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Historically, robot automation has targeted applications that require consistency, precision,
and long-term repeatability. Tasks that are dynamic or require operation in close proximity to
human users reveal traditional robot controllers to be inflexible, costly, and unsafe. In response,
Robot Learning from Demonstration (LfD) methods enable users to teach robots through actions,
forgoing the need for programming expertise and providing a mechanism for flexibility. However,
one limitation of traditional LfD methods is that they often utilize limited or context-independent
information modalities, such as robot configurations, that inhibit the capture of pertinent skill
information. This thesis presents a set of algorithms and user interaction systems that focus
on enabling human users to communicate additional information in the form of constraints to a
robot learning system. This results in more robust, generalizable, and safe skill execution. It will
outline how constraints based on abstract, high-level concepts can be integrated into existing LfD
methods, how unique interfaces can further enhance the communication of such constraints, and

how the grounding of these constraints requires novel constrained motion planning techniques.
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Chapter 1

Introduction

\Expert knowledge is intuitive; it is not necessarily accessible to the expert himself."
- Donald Michie [87]

The late Donald Michie, a lesser-known forefather of Arti cial Intelligence breaking code
alongside Alan Turing at Bletchley Park, established a remarkable career that ranged across com-
puter science, biology, and genetics. At the University of Edinburgh, he formed the team that
developed the Freddy | and Il robots, pioneering computer-vision-assisted manipulation arms that
used object recognition for sorting and sequenced assembly. More than 50 years ago, his team intro-
duced a robot system capable of responsive sequenced behavior to object recognition; a remarkable
feat given the limitations in computing technology at the time. Despite decades of technological
progress, modern-day vision-assisted manipulation systems have not radically improved in their
ability to identify, sort, and assemble objects compared with these pioneering Freddy systems. No
doubt, such systems are more capable as evidenced by the proliferation of practical and useful
robotics companies worldwide. However, computation power has nearly doubled annually since
the time of Freddy. Robotic control systems, software, and hardware have substantially improved
enabling impressive physical feats like the legged robots of Boston Dynamics. The rise of applicable
statistical and machine learning methods has greatly improved vision systems facilitating the pro-
liferation of autonomous vehicles. Given all these impressive advances, one might expect dramatic
paradigm-shifting advancement of manipulation systems. This begs the questionWhy have robot

manipulation systems not experienced the same level of technological improvement a orded to other



areas of information technology?"

One potential answer lies within the idea that implicit intuition and latent intellectual require-
ments behind simple tasks belie capability that should be reachable to modern-day autonomous
robotic systems. Years ago Michie's team came to a similar sort of understanding: they real-
ized that the ability to convey the high-level intuition of a task to the Freddy system required
a higher-level form of programming language (RAPT or Robot Automatically Programmed Tool)
that better enabled these researchers to outline the required robot behavior for successful assembly.
In other words, they needed a new language to better capture the intent and goal of the task. In
the same spirit, robot systems intended to perform complex tasks in context-rich environments
need mechanisms to integrate richer and more human-intuitive forms of information. Without such
information, robot systems will struggle to improve in capability in a way that di erentiates their
abilities from the ancestral Freddy robots and to advance autonomous systems in profound and
broadly applicable ways.

At face value, this idea of integrating and curating information into machine intelligence
is not a strictly new concept. To date, foundational machine learning methods center around
selected features chosen for training data that intuitively capture the essence of what must be
learned. As summarized in an article by Scholkopf et. al.\...the majority of current successes of
machine learning boil down to large scale pattern recognition on suitably collected independent
and identically distributed (i.i.d.) data."[127]. But such an approach, while powerful, presents
limits to the performance capabilities of such models. Much e ort must be made in order to avoid
biased machine learning models [94], motivated by the desire to generalize to broader applications.
Conditioning data is another approach to generating more widely usable models, often through a
Bayesian approach. In these approaches, the choice of prior depends on broad assumptions about
the nature of the distribution of your data (i.i.d., normal, binomial, etc,.). Learning priors can
avoid reliance on such assumptions, but requires large-scale data once again, ultimately resulting
in a di erent avor of the models summarized by Scholkopf (perhaps with some performance gains).

Through comparison with intelligent animals’ ability to generalize, Scholkopf emphasizes
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that \...machine learning often disregards information that animals use heavily: interventions in
the world, domain shifts, temporal structure { by and large, we consider these factors a nuisance
and try to engineer them away." In other words, Scholkopf makes the argument that the nature
by which machine learning models discover patterns in data often ignores context and the causal
structure of a given problem domain. Fortunately, recent advances in machine learning have started
to incorporate some of the types of structures Scholkopf argues machine learning historically has
avoided. For example, temporal attention structures in large language models enable GPT-3 [25]
and Google's PaLM [35] to produce sensational text-generation abilities. Retrieval-Augmented
Generation methods [89] rely on situational context drawing on knowledge graphs to condition
models. Xie et. al [153] integrates parameterized physical models for model-based reinforcement
learning in robotics.

The integration of other forms of information (be it structural, temporal, etc,.) could have
broad implications for the capability of autonomous robotics that rely on statistical and machine
learning methods for behavior generation. A persistent challenge with the application of traditional
machine learning methods in robotics is their inherent limitations in generating large-scale data
from which to learn performant behavior models. This limitation is either physical, as the robot
cannot feasibly explore a problem space (say for the purposes of Reinforcement Learning) in a time-
e cient manner, or translational, as simulation environments that enable large-scale trials can fail
to transfer to the physical world. As hinted by Xie et. al, the introduction of structure, in the form
of models or conditions on behavior, might enable autonomous robots to avoid this problem of data
sparsity and allow for more generalized behavior models that can adapt to situational context.

For autonomous robotics systems, and particularly those meant to collaborate closely with
human users, this additional context becomes paramount. Human users often possess knowledge
about a task that is not known nor communicated to the collaborating robotic agent [140]. Sharing
context between humans and robotic systems in such settings has the potential to improve both
human and robot performance alike [139]. This requires the robot to share information with the

human teammate and vice-versa.



4

As such, this dissertation presents a series of novel works involving algorithm design and
interface development that supports the transfer of information drawn from human expertise to
expand upon the abilities of autonomous robotic agents to quickly acquire and generalize skills.
More speci cally, it describes how the communication and encoding of behavioral constraints serve
as a new approach to integrate additional structured information used to create a novel statistical
robot learning methodology that utilizes human-provided examples as training data. It introduces
new interfaces through which human experts more easily provide examples and communicate these
behavioral constraints. And lastly, it describes how this learning algorithm both de nes and helps

to solve a challenging form of constrained robotic motion planning.

1.1 Technical Motivation

One of the most fundamental capabilities of robotic agents in the automation of task execution
is their ability to produce feasible and useful motion. However, this motion is only useful if it
achieves the behavior intended by the human operator/programmer/user. Traditional robotics have
met behavior criteria through explicit programming. For example, in robotic car manufacturing,
physical constraints on arms are well-scoped such that programmed behavior stays within safe
limits. While this often su ces, an explicitly programmed behavior essentially acts as a single
instance drawn from the space of possible solutions. However, when faced with dynamic task
requirements, accommaodating constraints and task goals becomes an expensive endeavor as the
robot may require extensive reprogramming for a given change. An alternative approach is to
utilize large-scale simulation to generate the data needed for data-intensive models. However,
simulation environments do not always model the intended execution environment due to physics
engine inaccuracies (e.g. the friction needed to carry an item) or the complexity of the environment
itself (e.g. safely modeling human beings).

