
robot setup, the purpose of the study, and the potential risks involved (arm soreness). Three trials
were conducted for each arbitration strategy for each participant. A trial consisted of three runs;
each run had a different object. A randomized order of the control modes was used to reduce
learning effects. 10 participants volunteered (a total of 90 runs for each arbitration strategy) in
the pilot study. The volunteer breakdown included 25.5 + 4.15 years of age, with 4 women and 6

men involved.
4.5.4 Telemanipulation Results

Task performance. The quantitative analysis is broken down by success rate, completion

time, cosine similarity, and the ratio of agreement. Due to the smaller number of trials compared
to the simulation results, the metrics have a different analysis. The success rate uses a Laplace
Estimate over the Maximum Likelihood Estimate to reflect the true success rate. Likewise, an
adjusted-Wald 95% confidence interval creates the bounds of success. An N-1 Chi-Squared test
determines statistical significance. All comparisons are in Table I. The DS controller achieves a
higher success rate than the S strategy, but no statistical significance is found (p=0.092). The
success rate is low for both strategies due to a few factors that are not related to operator error as
our scenario was designed to reenact real world challenges: 1) induced noise on the 2 goal
locations, 2) induced time delay of the teleoperation scenario, 3) imperfect information as there
was a single camera view so operators must overcome the depth perception. The induced noise
of the goal state provides a more realistic scenario where imperfect perception causes the robot
to have uncertainty about the goal. The induced time delay provides a realistic scenario.

Therefore, both uncertainties reduce the success rate of the task.
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Time data is notorious for not being positively skewed from a normal distribution [26]; thus,
a log transform of the data must be used. The geometric mean and 95% confidence interval is
used. A two-sample t-test is used to determine the statistical significance. The time data was the
total trial data (the summed three runs); it includes both success and failures to determine if the
control strategies limit an operator in multi-step tasks. The DS controller outperforms the S with
a statistical significance of p=0.0141. The task performance favors the DS controller with a
better success rate and trial time than the S controller.

Table 4.1 Teleoperation Results For Their Respective Means and Confidence Intervals

Mode Success Rate Trial Time (s) Cosine Distance Ratio of Agreement
DS 0.446 152.4 0.076 0.981
[0.346,0.547] [125.0,185.8] [0.065,0.089] [0.980,0.982]
S 0.326 2234 0.400 0.895
[0.234,0.425] [176.2,283.3] [0.385,0.417] [0.893,0.897]

DS means Dimension-Specific, S means Standard. Bold means this performs better in this metric by statistical
significance.

Assistance quality of the robot control. Objective measures for determining user agreement

widen the gap further by exploring over-dominance. Two measures used to identify this are the

cosine distance and ratio of agreement. The former is defined:

Uhuman .youtput

Zactions 1- [|uhuman]||jyoutput|

(4.9)

The aim is to determine the alignment of the control vectors for the robot and the operator.

A score of 0 is considered optimal. The ratio of agreement is defined:

b= d.ag

- B ) O S < 1
number of actions ¢

(4.10)

1’ if Uhuman . Uoutput >0
= {O, lf Uhuman . Uoutput <0
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This metric determines the number of output actions, U°%tP%t which aligns with the human
operator. The aim is to normalize the number of actions taken and determine a better ratio of
agreeable actions. A score of 1 is considered optimal. The geometric mean and 95% confidence
intervals for both metrics were generated and placed in Table 4.1. The two-sample t-test is used
to determine the statistical significance. The cosine similarity and ratio of agreement demonstrate
that the DS controller follows human actions more than the S controller. The DS controller
outperforms the S controller for both measures with p<0.001. This strongly indicates that the DS
controller assists in the direction the operator is moving while further showing the over-
dominance of the robot actions occurring in the S controller. The DS controller shows greater
alignment with the operator and improved task performance with the objective measures. The

conclusion is that the DS controller benefits the operators in their preferred dimensions.
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Figure 4.8 Trajectory distributions in R3. a) Human input for DS, b) Human input for S, ¢) Robot
response for DS, d) Robot response for S. A Jensen-Shannon divergence metric compares the
distributions. a) to b) divergence is 0.1293, c) to d) is 0.1896, a) to c) is 0.2905, and b) to d) is
0.3017.
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To further assess whether the assistance benefits the operator, qualitative analysis can be
done by comparing the operator and robot trajectories. Our video shows the over-dominance
issues regarding rotation differences.

The robot output poses differ significantly for two similar human trajectories. The difference
has major repercussions on the overall perception and adaptation of the operator as they must
contend with a robot that dominates control near a goal location. The over-dominance causes
some operators to hesitate as it is not similar to their hand posture; the operator moves to regain
control. Another approach is to compare the trajectory differences of the operators and
corresponding outputs, X% "ent shown in Fig. 4.8. A Jensen-Shannon divergence measure
compares the distributions which are bounded between 0 and 1. Two trends are apparent when
analyzing the trajectory distributions. The first is that the S controller forces the robot behavior to
act with a smaller deviation compared to the DS controller. This is evident by how Fig. 4.8d
shows a rather straight-line trajectory between the 2 goal locations (pick and place goal),
whereas Fig. 4.8c shows a more diverse suite of trajectories to aid the operator towards the goals.
The divergence between the DS and the S controllers’ outputs is 0.1896. The second discernable
pattern is how much the robot conforms to the operators. The S controller (Fig. 4.8b to Fig. 4.8d
has a divergence of 0.3017) conforms less to the human than the DS controller (Fig. 4.8a to Fig.
4.8c has a divergence of 0.2905). The higher divergence between the S controller means it
conforms less than the DS controller. The more concentrated regions in Fig. 4.8b compared to
Fig. 4.8a suggest that operators were fighting the robot near the pick goal location, which leads
to the credence that the S controller over-dominates the control and does not allow the human to

compensate. All the divergence values are relatively low and similar to one another as there are
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only 2 goal locations to move between (meaning there are limited strategies for reaching both

goals).
4.6 Discussion

A strategy to enable dimension-specific shared control has been developed. By breaking
down the problem into subproblems, each dimension has an individual arbitration curve that
allows the operator to adapt to the task. Further, we provide a safeguard to prevent over-
dominance. This is evident by the improved similarity and agreement for the DS controller over
the conventional approach. Although, it is difficult to say with certainty that the proposed
strategy improves task performance. The low success rates for both strategies prove that this
environment and task were challenging for operators, which may have also contributed to slower
reported times. In ideal cases, the S controller should be faster as the robot has higher levels of
authority; however, in the real-world, our approach yields faster times. This is likely due to the
operator handling uncertainties of the robot and reducing unnecessary adjustment times. The
proposed strategy could benefit remote factory and facility maintenance, telenursing, and
assistive living tasks. For example, the assistive living tasks where operators may have varying
degrees of desired assistance [15], and our approach can provide an assistance level more in line
with the operator.

Our strategy aims to give appropriate assistance to improve performance in challenging
tasks. The proposed rotational arbitration is necessary for providing an operator with seamless
assistance and may benefit users with more limited mobility as the agent can understand when to
assume more or less control of the system. The rotational arbitration's limitations are two-fold: 1)
the hyperparameter tuning of Egs. 4.5 and 4.7, and 2) a temporal filter window on both the «;

and B; to smooth out spikes that could occur in control authority. These are relatively
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straightforward limitations and should be tuned based on the interface, setup, and tasks the
shared control system needs to handle. Future work directly stemming from this paper should
aim to improve the success rate by 1) devising new arbitration curves to handle specific control
dimensions (translation vs. rotation) based on properties discussed in this work and 2)
investigating alternative strategies for adjusting control allocation on the fly (i.e., alternative
models to B;) in a dimension-specific context to handle the misalignment issues.

Conventional arbitration may hold advantages in a few scenarios: 1) in very controlled
settings with low uncertainty, 2) in lower DOF interfaces (i.e., a controller with 2 or 3 DOFs
rather than the 6 DOFs), 3) in tasks that do not require a heavy influence on rotation such as
tracing tasks on a fixed plane. First, the autonomous agent should yield an optimal action plan
where an operator needs limited interaction. Towards the second, it may be beneficial for low-
DOF interfaces to use a synergy-style approach [9] where more assistance is warranted. Towards
the third, simpler tasks where automated subroutines shine may allow the autonomy to offload
all user control. Regardless, our strategy provides an avenue for meaningful shared control in

environments where an operator desires more control over telemanipulation systems.
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CHAPTER 5
WE-FILTER: ADAPTIVE ACCEPTANCE CRITERIA FOR FILTER-BASED SHARED
AUTONOMY

A paper published on IEEE International Conference on Robotics and Automation 2023%°
Michael Bowman'! and Xiaoli Zhang'?

5.1 Abstract

Filter-based shared control aims to accept and augment an operator's ability to control a
robot. Current solutions accept actions based on their direction aligning with the robot's optimal
policy. These strategies reject a human’s small corrective actions if they conflict with the robot’s
direction and accept too aggressive actions as long as they are consistent with the robot's
direction. Such strategies may cause task failures and the operator’s feeling of loss of control. To
close the gap, we propose WE-Filter, which has flexible, adaptive criteria allowing the operator’s
small corrective actions and tempering too aggressive ones. Inspired by classical work-energy
impact problems between two dynamic, interactive bodies, both inputs' properties (direction and
magnitude) are inherently considered, creating intuitive, adaptive bounds to accept sensible
actions. The model identifies behaviors before and after impact. The rationale is that each
timestep of shared control acts as an impact between the operator’s and the robot’s policies,
where post-impact behaviors depend on their previous behaviors. As time continues, a series of
impacts occur. The aim is to minimize impacts that occur to reach an agreement faster and

reduce strong reactionary behaviors. Our model determines flexible acceptance criteria to bound

10 Reprinted with permission from IEEE International Conference on Robotics and Automation 2023. ©
IEEE.
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School of Mines, 1610 Illinois Street, Golden, Colorado, 80401, USA.
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a mismatch of magnitude and finds a replacement action for conflicting policies. The WE-Filter
achieves better task performance, the ratio of accepted actions, and action similarity than the

existing methods.
5.2 Introduction
5.2.1 Importance and Needs of Filter-based Shared Control

Filter-based shared control strategies are used for teleoperation scenarios where an operator
has a strong grasp of the dynamics, controls, and tasks while desiring more freedom to maneuver
the robot in a valid control strategy by not over-constraining their actions [1]. One goal is to have
the operator maintain as much control over the robot as possible, which would have more human
input actions accepted than rejected. Another goal is maintaining safety, which rejects human
input incongruous with optimal robot control signals. These two goals need to be balanced to
ensure an operator maintains a sense of control while achieving task success.

The optimal actions of the autonomous agent may differ from the operator in real-world
applications. The different actions are inherent to the system for two factors: 1) an operator
attempting to handle unexpected uncertainties and 2) multiple ways to accomplish a shared
control task. Toward the first factor, operators adjust to overcome the uncertainties in perception
and the environment. For example, if the robot misses the initial approach of grasping an object
by knocking it over in a teleoperation scenario, an operator will attempt to adjust the actions to
correct the robot. However, the robot assumes the pose is correct and rejects these sensible
operator actions. In the second factor, the robot's optimal policy in a teleoperation scenario may
desire a grasp orientation over the top of the object, while an operator prefers the side to see due
to visual constraints. Neither agent has an incorrect action, nor is the robot producing a

suboptimal action plan. This difference is fundamentally inherent in shared control, and
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precautions are necessary to prevent filters from rejecting an operator’s sensible actions. Thus,
filtered shared control must be flexible toward the operator's corrective actions or preference,
empowering them to stay in control.