Robot Learning from Demonstration (LfD) techniques strives to make the training and re-
training of robots accessible to non-experts by removing the need for real programming in lieu of

layman-friendly modes of interaction and teaching. The underlying narrative of this dissertation is
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that by integrating the communication of behavioral constraints into robot LfD methods, we can
enable users to specify the task, make the resulting learned model more robust to dynamic changes
in requirements, open up new modes of information exchange through state-of-the-art interfaces,
and fuse LfD with constrained motion planning methods. Likewise, by relying on the intrinsic
domain expertise of the demonstrator, the ideal outcome is a model that requires little data since
the user is providing highly accurate examples of correct behavior while bounding the space of

possible learned models with constraints.

1.2 Thesis Statement

With this motivation in mind, this dissertation argues that the incorporation of human-
provided behavioral constraints into robot Learning from Demonstration techniques serves as a
mechanism to achieve context-rich robot automation through the fusion of Robot Learning from
Demonstration, novel interface design, and Constrained Motion Planning. More speci cally, the
dissertation outlines how additional task context in the form of these behavioral constraints acts
as a basis for novel Learning from Demonstration methods, o ers avenues to expand LfD interface
design, and fosters a fusion of constrained LfD with constrained motion planning. The bene ts
include a reduced reliance of autonomous robotic systems on programming expertise, and the
acceleration of robotic capability to more quickly acquire learned skills that generalize to broader

applications.

1.3 Contributions

The summarized contributions contained within this dissertation are as follows:

(1) A novel robot Learning from Demonstration method called Concept Constrained Learn-
ing from Demonstration (CC-LfD) that enables users to provide problem context

through the form of behavioral constraints.

(2) Two augmented reality systems,Augmented Reality for Constrained Learning from



Demonstration (ARC-LfD) and Augmented Reality-based Pose Optimization

for Constrained Learning from Demonstration (ARPOC-LfD) . The rst enables
users to visualize, edit, and annotate keyframe LfD models with constraints in a mixed-
reality setting. The second enables the use of a data-tong device for online pose-optimization-
based teleoperation that provides feedback as a means to produce more optimal constrained

demonstrations.

(3) An algorithm called Intersection Point Dependency Relaxation (IPD-Relaxation)
for solving constraint-varying motion planning problems (such as those de ned by the CC-
LfD model) by utilizing keyframe distributions from demonstrations as a heuristic in an
optimization process, thereby generating constraint-compliant motion for the entire learned

task.

Figure 1.1: An overview of where the contributions presented in this dissertation t into the
general Learning from Demonstration pipeline introduced by Bakker et al. [13]. Learning from
Demonstration requires a mechanism for collecting demonstration data (green region), creating
an encoding of that data (blue region), and using the encoding to generate robot execution (pink
region). The dotted lines group/link the system and algorithm contributions of this dissertation
with corresponding major topic areas outlined by Ravichandar et al. [120].

As such, Figure 1.1 presents a broad overview of the Learning from Demonstration pipeline

de ned by [13]. In this pipeline, demonstrations are provided to an encoding scheme that generates



a model of the learned skill. This encoding provides the means for agent execution of behavior.
The gure indicates how the systems and algorithms above contribute to the three main areas of
this pipeline: 1) Demonstration, 2) Encoding, and 3) Execution. The coming chapters will detail

how these algorithms and systems each contribute to these respective areas.

1.4 Dissertation Outline

This document consists of six chapters. The middle three chapters constitute the bulk of the
dissertation and outline the three major contributions listed above. The chapters are described

below:

(1) Chapter 1 provides an introduction, motivation, and outline of the dissertation.

(2) Chapter 2 describes related work surrounding Robot Learning from Demonstration methods
with a speci ¢ focus on how such methods have been augmented by additional context to en-
rich resulting models. It then continues to describe an algorithm calledConcept Constrained
Learning from Demonstration, or CC-LfD, that incorporates concept-representative behav-

ioral constraints into an LfD technique called Keyframe LfD.

(3) Chapter 3 provides the appropriate background necessary for the two Augmented Reality
systems and then describes how these two systems create a holistic interface that supports
human-provided demonstration, behavior constraint communication, visual feedback to

human users for model veri cation, and informed pose-optimized teleoperation.

(4) Chapter 4 provides the necessary background and related research on constrained motion
planning leading to a discussion about how CC-LfD enables users to de ne a challenging
constrained motion planning problem called Sequential Manifold Planning and provides a
means to solve that problem through an algorithm calledIntersection Point Dependence

Relaxation.

(5) Lastly, Chapter 5 concludes the document by summarizing the contributions of these works
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and with a discussion about the avenues of future work that these novel contributions

unlock.



Chapter 2

Constrained Robot Learning from Demonstration

Learning from Demonstration (LfD) methods enable robots to rapidly gain new skills and
capabilities by leveraging examples provided by human operators [13]. While e ective, this training
mechanism presents the potential for sub-optimal demonstrations to negatively impact performance
due to unintentional operator error. Similarly, even quality demonstrations might not properly en-
code import features of the task intended for learning. In either case, the resulting model may be
de cient and produce agent behavior that violates the expectation and intent of the human trainer.
To overcome this de ciency, the novel algorithm introduced in this chapter, Concept Constrained
Learning from Demonstration (CC-LfD )! , enables robust skill learning and skill repair that in-
corporates annotations of conceptually-grounded constraints (in the form of planning predicates)
during live demonstrations into the LfD process [98].

This chapter will rst supply the necessary background information for an understanding
of this algorithm. It will then show through an evaluation that CC-LfD can be used to quickly
repair skills with as little as a single annotated demonstration without the need to identify and
remove low-quality demonstrations. It will also show evidence for potential applications to transfer
learning, whereby constraints can be used to adapt demonstrations from a related task to achieve
pro ciency with few new demonstrations required. Lastly, it will outline how this algorithm neces-
sitates research into novel Constrained Motion Planning algorithms and novel interface design for

communicating constraints and visualizing learned models.

! Note that the information presented in this chapter draws upon, paraphrases, and uses text verbatim from
Mueller et al. [98].
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21 Robot Learning from Demonstration Preliminaries

2.1.1 What is Learning from Demonstration?

Robot Learning from Demonstration (LfD) encompasses an extensive set of techniques that
enable robots to learn skills from human guidance [11]. The terms learning from demonstration
[10, 32], programming by demonstration [20], apprenticeship learning [1], and imitation learning
[60] all tend to refer to this same high-level concept within robotics literature. Figure 2.1 outlines
the general LfD pipeline de ned by [13] and re ned with categorizations from [120]. The general
sequence involves 1) Demonstration, 2) Encoding, and 3) Execution. A human teacher typically
performs “ground truth' demonstrations in the form of state trajectories or goal states that convey
the “what' and/or "how' of a skill. Ideally, demonstration communicates the nature of the skill to
the robot system, which encodesa model that approximates some latent ground truth model held
by the demonstrator [10]. This encoding is then used to generate a trajectory of controls or states
by which the robot executesbehavior that ideally recreates the intended behavior as demonstrated

by the user.