Current filter-based shared control strategies usually reject actions; there is no option other
than conforming to the robot policy. They strictly use a directional filter (Fig. 5.1b). If the
operator’s direction differs from the robot policy, the controller will reject the action, and the
operator will feel a loss of control. It prevents an operator from 1) resetting to try again, 2)
correcting the robot’s action, or 3) using it in a preferred way. Fig. 5.1b shows the result of the
direction-only bounds for a single timestep (preventing sensible actions) when an operator tries
to back out and try a new way. The consequences are the operator: 1) makes drastic movements

to no avail; and 2) must give up on their strategy as they frequently have “risky” actions rejected.
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Figure 5.1 a) Overview of the shared autonomy framework, where our contributions focus on
providing an optimization procedure for the Shared Control Filter block as in c). b) is the
standard approach rejects actions solely on direction which rejects small corrective actions and
accepts strong, aggressive actions towards the goal. ¢) Our strategy simultaneously looks at
direction and magnitude to allow smaller actions by an operator to recover, while tempering
strong actions of the operator. The floating, adaptive grey zone in c) represents the zone of
acceptable actions.
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5.2.2 Current State-of-the-Art and Open Problems

Original filter strategies such as virtual fixtures aim to prevent operators from damaging a
pre-known environment and rely on the operator’s action plan as they do not use an optimal
robot policy [2][3]. An alternative strategy augments the human actions based on a model-free
learned optimal policy following Deep Reinforcement Learning (DRL) methods [4]. DRL
methods assume the operator has an imperfect understanding of the system dynamics and change
the operator's actions based on the robot’s filter criteria to provide better task performance.
Recently, techniques using Maxwell’s Demon Algorithm (MDA) provide a model-based
structure to determine whether output actions follow the operator or its own optimal policy. The
MDA filters take the form of optimal control problems. They use Model Predictive Control
(MPC) for nonlinear and discrete systems (rather than DRL). The most recent MDA filter with
MPC is known as Sequential Action Control (SAC) [5][6]. It was devised for noise-driven
control [7] and has been used for teleoperation [8] by treating operators as noisy rational agents
[9][10]. Two open problems exist for filter methods: determining 1) a selection criterion and 2) a
post-rejection plan.

Selection criterion: Two state-of-the-art approaches exist for selection criteria. The first is
the optimal controller inner product (OCIP), which aims to ensure the inner product is positive,
and within an angle tolerance [8]. OCIP calculates a dot product between uR and uf and applies
thresholding for acceptable uf [11]. The underlying assumption behind the OCIP is that a user
agrees with the optimal control. This makes OCIP best for teaching an operator the optimal
policy as it would reject more inputs that do not conform with the optimal policy [12]. Another
strategy improves OCIP and is called mode insertion gradient (MIG). Unlike OCIP, the MIG

does not assume an operator agrees with the optimal control; instead, operators move in a
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descent direction toward a goal. MIG was initially used for scheduling problems to determine
when to switch control modes; however, it was adapted to determine whether it should switch
[12][13]. MIG accepts more inputs than OCIP. However, it still allows strong motions
(potentially causing object knock-over) and rejects adjustments common in shared control (Fig.
5.1b).

Post-rejection plan: The second open problem is determining what to do after rejecting
human input [1][8]. There are two main routes: 1) apply no control, or 2) apply the optimal
robotic control from MPC (called never-fail solutions). Both have been suggested for different
applications and motivations. The first has been used for scenarios requiring higher operator
control authority, while the second should be used when an operator is in a supervisory role. The

post-rejection plan has no consensus and remains an open problem.
5.2.3 Contributions

This work aims to develop a filter shared control strategy called the WE-Filter inspired by
classic dynamics work-energy impact problems. The model explicitly identifies behaviors
(velocity actions) before and after impact. The rationale for such a model is that each time step of
shared control acts as an impact, where post-impact behaviors depend on their previous
behaviors. Thus, previous actions are observed while the current robot response is controllable.
As time continues, a series of impacts occur. The aim is to minimize impacts that occur to reach
an agreement faster and reduce strong reactionary behaviors. This allows corrective actions to be
accepted and rejects too-aggressive actions, so an operator does not feel a loss of control. The
operators can refine their actions without conforming to the robot policy. We handle two critical
problems current filter strategies struggle with: 1) acceptance criteria incompatible with an

operator’s senses and 2) post-rejection procedures.

101



When considering direction and magnitude (as in Fig. 5.1c), we can change bounds in
different directions; our new acceptance criteria reflect the realities of the interaction between the
operator and autonomous agent. An impact model is developed to account for each agent's
magnitude (we call effort denoted as W;) and the relative difference in direction and magnitude
(we call relative disagreement denoted as e;). With each new human input, new e, and W are
evaluated. We aim to maximize W, which drives the operator and autonomous policies to the
known goal. The e, term acts as a constraint to keep the direction and magnitude within an
acceptable mismatch range based on the current and previous actions of the robot and human.
Since it is temporal and adaptive, it can restrict the set of actions (grey zone smaller in Fig. 5.1c
than Fig. 5.1b). It should allow the operator to move backward, albeit in a limited manner. This
allows the operator to objectively maintain control of the robot while improving task
performance. The contributions follow:

1. Model the interaction between an operator’s and autonomous agent’s actions using a two-
mass dynamic work-energy impact model. It describes current actions to previous ones
through effort (magnitude) and relative disagreement (magnitude and direction).

2. Develop adaptive acceptance criteria based on the current autonomous agent and operator’s
actions through relative disagreement (ef). We accept operator actions outright when an
action is admissible (e® < 1) and we find a replacement action when it is rejected.

3. Provide an optimization framework when an operator's action is rejected. The controller finds
a solution that suits both conflicting policies. We maximize effort (W) and bound the

relative disagreement (ef) to find the action.