Figure 2.1: Adopting the general pipeline from [13] and incorporating specics from [120],
this diagram outlines the major components of the Learning From Demonstration pipeline: 1)
demonstration of data, 2) an encoding that produces a model, and 3) the execution of that model.
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2.1.2 Modes of Interaction

This rst step of the LfD pipeline outlined above is for a user to provide demonstrations.
There are many modalities of human-robot interaction with respect to robot skill learning from
human users, the most popular being passive observation, teleoperation, and kinesthetic demon-
stration. Passive observation requires that the robotic learner possess the ability to externally
observe their human teacher without direct physical interaction [142]. This introduces the corre-
spondence problem [100, 22] where the learning system must discover, or be given, a useful mapping
between the external state of the human or device (e.g., motion tracking markers) and the control
space of the robot (e.g., con guration space, task space, accelerations, torques, etc,.). Robots and
their human teacher cohabit in a shared environment, but they perceive and interact with this
environment di erently, which necessitates this mapping between the state of the human (perhaps
perceptually, physically, or both) and the robot. Teleoperation is a more direct means of interaction
where users control the robot through some device (e.g., a joystick). While this mode bypasses
the correspondence problem, it does introduce the di culty of designing a human-intuitive device
to control high degree-of-freedom robots [6]. The most direct mode of interaction is kinesthetic
demonstration where human operators physically manipulate the robotic device while the robotic
learning system passively captures state information. With respect to redundant robot manipula-
tors, this mode of demonstration has been shown to be preferable by users as it o ers the most
intuitive control over the robot [6]. Kinesthetic demonstration also bypasses the correspondence

problem and does not require a di cult-to-use controller [152].

2.1.3 Data Used for Learning

LfD methods use a wide variety of state data for learning dependent on the desired learning
outcome. Imitation learning and inverse reinforcement learning methods for mobile robotics gener-
ally utilize steering angle and other control inputs such as acceleration and braking forces [130]. For

manipulators, force [28] and torque [41] are possible forms, however, a large number of LfD methods
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utilize joint angles as the predominant data type [3, 98, 4, 131, 101, 8]. Joint angles often represent
the con guration space (and therefore planning space) of robot manipulator arms. Most methods
collect trajectories, but this is not a strict requirement. For example, in [3] single points serve as
user-supplied keyframes or via-points. Another form of data used in LfD is robot end-e ector pose
data [106, 37, 130], often called task space. The work presented in this dissertation predominantly

uses joint state and pose data as well as environment object pose data.

2.1.4 Characterization of Robot Learning from Demonstration

Ultimately, these modes of demonstration all serve the same purpose: to facilitate the transfer
of information from a human user with some expert intuition about the skill to the robotic learning
system. This information is used by robot skill learning methods to produce usable learned models
of the task (i.e. the encoding step of Figure 2.1). It is helpful to understand that while this is
broadly the goal, the mechanisms by which systems learn from human demonstrations utilize various
concepts and methods in statistical and machine learning. Ravichandar et.al., [120] outline three
major learning outcomes that generally categorize the type of learning methods and representation:
1) plan, 2) cost/reward, and 3) policy learning.

Plan Learning Methods Plan learning methods attempt to learn models that operate
at high levels of task abstraction, either learning a primitive sequence or hierarchy [120]. These
sequences and hierarchies are often representations of small subtasks or skills that when executed
together, create an overall behavior. Assembly tasks often require hierarchical representation.
As exempli ed by Hayes et al. [58], novel hierarchical task networks are generated by leveraging
ordering constraints and demonstration of subtasks from users in order to learn assembly tasks.
An alternative approach to hierarchies is to learn robust sequences of skills that enable variations
in the nal executed behavior. For example, Konidaris et al. [80] presentsCST (Constructing Skill
Trees) which segments demonstration trajectories into skills or task primitives. Sequences of small

behaviors on branches of the skill model tree account for variations in the skill itself.
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Cost/Reward Learning Methods Cost/Reward methods generate a model through
the optimization of a learned or predetermined function, usually called a “cost/loss' or ‘reward'
function [10, 120]. As outlined in Ravichandar et al. this approach comes in two major forms:
trajectory optimization and Inverse Reinforcement Learning (IRL) [120]. For example, [12] formal-
izes learning from human-robot interactions as a dynamical system where demonstrations serve as
useful observations for learning an objective's functional parameters. This acts as a form of inverse
reinforcement learning whereby a reward function is learned from human demonstration.

Policy Learning Methods Policy learning methods expect that there exists a function
(i.e. the policy) that produces desired robot behavior. Human demonstrations provide input as
some combination of time, state, and/or raw observation. A learning process produces a policy
from these demonstrations. While similar to IRL-based methods, policy outcome learning methods
directly learn a policy, not a reward function. This policy outputs either a trajectory of states (often
in the same space as the input) or a low-level action plan. Some examples of policy methods include
Probabilistic Movement Primitives [103], using a maximum likelihood learning process to generate
distributions of demonstration trajectories, employing other model features through methods like
primitive coupling through mean and covariance modulation through distribution conditioning.

Perhaps the most pertinent example to this dissertation of a policy learning method is that
of Keyframe Learning from Demonstration [3]. This model encodes trajectories into a series of
keyframes (sometimes referred to as via-points) [146, 7]. The keyframe model is a directed graph
of waypoints (or distributions) for a motion planner to traverse through. These keyframes are
either single points directly sourced from demonstration or represented as distributions of state
data called Sequential Pose Distributions [3]. Keyframe models provide the exibility to push more
skill execution to the motion planner as the inter-keyframe distance increases (relying on a search
process), which allows for automated planning around obstacles, but still retains the stylistic intent

of users through learned distributions [146, 109].



14

2.1.5 Incorporating Context into LfD

Most LfD methods successfully capture the low-level style of demonstration data i.e. they
capture well the positional and orientational style of the demonstrations. However, as mentioned
above, a major challenge to learning from demonstration is the veri cation that a learned model
will produce behavior according to a user's intent. It is di cult to determine if su cient training
data has been received to cover the breadth of scenarios a skill is expected to perform. One
approach is to introduce reparative demonstrations in order to x the model. For example, Jain
et al. [65] introduce an iterative learning method for trajectory improvements where a human
demonstrator introduces incremental improvements to retrain the model. Rather than introducing
new trajectory data, alternative approaches employ human-in-the-loop skill learning utilizing robot-
induced propositions (e.g., labels and feature queries) to repair and more quickly learn skills [27].
Extending this concept, Basu et al. [15] showed that feature queries serve best to facilitate human
augmentation of a robot's objective function. Perez et al. introduce a method called C-LEARN
that uses demonstration to infer geometric constraints for future model re nement [108].

The above approaches can extend the idea that additional information from human demon-
strators can boost learned models. For example, Chao et al. [31] show that encoding human-
grounded concepts equips robots to reason better about unfamiliar tasks. This chapter focuses
on the algorithm Concept Constrained Learning from Demonstration that introduces the idea of
incorporating behavioral constraints into Keyframe LfD [98]. These constraints serve to represent
a contextual behavior restriction speci ¢ to the task, hence they're called "Conceptual Constraints'.
Conceptual constraints are encoded as planning predicates (e.g., \ispright(cup)") that lter can-
didate waypoints sampled from keyframe distributions such that the generated sequence adheres to
these constraints. This approach enables users to communicate multiple constraints in addition to
the provided demonstration data, providing a richer set of information than trajectories alone can
encode. This enables the creation of a model that more closely approximates the “ground truth'

representation of the task.
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The learning of behavioral constraints from demonstration within the human-robot inter-
action community has predominantly focused on task ordering constraints [57, 58, 43]. However,
CC-LfD enables users to provide multiple grounded constraints that can both represent low-level
motion constraints (e.g., \keep the end-e ector parallel to the table") as well as high-level con-
cepts (e.g., \don't let the cup of water and the laptop be near each other") that are pertinent to
a successful behavior producing model. CC-LfD generates such models be enforcing constraint ad-
herence into the keyframe sampling process. It should be noted that the motion planning between
constrained keyframe waypoints relies on constrained motion planning methods. As will be shown
in upcoming chapters, the ability for users to specify sets of changing constraints over the length

of the skill introduces a challenging constrained motion planning problem.

Figure 2.2: Referring back to Figure 1.1, the CC-LfD algorithm is a novel method to encode
demonstration data akin to Policy Learning methods.

2.2 Concept Constrained Learning from Demonstration

This section outlines the rst major contribution of this dissertation: Concept Constrained
Learning from Demonstration (CC-LfD). CC-LfD is a method for learning and repairing skill poli-
cies with minimal additional demonstrations. As an extension of Keyframe LfD, CC-LfD classi es

as a policy learning method of encoding in the general LfD pipeline (see Figure 2.2). Central to this
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method's success is the hypothesis that physical trajectory demonstrations alone are a relatively
low-bandwidth signal as compared to the fusion of trajectories with abstract concepts in the form
of planning predicates [124]. By introducing a method to propagate constraints from constraint-
annotated demonstrations into the entirety of a skill's training set, the approach achieves rapid
skill repair and robust skill learning from demonstration, even if the initial training data or skill
model contains errors. Through our experiments we show that our method facilitates robust skill
learning from demonstration, providing a dramatic reduction in the training data required for skill
repair as compared to introducing additional high-quality trajectories.

The three primary contributions of this work are:

" Concept Constrained Learning from Demonstration (CC-LfD), an algorithm for few-shot

robust skill learning from demonstration

~ An application of CC-LfD to skill repair, enabling CC-LfD to make existing skills more

robust to failure with minor additional e ort.

" An experimental validation of CC-LfD for skill repair and transfer learning implemented

on a manufacturing robot.

2.2.1 Conceptual Constraints

CC-LfD employs behavioral constraints calledConceptual Constraints in the form of logical
formulae of Boolean state classiers (e.g., ortable(cup)). These constraints are generally rep-
resented as task-space (i.e. position and orientation) constraints that represent problem-specic
concepts that are important to the execution of the skill (see Figure 2.3). Their associated Boolean
classi ers are used as rejection sampling Iters to bias keyframe distributions. This chapter will

outline the training and execution phase of CC-LfD by providing a general intuition for each.
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(a) Reference Pose (b) At the Tilt Tolerance (c) Constraint Violated

Figure 2.3: Examples of an “Upright' constraint's reference pose, tilt tolerance, and violation.

2.2.2 The CC-LfD Algorithm and Model
2.2.2.1 Demonstration Trajectory Preproccessing

The rst phase of the CC-LfD algorithm is a demonstration trajectory preprocessing step. In
this step, trajectory demonstrations are collected from a user on which constraints are annotated.
These trajectories undergo an alignment step to link like segments of the trajectory. These aligned
trajectories will serve as the basis for proceeding with clustering and distribution tting steps.

Demonstration Collection and Constraint Annotation . The rst phase in any LfD

method is the collection of a training data-set that is representative of a skill a user intends the robot

world state data (s), and the set of annotated constraintsc, such that f = (t;s;c). The world state
vector consists of the robots joint con guration, end-e ector position and orientation. This state
vector can include any pertinent information about the task such as the position of other objects

in the environment relative to the end-e ector.
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Algorithm 1:  Trajectory Preprocessing
Input: Collection of recorded trajectoriesC
Output: Labeled and Aligned Trajectories L
1 L, trajectoryLength alignWithDTW(C);
2 for i in range(trajectoryLength) do
activeConstraints fg ;
for T in L do
\ activeConstraints  activeConstraints [ getConstraints(L[i]);
end
for T in L do
\ applyConstraints(L[i], activeConstraints);
9 end
10 end
/* All demonstration trajectories now have same constraint sequence. */
11 return L

o N o o b~ W

During demonstration, CC-LfD allows users to annotate a trajectory with constraint infor-
mation. Annotation means that a user communicates when a constraint should hold true in the
form of Boolean variable on the observations of a trajectoryT. These constraint variables com-
bine together to create Boolean expression (e.g., \impright(cup) AND over _spillway(cup)"). Each
variable in these expressions represents a prede ned concept and the combination of these concepts
generates multi-constraint conditions on the associated segment of the demonstrated skill. Anno-
tation can be accomplished through any interface that can enable a user to communicate when
constraints must apply to the current segment of the demonstration. Chapter 3 will describe an
Augmented Reality system that enables annotation, editing, and visualization of constraints.

CC-LfD supports two modes of constraint annotation: 1) constraint propagation and 2)
constraint toggling. Constraint propagation means that when the behavior of the demonstration
violates the constraint, the system turns that constraint to false. As an example, a constraint
“is_upright(cup)' applied at frame f, would propagate to all proceeding frames until it is found to
be violated by the demonstration atf, (whereb > a). An advantage to this approach is that the user
only is concerned with assigning constraints at the start of their application, and can demonstrate a
violation to turn them o . The disadvantage is that this requires users to successfully demonstrate

the skill without premature violation.
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Figure 2.4: The data collection phase of CC-LfD acquires
constraint annotated trajectories from human users.

Constraint toggling requires the users explicitly toggle constraints on and o, and frames will
be annotated with a constraint until a user toggles that speci ¢ constraint o. The advantage of
this approach is that users can explicitly decide when constraints apply and their application is
no longer dependent on the quality of the demonstration, but with a potentially higher cognitive
load. Regardless of the method of annotation, the result is the production of intervals on the
demonstration trajectory where Boolean expressions of conceptual constraints must be satis ed by
robot behavior.

Trajectory Alignment  : Before generating any model, it should be noted that trajectories
are not guaranteed to maintain a temporal alignment [143, 59, 36] (e.gf15 2 Tp may not represent
the same point in skill execution asf 15 2 T1). To overcome this issue, a trajectory alignment step
(Algorithm 1, line 1) that utilizes Dynamic Time Warping (DTW) [125] is used to link “equivalent'
points between trajectories. Figure 2.5 provides an example of this alignment process, showing how
the shift in each trajectory is captured by the alignment indicators. One important consideration
in the alignment approach of CC-LfD is the alignment and ordering preservation of constraint
boundaries or constraint transitions. A constraint boundary is a framef; 2 T, where the currently
applied set of constraints changes. This could mean a new constraint is added or an existing one

is removed or altered at that frame.
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Figure 2.5: An example of 2D trajectory data aligned using Dynamic Time Warping. As evident
in this gure, the step-up in each trajectory is well-aligned via this algorithm. This alignment
process is used to align demonstration trajectories in the space that CC-LfD models (e.g. task
space or con guration space).

Demonstration trajectories are aligned against a chosen reference demonstration using stan-
dard DTW [69] with a Euclidean distance cost function. An iterative alignment process where
each trajectory is rebuilt based on the warping path provided by the DTW algorithm results in
repeated points for certain trajectories that may align with multiple points in another trajectory.
This iterative process repeats the DTW alignment procedure on the extended trajectories until
those trajectories have been extended to an equivalent length (i.e. the same number of samples in
each aligned trajectory). This simpli es the clustering of data points into groups. Repeated points
can be tracked and discarded if desired.

Once the collection of trajectories are aligned, constraints are combined across trajectories as
a Boolean expression consisting of the logicadND of all constraints (both applied and propagated)
occurring at that frame index (see Algorithm 1, lines 2-10 and Figure 2.6). Thus, for a Boolean

expression of constraintshy.n occurring at frame f, of trajectory T, we apply [98]:

bon =  pn8p2f0;L:5jCj 1g
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Figure 2.6: A DTW alignment process links like por-
tions of the demonstrations, preserving and propagating
constraint annotations across all demonstrations.