102



53  Methods
5.3.1 Current Filter Shared Control Acceptance Criteria

For the remainder of the paper, the current actions of a human and autonomous agent will be
denoted as uf’ and uR, while actions of a previous timestep are uf_; and u®_,. The applied action
to the physical robot will be denoted as uf°™ and uz°". The OCIP follows a straightforward dot
product to determine the direction the control vectors are pointed, shown in Eq. 5.1:

H H R
uCOTL _{ut, ut 'ut > 0
£ =

0, uf-uk<o

(5.1)
Eqg. 5.1 creates a halfplane of acceptable actions, limiting the ability of an operator to back
out as the ug°™gives no action. This severely limits accepted actions as dimensions increase. This

strategy only looks at the direction of actions, not their magnitude. The OCIP serves as the

baseline for evaluation.
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Figure 5.2 An example curve for actions at a single timepoint (left), and a series of them (right).
Four scenarios of interest occur on the left. 1) relative disagreement is perfectly inelastic, this
action would be identical to their partner’s action and maximum effort was put in to agree (blue
point), 2) relative disagreement is inelastic which means we have put in positive effort to agree
(blue shadow region), 3) the perfectly elastic collision points mean either no change in actions or
a complete swap of actions (red points), 4) super elastic collisions result when an agent is
actively trying to put in negative effort towards the team (red shadow regions). On the right, a
series of 4 impacts occur. Each impact produces a different shaped curve. At t=0 the shape is
similar to the left figure. As time continues, the curve becomes flat at nearly 0 (t=3). Meaning
that u_(t-1)"H and u_(t-1)*con are the same, and actions reach agreement. The flattening pattern
is only true if the team can reach an agreement, otherwise, each time step could stay with sharp
convexity.
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Figure 5.3 Responses of the MDA and WE-Filter to aggressive human rotation in
telemanipulation. MDA strategies allow over rotation (top) when both agents agree on the
direction of rotation (ef>1). WE-Filter rejects actions when ef>1 and replaces them by
bounding relative disagreement (ef). The ef aids in deciding whether ug°™ will have an action
more like uf or ul’. In this aggressive action scenario, we do not want ef=0 or else it will be
identical to MDA output (an action, uf°"™ = uf!, we already rejected, ef>1). We limit ef so that
uf°™ is not so like uf that it does not follow the human.

5.3.2 Shared Control Impact Model

A work-energy impact model describes the dynamic, reactive behaviors of two-point masses
when they pull apart from one another (uf and u® have different action policies) while adhering
to the momentum along a single axis (line of impact). The model explicitly identifies behaviors
(velocity actions) before and after impact. The rationale is that shared control acts as an impact at
each time step, where new uf and uR behaviors depend on the previous ones (uf’; and u®_,).
The controller is given the four actions and determines whether u!’ is admissible. As time

continues, a series of impacts occur. Two calculations model the interaction.
5.3.2.1 Relative Disagreement: Coefficient of Restitution

The first calculation determines whether uf is admissible or if we need to optimize for an
admissible action. It is the coefficient of restitution, e;, and determines the relative difference in

action direction and magnitude. We refer to e, as relative disagreement. e evaluates u’ and uF,
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while ef evaluates ul’ and u£°™ if optimization is required for the human input. As the equations

are identical in form, in this section, we will demonstrate with eX and is defined in Eq. 5.2.
ef = p (5.2)

Four cases of Eq. 5.2 must be discussed analogously from the dynamics problem to the
shared control context. The explanation will be made with Fig. 5.2 as the mathematical model.
Four cases occur: 1) perfectly inelastic collisions, ef =0, 2) inelastic collisions, 0 < |ef| < 1, 3)
elastic collisions, |e®| = 1, and 4) superelastic collisions, |ef| > 1.

The first case, perfectly inelastic collisions, describes two-point masses stuck together after
impact, which mathematically is uff — uR = 0. This implies that both agents have a perfect
agreement and want the same action to be taken. The second case, inelastic collisions,
demonstrates after impact a trend toward full agreement (the blue region in Fig. 5.2). This occurs
when the difference between the current actions is smaller than the previous ones, which means
the new actions are becoming more aligned and both agents begin to agree. Mathematically, this
implies |uff — uf| < |[uR ; —ul,|. This would be seen as slight differences in poses between
uf! and uR (refinement). The third case is elastic collisions, where |ef|=1 (the two red points
which cross the x-axis in Fig. 5.2). This implies |[uf — ul| = |[uR_; — uf_;|. This means after
impact complete relative disagreement has been achieved. Last is superelastic collisions, |ef| > 1
(the two red regions below the x-axis Fig. 5.2). This case means energy has been introduced into
the system, and the actions have become even more polarized, as this implies |[uf — uf| >
|luR , —uf | |. The actions taken have created tension, and an operator overreaction may have
occurred.

All cases are important and demonstrate different task behaviors, but none are truly bad.

Although case 4 may appear less desirable, it might not be entirely true without context for the
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change of actions. For instance, consider uf grasping an object’s side while uR grasps the top.
The human may make a sudden change in their preferred orientation, which induces case 4
because they want to see the grasp configuration easier. Although, designers will likely aim for
case 1 and case 2, as this implies the operator follows the optimal robot policy. In 5.3.3, we
describe how our controller would find a replacement action if case 4 occurs as ul’ would be
deemed too large to be a corrective one. Our criteria for an admissible uf! is if e® is in case 2,
leR| < 1; otherwise, an optimization process is needed to determine a better u£°™ so that |ef| <
1. In Fig. 5.3, we showcase 4 (|eR®| > 1) occurs if we use the MDA controller. Our method will
adjust the ug°" to either be in case 2 (0<ef< 1, in the middle row of Fig. 3), or to case 3 (ef=1, in
the bottom row of Fig. 5.3).