2.2.2.2 Model Formation

The next step in the CC-LfD algorithm is the generation of an intial model learned over
the aligned and labeled trajectory data. This step rst requires an automated clustering step
where sequential groups of data across trajectories (linked via the DTW alignment) are used to
learn distributions. This distribution, along with metadata like assigned constraints, represents a
single keyframe. These sequential keyframes are linked together in a sequential graph structure
to create what is called aSequential Pose Distribution graph as introduced in [3]. Each keyframe
undergoes a rejection-sampling process to generate a new population of constraint-compliant points
sampled from the original learn distribution. A new distribution is tted to this population, shifting
the keyframe model towards constraint compliance. To avoid too much distributional overlap, a
keyframe culling process provides sparsity to the graph model.

Keyframe Clustering : This collection of aligned trajectories, also annotated with con-
straint transition information, is used to produce a directed graph where each vertex represents a
keyframe: a distribution over state space used to generate waypoints for skill execution (Algorithm
2, Lines 1-2), . To learn these distributions, the CC-LfD algorithm utilizes the alignment to create

clusters taken orthogonally across trajectories, grouping linked segments of data according to the
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Figure 2.7: Once aligned, demonstration data is grouped
sequentially to form Sequential Pose Distributions. A spar-
si cation step culls adjacent intermediate pose distributions
to avoid backtracking behavior, but never culls boundary or
constraint transition keyframes.

DTW alignment. This approach extends traditional clustering by accounting for annotated con-
straint expressions through the creation ofboundary keyframesconsisting of trajectory data from a
xed-size window around frames that lie on aconstraint transition boundary. As mentioned previ-

ously, constraint transitions occur when the applied Boolean constraint expressions for consecutive

frames di er.

Figure 2.8: A rejection sampling procedure (left) shifts the se-
guential pose distributions by collecting constraint valid points
according to the assigned constraints. Relearning new distribu-
tions from these points better re ects constraint compliance and
produces a more robust skill representation (right).
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Algorithm 2:  Model Formation
Input: Labeled and Aligned TrajectoriesL, Variational Distance Threshold
Output: Keyframe Graph G
kf_groups clusterObservationsintoKeyframe(L);
kfs  buildGaussianKernelDensityModels(kf groups);
for kf 2 kfs do
p generateSamplePointsFromModels(kf);
p discardConstraintViolations(p, getConstraints(kf));
kf  buildGaussianKernelDensityModel(p);
end
G  buildDirectedGraph(kfs, L);
/* Build directed graph from keyframes using ordering information in L */
9 p generateSamplePointsFromModelsG);
10 G cullAdjacentOverlappingKeyframes(G,p, );

o N o g b~ W NP

/* Remove intermediate keyframes that have a variational distance < with
a preceeding neighbor */
11 return G

It is important to note that with the creation of constraint transition keyframes, the keyframe
model is a orded the exibility to push representation towards constraint changes by utilizing only
boundary keyframes or continue to capture the stylistic aspects of the demonstration through
the inclusion of intermediate keyframes (see Figure 2.8, right, and Figure 2.13). Intermediate
keyframes are produced by clustering frames at uniform intervals between boundary keyframes.
Each intermediate keyframe inherits the constraint requirements of the most recent prior boundary
keyframe so that constraint adherence is still maintained on a keyframe-by-keyframe basis until
another boundary keyframe is reached, indicating a di erent set of constraints will apply moving
forward down the keyframe chain.

As previously mentioned, CC-LfD models each keyframe cluster as a probability distribution
over state space that is trained on the cluster's frames/observations. In the reference implemen-
tation introduced in Mueller et al. [98], the distributions are generated using Gaussian Kernel
Density Estimation [104, 122]. The chosen bandwidth parameter value [98] maintains the majority
of probability mass in close proximity to the observed frames. However, this kernel bandwidth
value serves to balance the model between tness to the cluster data and a corresponding increase

in sample variation to increase the e ciency of rejection sampling. This increases the exibility of
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the distributions but at the expense of an increased likelihood of poor skill reconstruction during

execution.

(@) Grouping of trajectory points by keyframe. (b) Keyframe clustering showing sparseness after the
Black points indicate constraint transitions, while culling process. These clusters serve as the data for
colored points indicate intermediate keyframes. learning Sequential Pose Distributions.

Figure 2.9: Left: Visualization of robot trajectory data (projected into XYZ-space) being clustered
into keyframes (varying colors show grouped data).Right: The remaining keyframe data after culling
and augmentation.

Keyframe Sparsi cation . One of the unfortunate behavioral side e ects of Sequential
Pose Distributions (i.e. distribution-based keyframes) is potential backtracking where neighboring
sampled waypoints result in backward or unintended robot behavior during skill execution. To
overcome this, the CC-LfD performs a culling step that deletes intermediate keyframes whose
distributions are too close to an immediately preceding neighbor in the keyframe graph (Fig. 2.9
and Algorithm 2, Line 11). This overlap is determined by a prior minimum threshold of variational
distance ( (ki;ki 1) > ) between the two distributions over an equally sized set of points sampled
from each. For a set ofn points sampled from Keyframei (Py, ki) and n points sampled from

Keyframei+1 (Py,, ki+1), the variational distance between keyframe distributions is [98]:

X
(kisKi+1) = jki(p)  ki+1 (P
P2Pi; [ Py
Constraint-based Relearning : Once the initial keyframe graph is built, a secondary pro-

cess serves to create better- tting keyframe distributions to the constraints that apply to them. For
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each keyframe distribution, n points are sampled from the original learned distribution (Algorithm

3, Line 4). If the sampled point p satis es the constraints assigned to the current keyframe, it is
accepted and added as training data for a new keyframe, otherwise, it is discarded (Algorithm 3,
Line 6). There are two main bene ts from this relearning process: 1) the need for high-variance
bandwidth values is reduced, and 2) the new distribution will more closely approximate the con g-
uration space manifold where the constraint expression is true, increasing the sampling e ciency

during skill execution.

Algorithm 3:  Skill Reconstruction
Input: Keyframe Graph Vertex SequenceV, Samples per keyframen
Output: Motion Plan M

1 waypoints  [];

2 forv 2V do

3 p  sampleValidPointsFromKeyframe(v,n);

4 p  discardConstraintViolations(p,getConstraints(v).);

5 if p==; then return ERROR;

6 waypoints.add(maxLikelihoodPointFromSet(p,v));

7 end

8 M createMotionPlan(waypoints);

9 return M

2.2.2.3 Skill Reconstruction

To reproduce a skill, waypoints from the ordered sequence of keyframes are sampled. Motion
planning between these waypoints results in a trajectory for execution. The resulting keyframe
model is a learned approximation of a skill, and thus a path through the keyframe graph produces
a rough sequential distributional representation that the robot traverses to execute this skill cor-
rectly. Once a sequence has been obtained, sampled waypoints from each keyframe are obtained by
sampling from each of these distributions (see Figure 2.10), speci cally samples that also adhere
to the constraints assigned to each keyframe.