Another critical component is when ef<0. This implies that one agent has stayed more
dominant for both time steps, such as uf > uff and uf_ ;> uf’; or uf <uf andul ; <uf ;.
Lastly, an immediate reaction tou? ; — uf_; = 0 may jump out; however, this is acceptable.
When the previous actions align, new actions appear as splitting hairs over fine details. This
occurs when the uR | — uf_;is very small compared to the uf — u!?, which accounts for and
demonstrates the recency bias [16] [17]. This can be limited within our optimization by either

applying bounds as written above or adding numerical tolerances to Eq. 5.2’s denominator.
5.3.2.2 Effort: Residual Energy Calculation

The second calculation is the residual energy in the system and is used to guide the
optimization. The second calculation has two forms like e,, WR and W¢.
WE = ZF (@g)? — uf™?) + 22 ((wfh)? - (uf)?) (5.3)
Here, we refer to W as the effort both agents put in towards the interaction as it quantifies

the actions’ magnitude changes. Ultimately, the goal is to have W converge to 0 (where t =T is
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the terminal time horizon) as they progress in the task, implying both agents have settled on a
velocity action (seen in the right of Fig. 5.2 with the faint t=3 line). Toward this high-level goal,
it is achieved by maximizing W, at each time step, which would be equivalent to minimizing
uH (which we cannot control), and u£°™. Since these actions are in terms of velocities, it would
be ideal if uf°™ and ul? are driven to zero over time, which implies they settled on a state. The
parameters my and my are the weighting terms which can act as role allocation. In a peer-peer
setting, they are set to 0.5, while a leader-follower scheme may differ to values such as 0.9 and
0.1. More details on roles can be found in [14] and [15]. In this work, both terms are set to 0.5.
With Eqgs. 5.2 and 5.3 established, interesting relationships can be seen if we consider the
system controllable through the lens of the u£°™ action as a u°%, ull ;, and ul’ are observed.
Formally, we can look at the relationship of W and ef by combining Egs. 5.2 and 5.3 through

uf°™ in Eq. 5.4 and Fig. 5.2.

1
W = —5 mp(ufly—uf?) *ef” — mpuf ufly — ufDef + 5 mp(ui2})?
1 1
+ ;mH(uf—Oz —5(mg + my) (ug')? (5.4)

With Eq. 4, uf°™ impacts variable ef directly as all other actions are given. The quadratic
relationship of ef and W is helpful as we can achieve a global maximum (seen in Fig. 5.2).

The parabolic shape means the behavior can shift left, right, up, or down, and the convexity
changes too. This means that the maximum of W is not always at ef=0. The maximum W
could reside in |ef[>1. It is common that current uf have greater magnitude than the previous
ull | due to corrective refinement motions meaning the maximum will be W < 0 or |ef|>1.
Therefore, within acceptable bounds (-1 < ef < 1), the aim is to obtain the maximum W¢. Due to

this possibility, many interactions could result in |ef|=1.
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5.3.3 WE-Filter: Acceptance Criteria and Optimization

The optimization is designed for the telemanipulation scenario; an operator has an
independent one-to-one mapping to the robot. u, uk, and uf°™ are R’, where the first 6 DOFs
are the end-effector pose velocities (position and orientation velocities), and the last DOF
controls the velocity to open and close the hand. So, an operator can assume direct control over
the robot’s end-effector pose. For each component, we check if it is within the eX bounds. If it is,
we accept it and move on to the next component. If it is not, a suitable solution is found. This
process occurs for each new human input received.

Lcon ={ ug, lef| <1
t Eq.5.6,|ef| =1

(5.5)

The optimization aims to determine a new ug°" that is within an e/ range (thus relatively
similar to uf') while maximizing W¢£. Fig. 5.2 shows W is a convex function in terms of ef.
Evaluating each DOF creates a box around possible solutions.

ugOTl

= argmax Wf
s.t.

—1<ef<1 (5.6)

A parallel optimization is employed for each dimension of uf°™ where U are the
environmental bounds and physical limitations of the robot. In our experimental scenario, the
bounds were set such that uf°™'s operation range was between u!’ and uf. The initial value was
set to uR. At each time step, the optimization observes a new u!! and the previous command,
ufl |, are given. The uf°7% is the previous command sent to the robot. This makes u£°" the only

variable to be optimized is thus the controller's output to run the physical robot. The rationale for
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this optimization strategy is two-fold: the output action will be 1) an action that is between both
uR and uf within ef bounds while 2) the bounded convexity can ensure an optimal action. This
provides an effective bound to allow an operator to make corrective actions (refinement of pose
near a goal) and tempers their aggressive erroneous ones (sudden jumps in a posture like our
example of |ef|>1 when uf decides to grasp the object on the side rather than the top). This
ensures the robot does not jump ahead of the operator (potentially knocking the object over) or

stall out, resulting in them losing control.
5.4  Experimental Results

5.4.1 Telemanipulation Setup

] Robot
/ Perspective |

Human user indirectly/virtually
interacting with a cup

Figure 5.4 Operators see the robot perspective on the screen while they move their hand freely
over the table. The Xbox Kinect captures hand posture to extract the palm pose and the amount
each finger is open or closed. The information is then sent to the robot to execute the motion.

The telemanipulation experimental setup is described in Fig. 5.4. An RGB-D image is taken
with an Xbox Kinect, and features are extracted using MediaPipe [18] before being used as
inputs for the robot control. The operator controls the hand pose and the amount each finger

opens and closes. In all, u® is R”. The operator aims to grasp a regular kitchen utensil from a
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holder and place it in a bin. This aims to recreate an open pick and place task so the operator can
move however they wish to complete the task. The operator can complete tasks with different
strategies and recovery plans. With no time constraints, operators have multiple attempts to grasp
and place the object in the bin. The robot is given a noisy goal pose (within £2cm) for both the
pick and place locations. Operators were given unlimited training time to familiarize themselves
with both control strategies to mitigate bias.

The institution’'s Institutional Review Board (IRB) approved a set of experiments. Before
participating in the study, written consent was obtained, acknowledging they understood the
robot setup, the purpose of the study, and the potential risks involved (arm soreness). Three trials
were conducted for each filtered strategy by each participant. A trial consisted of three runs; each
run was a different object to grasp. A randomized order of the control modes was used to reduce
learning effects. As a pilot study, 10 participants volunteered (a total of 90 runs for each mode).
The volunteers were 24.1 + 3.14 years old and included five women and five men with no prior
experience controlling the robot. Due to being a pilot study for the viability of the control

paradigm, the data analysis had unique scrutiny for the smaller sample size.
5.4.2 Telemanipulation Results

Four quantitative criteria are used to evaluate the effectiveness of the filter shared control
strategies: 1) the success rate, 2) completion time, 3) cosine similarity, and 4) the ratio of
accepted actions. Table | shows the summary statistics for the measures. Due to the smaller
number of trials, necessary precautions must be considered for each measure.

The success rate uses a Laplace Estimate rather than the Maximum Likelihood Estimate to
reflect the true success rate. An adjusted-Wald 95% confidence interval was used. An N-1 Chi-

squared test was conducted to determine statistical significance. The WE-Filter (64%)
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outperforms the MDA filter (39%) with statistical significance (p < 0.001). The operators had a
better success rate in completing the task. This is likely due to the operator's actions being
accepted near the goal as they have different desired poses. The operator can handle the
uncertainty, and the robot affords them the chance to complete the task in their way.

Table 5.1 Teleoperation Results For Their Respective Means and Confidence Intervals

Mode  Success Completion Cosine Ratio of
rate time (s) distance accepted actions
WE 0.64 38.60 0.206 0.973
[0.54,0.74] [32.53,45.80] [0.187,0.228] [0.971,0.974]
MDA 0.39 56.23 0.589 0.681

[0.30,0.49] [43.97,71.90] [0.560,0.619] [0.678,0.684]
WE means WE-Filter, MDA means Maxwell’s Demon Algorithm. Bold means
this mode performs better in this metric by statistical significance.

The analysis for the time data is not normally distributed but rather positively skewed [19].
Therefore, a log transform is necessary. The geometric mean and a 95% confidence interval are
used. A two-sample t-test is used to determine the statistical significance. The time data are only
the successful completion time trials. The WE-Filter (38.60 seconds) outperforms the MDA filter
(56.23 seconds) with statistical significance (p < 0.05). The faster time data shows operators are
not constantly being rejected by the filter and can functionally make actions to refine the robot
pose to complete the task. Both task performance metrics show improvements over the MDA
filter. However, the two other measures can reinforce the notion of an operator having better
control over fine-tuning the robot pose to complete the task.

The other two measures of cosine distances and the ratio of accepted actions are described in

Egs. 5.7 and 5.8, respectively, with uf and u¢°™. The cosine distance measure is:

on
1-— 5.7
Z ||ut ||||u€°n|| (57)

The aim is to determine the alignment of the control vectors for the controller output and the

operator action. A score of 0 is considered optimal (they perfectly align). The geometric mean
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and 95% confidence intervals were generated and placed in Table 5.1. A two-sample t-test was
used to determine the statistical significance. The WE-Filter outperforms the MDA filter (p <
0.001) as the output controller’s actions are more similar to human actions. This is because of the
filter design, where our approach aims to align actions more closely with an operator rather than
outright reject them. This is more evident when analyzing the ratio of accepted operator actions:

1,if utf -ucmn >0
0,if ufl -um <0

(5.8)

¢ = numberz::];gactions' O0s¢<1 ag= {

This metric determines the number of operator actions accepted by the controller. The aim is
to normalize the number of actions taken and determine a better ratio of agreeable actions. A
score of 1 is considered optimal as this would imply that all user actions were accepted. The
geometric mean and 95% confidence intervals were generated and placed in Table 5.1. The two-
sample t-test is used to determine the statistical significance. The WE-Filter outperforms the
MDA filter (p<0.001) as the ratio of accepted actions is greater. This is expected as the MDA
filter rejects ul! rather than augments the parts of u£°" to align with the operator. Thus, it is
sensible to conclude that our filter benefits the operator in their preferred strategy. To further
assess whether the assistance benefits the operator, we can look at u and ug°™ for qualitative
analysis.

Qualitative analysis can be shown in two ways: 1) how human input relates to robot output
response and 2) how an MDA output compares to the WE-Filter output. Fig. 5.5 shows a
successful trial for the task. Although actions are opened up using this adaptive criterion in some
areas, it also restricts the operator's actions, as seen in the y where both actions are nearly similar
at 0. Our approach accepts more actions than the MDA filter. Notice large blocks where the

MDA filter would reject the operator inputs flat out for z and y, while our approach will allow

refinement in the z (from ~11s to~26s). This is seen in the y from 0s to ~8s. The WE-Filter
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rejects sudden reactions while accepting ones more in line with previous actions. Strong
reactions will knock down the object if they are not limited. The WE-Filter accepts more human