One of the motivations for using sequential pose distributions as a keyframe representation is
that an environment may not exactly match the training environment. The execution environment

could be one with di erent obstacles, or di erent target locations. Thus sampled waypoints might



26

Figure 2.10: A nal rejection sampling step produces a se-
quence of constraint valid waypoints through which to mo-
tion plan. Without such constraint compliance, a solution

trajectory is apt to fail (lower trajectory).

be invalid (e.g., in collision with an obstacle), be infeasible to use in a motion plan (e.g., no
valid solution), or violate the required set of constraints for the keyframe [98]. To overcome this
limitation, CC-LfD performs a rejection process of points sampled from the keyframe's distribution,

discarding those that violate one of the aforementioned validity criteria (constraints, collision,

targeting, etc,.). The valid point with the highest likelihood (relative to its sampled distribution)

is retained as a waypoint for the nal motion plan (Algorithm 3, Lines 3-6)

If a situation arises where all of the sampled states from aintermediate keyframe are rejected,
this keyframe is ignored and the next keyframe in sequence becomes the subsequent keyframe.
This provides execution exibility but may potentially sacrice motion cues encoded by these
intermediate keyframes. This approach burdens the motion planner (as it must now plan across a
greater distance) while providing more freedom to the nal motion plan (still honoring the imposed
constraints). An important caveat is that boundary keyframes are treated as essential to the skill,
and thus if no valid point can be sampled from such keyframes, the skill cannot be executed as
the model cannot honor these important constraint transition regions during plan generation. As

will be discussed in upcoming chapters, the honoring of constraints throughout the entirety of
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the motion plan requires the usage of constrained motion planning methods as standard motion

planning algorithms do not necessarily adhere to constraints.
2.2.3 Evaluation

2231 Robot Platform

We evaluate CC-LfD using the Rethink Robotics Sawyer robot (see Figure 2.11. Sawyer is
a 7-degree-of-freedom robotic arm, with a working envelope of 1260 millimeters and a maximum
payload of 4 kilograms. Our CC-LfD reference implementation, including both skill learning and
robot control software, is implemented as a node within Robot Operating System [111] utilizing

the Movelt! motion planning framework [33]. 2

Figure 2.11: A user demonstrating a skill on a ReThink Robotics Sawyer collaborative robot.

2 CC-LfD reference implementation is available at: https://github.com/cairo-robotics/.
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2.2.3.2 Skill Repair from Poor Initial Demonstrations

We demonstrate the utility of CC-LfD through an evaluation involving skill repair, a do-
main in which the goal is to make a brittle or ine ective skill model more e ective and robust to
varying environmental conditions. Poor demonstrations may contain useful information to help
dictate the skill or they might purposefully provide negative signals i.e. what not to do [53]. Thus
there is motivation to show that CC-LfD capably operates over poorly demonstrated skills. This
evaluation tests the ability of a learning method to absorb positive aspects of sub-optimal or noisy
demonstrations while rejecting aspects harmful to the model, requiring a minimum of additional
information.

To demonstrate skill repair with CC-LfD, we utilize two tasks common across skill learning
from demonstration literature: a compound pouring task and a precision placement task. The
rst task involves picking up a cup, moving it over a target region (another cup), and pouring
its contents into the target vessel without spilling along the way. This task was chosen due to
the complexity of having a constraint that must only be enforced for part of the trajectory (e.g.,
keep the cup upright) and is violated in other parts. The second task involves picking up a cup,
maneuvering around an obstacle not modeled by the motion planner, and resting the cup atop the
obstacle. This task was chosen because of its ability to illustrate adherence to motion constraints
for part of the task, requiring certain keyframes to obey spatial rules captured by demonstrations
without the bene t of analytical models to assist (e.g., the motion planner's collision avoidance).
Both tasks are evaluated for success according to their objective behavior which is de ned by the
intent of the task (e.g. pouring contents of the cup into the target, placing the cup in a resting
place) and the expected constraints on the task itself (e.g. cup must remain upright, the cup must
not collide with a hidden obstacle).

For each task, three low-quality demonstrations are provided as a baseline of poor per-
formance to which additional demonstrations must be added (these demonstrations may not be

excluded from model training) to repair the learned skill model. Generally, a low-quality demon-
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stration is one that explicitly violates the chosen constraints for a given task. As an example, in
the cup pouring task, a poor demonstration might tip the cup too far before it is over a target,
prematurely spilling contents. Other low-quality demonstrations may add harmful variance in the
keyframes of a learned skill that is likely to degrade execution quality in nawe LFD solutions. We

test two approaches to skill repair:

CC-LfD : Train a CC-LfD model with a single constraint-annotated demonstration and

the initial low-quality demonstration dataset.

Nawve LfD : Train a skill model with the addition of successful high-quality demonstrations

to the initial low-quality dataset, but with constraints omitted.

In other words, we add high-quality training data to each skill's initial low-quality training
set, build a new skill model, and test the model by evaluating its skill executions for success. In
the CC-LfD condition, we add a single trajectory annotated with Boolean constraint expressions
during demonstration by the human, while in nasve LfD condition we add a number of high-quality

demonstration trajectories without constraint information.

224 Implemented Conceptual Constraints

The evaluation system employs two conceptual constraints to showcase the e ectiveness of
CC-LfD: an object being "upright' and a minimum end-e ector height. The upright constraint (see
Figure 2.3) dictates that an object must be upright according to a prede ned upright orientation,
reference axis, and a threshold angle of deviation that is object-speci c. The upright orientation
uses a quaternion representation of the end-e ector of Sawyer. In other words, we use a specic
grasping orientation to represent the “uprightness' of the cup rather than the orientation of the
cup itself. The environment reference axis de nes the axis against which rotation deviations are
measured. This axis is generally the z-axis relative to the frame of reference of Sawyer. Axis-
angle rotations around the reference axis have no bearing on the “uprightness' of the object. The

threshold angle is the limit within which an object is upright compared with its current angle of
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Task Evaluation Criteria

Type # Poor Demos

Baseline 3 Poor Quality Demonstrations
7 Repairs Baseline + 7 High Quality Demonstrations
14 Repairs Baseline + 14 High Quality Demonstrations
21 Repairs Baseline + 21 High Quality Demonstrations
28 Repairs Baseline + 28 High Quality Demonstrations

Constrained Baseline + 1 Constraint Annotated Demonstration

Table 2.1: Evaluation criteria used for both the pouring task and placement task.

deviation. In the pouring task and placement task, the upright constraint is used to ensure that

the cup is not tilted past its upright threshold angle (see Figure 2.3, right-most).

2.3 Results

As the robot can only manipulate its 7-DoF arm, an “upright' constraint applied to a keyframe
forces con gurations to be sampled where the object is upright within the robot's grasp, while a
“minimum height' concept forces con gurations to be sampled where the end e ector pose is a
minimum height above the table underneath it. The CC-LfD framework supports any type of

concept that can be encoded as a Boolean classi er over state space.

2.3.1 Evaluation Tasks

The CC-LfD algorithm was evaluated using two tasks: 1) A cup pouring task, and 2) A pick
and place task. In the cup pouring task, the robot must lift the cup o the table, carry the cup
above a certain height until it is over top of a target, then lower and pour its contents into the
target without spilling along the way. The task is considered a failure if at any point the robot
violates these conditions (see Figure 2.12a a). In the placement task, the robot must lift the cup
o the table and place the cup on top of a sideways crate (Fig. 2.12b b). Success for this task
requires the robot to place the object on top of the crate without collisions or spills, carrying the
cup above a safe height over the crate until it is over top of the placement zone. If at any point

before placement, a disqualifying event occurs, the entire task is considered a failure.
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(a) Pouring Task (b) Placement Task
Figure 2.12: The two evaluation tasks used for the CC-LfD algorithm. a): The Pouring Task required

users to carry a cup full of marbles to a target and pour the marbles without spilling. b): The Placement
Task required users to move a cup and place it on top of a shelf.

2.3.2 Evaluation Criteria

For each task, we evaluate the success or failure of the robot's performance based on the
criteria presented in Table 2.1. We present results from six experimental conditions investigating
di erent levels of skill repair, each consisting of ten trials per task with skill models trained using
varying amounts of low-quality (LQ) and high-quality (HQ) demonstration trajectories. An LQ
demonstration fails to successfully meet the given task evaluation criteria. An HQ demonstration
properly executes the task according to the given task evaluation criteria. A constraint-annotated

trajectory is one that is performed correctly while also being annotated with concept constraints.