actions and allows greater refinement over the MDA strategy.
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Figure 5.5 A single successful trial for the operator input actions (in orange), and the resulting
robot response with our behaviors (purple) and what would be the MDA response(green). Only 2
dimensions (actions in height and yaw) are shown for easier viewing. If our approach deems the
actions too aggressive, the output action will restrict the motion (e.g., in z during ~20s to ~23s).
When the MDA filter rejects an action, the action is set to 0. Our approach accepts more actions
on the whole (e.g., in y from ~26s to 45s), yet rejects too aggressive motions (e.g., in y during
the first 8s) and replaces them with acceptable actions.
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Figure 5.6 The W (effort) and the e/ (relative disagreement) for the z in Fig. 5.5. Oscillations in
the beginning occur as the operator is unsure of their actions. Our approach continues to
maximize W at each timestep in the e/ bounds. Ultimately, our solution reduces W to 0. This
holds when a goal is changed (the second oscillation happens when the operator moves to the
place goal at ~23s). When actions appear similar in Fig. 5.5, if ef=0, our strategy deems the best
action is the operator’s, while an ef =1 or ef=-1 is seen as splitting hairs.
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Fig. 5.6 shows the Wfand ef plots for the left side of Fig. 5.5 (the z). Our approach drives
WE to 0 over time to a goal. The oscillations at the beginning of the trajectory and in the middle
indicate that the operator is moving towards the pick goal and place goal, respectively. The
oscillations demonstrate when an operator is unsure of their actions. Our filter aims to settle them
by finding the maximum W, within the ef bounds at each timestep. By doing so, the W is
driven to 0 over time. The periods when ef are 0 shows when uf°" deems the most effective
solution is the u!’ (i.e., alignment of u’ and uR). The timepoints where ef=|1| demonstrate the
uf°™ aligns with uR more than ul’ because the best action to take is closest to the uX. ef does not
prevent faster speeds; rather, it rejects sudden speed changes. When W is very small and
smooth, this is seen as the output action, and the team is splitting hairs over minor details. In
conclusion, our filter works as expected and provides an effective solution to drive high-effort
actions within acceptable agreement bounds. A supplemental video shows examples of both

strategies.
5.5  Discussion

Two cases of operator behavior need to be discussed: 1) large decisive actions and 2) small
refinement actions. The MDA filter allowed the operator to make larger motions than the WE-
Filter. This sometimes allowed an operator to approach the object quicker, but it would also
cause them to knock the object over more often (shown by a lower success rate). The WE-Filter
reduces the magnitude of the actions, so it may not allow large actions like the MDA filter,
which would theoretically limit the speed of completing tasks. However, in practice, WE-Filter
tempers the operator's aggressive actions resulting in higher success rates and better completion
times. Refinement actions are when the WE-Filter truly shined, as evident by the higher ratio of

accepted actions and higher similarity for control vectors. Qualitatively, this is best seen in the
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last recovery case in the video, where an operator adjusts the object pose to prevent collisions. It
also allows operators to adjust the rotation of the end-effector while making small adjustments in
position to line up the grasp. The MDA struggles with small refinement actions needed to
succeed in telemanipulation as more actions would be rejected near the final goal states resulting
in the robot stalling out and rejecting operator motion. These refinements by the operator simply
exist (i.e., the operator wants a pose they can view on the camera to line up a better grasp or
think a certain pose will yield a more stable grasp). These refinement actions are critical in
telemanipulation [20].

Although the WE-Filter does benefit the operator by adjusting output actions, there are still
shortcomings with the current strategies. Potential limitations of our approach are determining 1)
hyperparameters for my and my, 2) the best temporal points to choose (i.e., comparing ul’ to
ull over ul ,), and 3) the sensitivity towards noisy inputs by an operator. Investigating these
limitations further will allow a model predictive control such as SAC with appropriate roles to
shine. The role allocation is outside this work’s scope but influences how much the robot will
limit its actions over the operator. The second is determining when to consider the impact model,
especially if a SAC strategy is adopted. The strategy adopted in this work was using every new
operator input (i.e., uf’ and ul’,), but a further investigation must be done to consider more
viable time points. For instance, rather than the previous action, like our strategy, it may be the
last intervention action applied by the SAC strategy. The third limitation is that noisy human
signals occurring when the operator holds their hand steady could cause a vibrating effect on the
robot. Although the optimization would attempt to reduce this behavior, a stochastic
implementation needs further inquiry. Bounds on e should be task-dependent. Although we

follow a classical dynamics threshold, it is not unreasonable to say the selection should be either
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le] < 0.5 for a narrower set of actions, or |e| = 1 as an adversarial agent to act against the
operator for rehabilitation purposes.

Overall, the strategy presented in this work has viability for telemanipulation scenarios. The
limitations and proposed future directions demonstrate there is room to improve the model
before being used for an MPC-style strategy like [21]. However, the WE-Filter should be
considered for future strategies where two agents are attempting to assume control, and a

resultant intuitive action is desired.
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CHAPTER 6

CONCLUSION AND FUTURE WORK
6.1 Contributions

In this dissertation, new approaches to advance telemanipulation from controlled lab settings
to more realistic uncertainties in real-world applications have been proposed. In order to evaluate
the new approaches, a hands-free telemanipulation system for the experimental setup was
developed. This includes designing human and robot grasp models, incorporating human hand
tracking for direct teleoperation methods from the human to the MICO robot hand, and
extending this system to handle autonomous assistance.

The contributions of the new strategies for assistance include: 1) disambiguating the grasp
motion goal with task level inference and determining the actions needed to satisfy it (Chapter 2
and 3), 2) provide a dimension-specific shared autonomy to provide appropriate assistance for
good task performance and maintain a feeling in control of the robot (Chapter 4), and 3) provide
an adaptive filter-based shared autonomy, so an operator’s corrective actions are not always
rejected when differing from the autonomous agent’s policy (Chapter 5). Overall, this
dissertation presents novel shared control algorithms that can be used to improve a human
operator’s control of a robotic manipulator to achieve a telemanipulation task that would
otherwise be challenging or impossible for the user on their own.

One aim of the dissertation was to tackle how to use intent inference for telemanipulation
within shared control. The unique challenges—beyond teleoperation—include physical
discrepancy between human and robot hands and the fine manipulation constraints to constitute
task success. By promoting a robot agent’s autonomy level through understanding the human

operator’s intent and providing motion assistance to achieve it has demonstrated great
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advantages to the operator. This dissertation advances the shared control technique one step
further beyond approaching phases of teleoperation to deal with the more challenging object
manipulation task. To achieve this next step, a multi-task robot grasping model was built and an
intent-uncertainty-aware grasp planner was developed to generate robust grasp poses given the
ambiguous human intent inference inputs. The user inputs act as motion constraints, while the
optimization determines actions based on human intent. The robot's motion follows an arbitration
between following the user's motion constraints and accomplishing the inferred task. The
arbitration adapts based on the physical discrepancy between the human and robot hands. The
techniques presented extended the teleoperated robots’ functionality in a more practical
telemanipulation scenarios.