2.3.3 Results and Discussion

Skill Repair: Our results (see Tables 2.2 and 2.3) show that a single constrained demon-
stration is enough to repair the poorly trained baseline skill for both tasks, with su cient variation
across executions to guarantee that this is not an artifact of model over tting. The low-quality base-

line demonstrations result in incorrect skill performance nearly always, while a single constrained
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Pouring Results

Type # Poor Demos # Repairs  Success %
Baseline 3 0 0
7 Repairs 3 7 40
14 Repairs 3 14 60
21 Repairs 3 21 70
28 Repairs 3 28 60
Constrained 3 1 100

Table 2.2: Pouring Task Evaluation Results. Percentage of successful task executions
out of 10 attempts. A single constrained demonstration is adequate to repair the skill
given the baseline of three poor-quality demonstrations.

repairing demonstration results in nearly perfect skill performance, maintaining the (allowable)
feature variances provided by the baseline training trajectories. The single failure during the con-
strained condition for the placement task occurred due to a minor obstacle collision that, while not
a ecting the nal placement, violated the collision avoidance success criteria.

Importantly, we observe that while the introduction of additional high-quality demonstrations
shows a trend of improvement over the baseline, it does not quickly converge to a high level of
success. For both tasks, even twenty-eight unconstrained HQ repairing demonstrations are not
enough to overcome the problems the model inherits from the initial LQ training data. In all cases,
states are sampled from distributions that contain the LQ trajectories, but by using CC-LfD the
harmful aspects of these demonstrations are successfully discarded while the potentially informative
signal is maintained.

Applications to Transfer Learning: The keyframe constraint optimization performed
by CC-LfD can also be used to e ectively generalize skills across contexts where interpretations
of constraints di er. As an empirical proof-of-concept, CC-LfD is able to generalize the pouring
task to a new cup requiring a grasp that is orthogonal to the grasp encountered during training
(and thus, requiring a very di erent trajectory through con guration space). The application of
the upright constraint to the new cup universally results in skill failure, as at least one of the

boundary keyframe distributions is unable to produce any viable samples that conform to the
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Placement Results

Type

# Poor Demos

# Repairs  Success %

Baseline

7 Repairs
14 Repairs
21 Repairs
28 Repairs
Constrained

3

3
3
3
3
3

0 10

7 50

14 40

21 70

28 70
1 90

Table 2.3: Placement Task Evaluation Results. Percentage of successful task execu-
tions out of 10 attempts. A single constrained demonstration is adequate to repair the
skill given the baseline of three poor quality demonstrations.

required constraints.

By introducing a single demonstration performed under the new conditions, CC-LfD is able to

learn a model that can perform the skill correctly, despite the fact that the rest of its training data

was performed such that it never exhibited the correct upright behavior. This example suggests

skill transfer as a promising application of future work extending CC-LfD, as will be shown in the

upcoming chapters.

2.3.4 Contributions:

Given the above results and discussion, the novel contributions of the CC-LfD algorithm are

as follows:

" CC-LfD enables few-shot skill learning by utilizing constraint information speci c to a skill

that results in a better keyframe model representation of the desired skill to be learned by

the robot system.

~ One-shot repair by introducing constraint information from annotated trajectories into ex-

isting unannotated training data to overcome potentially poor demonstrations that equate

to a poor-performing model.

" A preliminary result showing how CC-LfD facilitates skill augmentation by updating con-

straint parameters to produce a new constrained skill model.



34

2.4 Maintaining Constraint-Compliance Introduces New Challenges

While the CC-LfD algorithm presents a number of bene ts in terms of user interaction with
an LfD system and the robustness increases of the model itself, it introduces two challenges that

warrant further investigation.

(1) Challenge I: During demonstration, constraint annotation is di cult for novice demon-
strators, and there is no obvious insight into whether or not the system learned the skill

appropriately nor an easy way to update a learned skill without demonstration.

(2) Challenge Il: It is desirable to push model representation towards a constraint transition
keyframe-only representation, but this introduces the need for appropriate constrained

motion planning to guarantee constraint compliance during execution.

2.4.1 Challenge I: Interface Design and Model Insight

CC-LfD provides a mechanism to integrate constraints according to the user's discretion,
and it builds a keyframe model shaped by those constraints and corresponding trajectory data.
However, there are some limitations introduced by the CC-LfD related to interface design and
model insight, as outlined below.

Interface Design: Constraint annotation is challenging to perform during demonstration
with existing interfaces. With kinesthetic demonstration, a user often has to use both hands in
order to successfully guide a robot through a motion. This makes constraint annotation challenging
to perform as the most common interfaces utilize triggers either on the robot arm itself or through
a toggling interface on a tablet, to indicate when constraints apply. This naturally limits the
number of accessible constraints available to the user during the demonstration itself, and when
demonstrating kinesthetically, the user often has to pause. Narration through a natural language
interface is one possible alternative approach, although it still makes it di cult to annotate multiple

constraints concurrently during the demonstration.
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Model Awareness: Another limitation with the standard CC-LfD algorithm, is that there
is no obvious indication as to how successful the robot agent will be at executing the skill. The only
insight into the model that the user has is previewing the generated motion plan either in simulation
or on the actual robot platform. In isolation, this preview might not provide enough information
for the user to validate whether or not the skill was learned as intended. A simulated environment
might not be physically situated in the space the demonstrations occurred. The actual execution
of the skill puts the cart before the horse in that a poorly learned skill results in a potentially
dangerous behavior preview. Relatedly, a user might want to verify whether or not the constraints
they annotated are appropriate for the model or are in the location they desire.

Augmented Reality for CC-LfD: Chapter 3 outlines a holistic augmented reality ap-
proach to overcoming these limitations. It will describe how keyframe previews of a learned skill
combined with visualizations of assigned constraints enable users to demonstrate without the need
for real-time annotation. This allows for the post-hoc shaping of learned skills through constraint
editing. In a similar vein, this same augmented reality system can be used to visualize robot con-
gurations in lieu of kinesthetic demonstration. By utilizing an instrumented tong to provide pose
targets for a real-time feasible pose-optimization, a user is free to focus on the task at hand. To
assist in the demonstration of constraints, this pose optimization mechanism can also optimize for

task-space constraints.

2.4.2 Challenge II: Keyframe Sparsity and Constraint-Compliant Motion Plans

The second major challenge relates to shifting model representation towards constraint com-
pliance (i.e. a boundary keyframe dominant representation) and less on a highly granular keyframe
model (i.e. reliance on intermediate keyframes). The more and more intermediate keyframes are
culled, the model representation shifts towards a representation anchored by the constraint tran-
sition keyframes. The benet of this sparser representation is that it provides a means to push
execution toward automated motion planning. However, this requires that the planning between

one constraint transition keyframe to the next constraint transition keyframe requires constraint
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compliance. This introduces the need for constrained motion planning methods in order to guar-

antee constraint-compliant robot execution of learned skills.

Figure 2.13: CC-LfD relies on intermediate keyframes to produce a constraint-
compliant trajectory (blue). This limits the potential for alternative constraint-
compliant trajectories that diverge away from intermediate trajectory distributions
(red), but requires the use of constrained motion planning algorithms.