Another fundamental aim of the dissertation is present a more effective arbitration scheme
through a dimension-specific means. Conventional arbitration policies often define a uniform
singular scalar for all 6 DOFs to blend human input and robot assistance. However, this singular
scalar over-dominates some dimensions of the inputs and provides insufficient assistance in other
dimensions. A dimension-specific arbitration policy is developed to customize the control
arbitration along each DOF to fill the gap. It looks at whether the robotic assistance is too timid
or aggressive along each DOF and determines the arbitration magnitude according to
disagreement levels of control allocation and the user’s willingness to accept assistance. The
user's willingness is estimated from a feedback psychology model. The method has higher
similarity and ratio of agreement between the human and robot (lower over-dominance) over
existing methods and, simultaneously, improves the task performance. This arbitration strategy is

expected to increase the adoption of teleoperation for object manipulation.
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The last aim was to provide adaptive bounds for Filter-based shared control systems. Filter-
based shared control aims to accept and augment an operator’s ability to control a robot. Current
solutions accept actions based on their direction aligning with the robot's optimal policy. These
strategies reject a human’s small corrective actions if they conflict with the robot’s direction and
accept too aggressive actions as long as they are consistent with the robot's direction. Such
strategies may cause task failures and the operator’s feeling of loss of control. To close the gap,
WE-Filter was proposed, which has flexible, adaptive criteria allowing the operator’s small
corrective actions and tempering too aggressive ones. Inspired by classical work-energy impact
problems between two dynamic, interactive bodies, both inputs' properties (direction and
magnitude) are inherently considered, creating intuitive, adaptive bounds to accept sensible
actions. The model identifies behaviors before and after impact. The rationale is that each
timestep of shared control acts as an impact between the operator’s and the robot’s policies,
where post-impact behaviors depend on their previous behaviors. As time continues, a series of
impacts occur. The aim is to minimize impacts that occur to reach an agreement faster and
reduce strong reactionary behaviors. Our model determines flexible acceptance criteria to bound
a mismatch of magnitude and finds a replacement action for conflicting policies. The WE-Filter
achieves better task performance, the ratio of accepted actions, and action similarity than the

existing methods.
6.2 Future Directions

A few directions should be considered in future works with the first are immediate next
steps while latter suggestions are much larger systematic changes.
The immediate future directions for the intent inference modules (Chapter 2 and 3) is to

extend the technique to produce predictive trajectory actions toward the goal rather than a single
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grasp goal location. The predictive trajectory allows more possibilities for optimization strategies
to be utilized. For instance, if a predictive trajectory can be obtained, Model Predictive Control
(MPC) strategies can be adopted as a means for trajectory reference tracking. Other aspects
which are more challenging and require more complex hardware, is expanding the grasp model
for post-grasp manipulation. Currently, the work shown in Chapter 2 and 3 focuses on an initial
single grasp goal. Expanding toward the post-initial grasp would require a dexterous hand that
can make small subtle adjustments while maintaining force or form closure on the object. The
benefits of this direction would allow a robot to adjust the object in hand during transitions from
initial grasp to final goal states as the operator intends rather than the operator trying to move the
object from a single grasp point.

Immediate improvements to the arbitration proposed in Chapter 4 are further tuning
hyperparameters for specific shape and scale of the Beta prime distribution, as well as
developing a temporal smoothing window to ensure there are no spikes in either the willingness
or the arbitration values. The tuning would fundamentally change the shape and scale of the Beta
prime distribution to give unique behavior where perhaps the willingness can never reach >0.5.
The benefits of smoothing the arbitration ensure a transititory phase occurs which mitigates the
chances for rapid switching of control. The potential for rapid switching is undesirable it would
likely lead to the operator struggling with their own adaption to the system when completing the
task. Another change that would provide better assistance is improving arbitration curve policies.
For instance, the curve used in Chapter 4 is known as a positive trending curve (which is the
most difficult arbitration scheme to use in high uncertainty environments and was chosen for this
reason), where other work is dedicated to improving performance by having negative or bell-

shaped curves. Applying the same techniques on these alternative curves would yield higher
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success rates, but likely demand more operator control and residuals (i.e., higher mental burden
and engagement). Along with developing new arbitration curves, new willingness ones should be
considered to provide the robot with a model to predict the operator motion.

The future work for Chapter 5 would be tuning hyperparameters and selecting better
temporal actions to consider when intervening. For instance, one suggestion is to tune the mass
weighting terms based on role allocation. Yet, alternatively, these weighting terms could
encompass other factors such as performance, task, and expertise level. Selecting actions to
consider is critical for the relative disagreement filter. Properly determining whether the current
actions should be compared to the last action, initial action, or last intervention time point is
imperative to be investigated as this would alter the acceptable and unacceptable actions.

Although some more difficult design work has already been suggested, the more extensive
and impactful work follows. Adapting the WE-Filter to a MPC scheme such as Sequential
Action Control (SAC) which takes into account not only the optimal action but when to enact
that action. SAC blends very well with the rationale of the WE-Filter where the criteria
determines whether actions are admissible, and could be used to determine when should
intervention actions occur. Further, a necessary addition to both Chapter 4 and 5, is a stochastic
implementation. The stochastic implementation introduces uncertainty in the human motion,
which need to be accounted for in the optimization strategies. The stochastic approaches
propagate uncertainty and can determine optimal actions in the face of it. However, extending to

these techniques requires an extensive look at developing a model to predict human actions.
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