Keyframe Sparsity The CC-LfD algorithm produces a sequence of constraint-compliant
waypoints but relies on traditional sampling-based motion planning algorithms to move from point
to point. Such algorithms do not necessarily produce constraint-compliant motion plans. Given that
the initial implementation and evaluation of the CC-LfD algorithm utilized permissive tolerances
for the concept constraints used in each evaluation task, ensuring that each intermediate trajectory
was compliant with the given segments assigned constraints proved feasible. However, should the
model need to accommodate changes in the environment that occlude intermediate keyframes or
the user simply want to push execution onto algorithmic motion planning, there is a need for
constrained motion planning.

One of the essential procedures in the CC-LfD algorithm is the keyframe culling process.
Intermediate keyframes are removed from the graph so that during sampling for skill execution,
adjacent waypoints do not result in undesirable behavior like backtracking. Depending on the CC-

LfD parameters from grouping data and generating keyframes, this process generally produces a

large number of intermediate keyframes relative to the number of boundary keyframes. Since these
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intermediate keyframes must adhere to the constraints assigned to a prior boundary keyframe,
they ultimately produce a sequence of constraint-compliant waypoints that are granular enough
such that traditional motion planners are able to adhere to the set of constraints. This is possible
as the divergence from one point to another is minimal, generally enabling the behavior resulting
from executing skill trajectory to adhere to constraints throughout the motion of the robot agent.
However, this is not strictly guaranteed as the motion from one keyframe to another still relies on
motion planning algorithms that are unaware of constraints.

One benet of automated motion planning is that it drives behavior execution away from
reliance on explicit programming or, in the case of CC-LfD, away from relying on intermediate
keyframe waypoints. Such intermediate keyframes act as a form of model over- tting and might
only represent a single instance of a skill as demonstrated by the user. In certain cases, the most
pertinent keyframes of the skill might be the constraint transition keyframes. These keyframes
encode important change-point locations about the behavior of the robot. A keyframe model
that uses only constraint transition keyframes results in a representation that depends more on
constraints and their change locations and far less on the speci c instance of the demonstration
trajectories. As will be shown in Chapter 4, this representation de nes a challenging constrained
motion planning problem in which constraints change throughout the required plan. Knowing
when and where these changes occur is an ill-formed problem that the CC-LfD sparse keyframe

representation provides the means to solve.



Chapter 3

Augmented Reality Interfaces for Learning from Demonstration

This chapter describes two interactive systems for robot Learning from Demonstration that
utilize augmented reality (AR) as a means to facilitate novel modes of demonstration, to view
learned robot behavior, and to update a learned model's assigned constraints. The rst is called
Augmented Relation for Constrained Learning from Demonstration, (ARC-LfD) ! . The second sys-
tem is called Augmented Reality-based Pose Optimization for Constrained Learning from Demon-

stration (ARPOC-LfD) .

Figure 3.1: Augmented Reality combined with constrained Learning from Demonstration creates
novel interfaces that enable the teaching, veri cation, editing, and updating of robot skills using in-situ

visualizations and interaction. The above picture shows a user kinesthetically demonstrating (left) and
editing skills afterward (right).

! Note that the information presented in this chapter draws upon, paraphrases, and uses text verbatim from
Luebbers et al. [90]
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The motivation driving the development of these two systems is as such:

(1) Most LfD systems provide little insight into the quality and capability of the learned skill,

including the previously discussed CC-LfD model (see Chapter 2).

(2) Traditional modes of demonstration (kinesthetic and teleoperation) have specic short-
comings that make one preferable over the other, and these modes do not readily support

constraint communication in their standard form.

(3) These systems enable user-driven skill correction and enable constraint-compliance assis-

tance during demonstration.

Figure 3.2: Referring to Figure 3.2, ARC-LFD and ARPOC-LfD support kinesthetic and
teleoperation-based modes of demonstration while providing visualizations of constraints and the
resulting learned model.
These two systems contribute predominantly to the demonstration phase of the LfD pipeline
(see Figure 3.2). However, ARC-LfD does directly interact with the CC-LfD model, thereby pro-
viding a direct association with the encoding portion of the pipeline. ARC-LfD provides in situ
visualizations representing constraints, end-e ector holographics, and feedback regarding skill ca-

pability. This includes visualizations of end-e ector holograms that represent candidate samples

from the model's keyframes. Additionally, on each keyframe, there are visual indicators specic
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to each assigned constraint that indicate if the model is capable of adhering to the constraints as
well as a means to update constraint parameters. This results in an ability to adapt skills post-hoc
without repeating the entire learning process.

ARPOC-LfD is a teleoperation system that employs real-time feasible pose generation for
teleoperation with the added ability to assist in constraint compliance during demonstration. The
system supports the use of an instrumented tong that provides an easy mechanism for users to sup-
ply pose-targets during demonstration. Similarly to ARC-LfD, the system utilizes AR to provide a
virtual holographic manipulator arm to provide in-situ concurrent visualizations of the online pose
optimization output to facilitate better situational awareness of robot capability during demonstra-

tion.

3.1 Preliminaries

A useful framing for the utility of these two AR systems lies in what is called the Human-
Action Cycle. Adapted for the human-robot interaction setting in [138], this cycle describes impor-
tant components from the user perspective when it comes to human-robot interaction. Figure 3.3
provides a new variant of the cycle using a Learning from Demonstration perspective (gray box)
and discusses how ARC-LfD and ARPOC-LfD integrate into this cycle (blue and pink boxes). In
this adapted cycle, a human user is responsible for three major components in their interaction
with a robot learning system. A user must rst consider the goals of the LfD interaction, perhaps
wishing for the system to learn the stylistic nature of the demonstration data, or they might be
more concerned with adherence to task constraints. The next consideration is the actual process of
demonstration during which they must ideally provide adequate quality demonstrations. Finally, a
user must evaluate whether or not the robot system has correctly learned the skill as communicated
through demonstration. As mentioned in [138], each of these components of the cycle could result
in a breakdown in successful human-robot interaction. In the case of Learning from Demonstration,
such breakdowns could result in poorly performing learned models, unsafe robot execution, and

less trust in the system.
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Figure 3.3: The Human-Action Cycle adapted for LfD from Szar et al. [138], with contributions

of ARC-LfD in blue and ARPOC-LfD in light red. ARC-LfD provides the means to capture user
goals through constraint editing and application, enables users to evaluate learned models, and
enables post-hoc application of constraints onto keyframes. ARPOC-LfD provides users real-time
feedback during demonstration and boosts the quality of demonstrations in constrained settings
through the aid of online-pose constrained pose optimization.

3.1.1 Utility of Augmented Reality for Learning from Demonstration

The above characterization extending [138] adds to the growing body of literature that bears
out the utility of AR interfaces for robotics [52, 138, 14], enabling new methods of enhancing robotic
control [154, 151, 148, 24], collaboration in human-robot teaming [121], allowing safe movement in
shared spaces [147, 121], and communication of robot knowledge [79, 81, 42]. Augmented Reality
also provides benets as an interface mechanism for a variety of Learning from Demonstration
methods as evidenced through a growing body of research [132, 47, 46, 112].

When using LfD methods for robot instruction, safe and successful deployment necessitates
that a learned skill meets the requirements of the human teacher (i.egoalsin the Human-Action

Cycle). This deployment also necessitates the system has learned a proper model of the skill after
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the demonstration (i.e. evaluation in the Human-Action Cycle). While veri cation can be done in
simulation, this requires a high- delity model of the environment in order for the visualization of
the learned skill to be shown in the proper context (and obtaining such a model may be a technical
endeavor) [150]. However, small changes in the robot's environment or the desired skill may require
an entirely new set of demonstrations to x it. This requirement for rigidity of environment and
task can make long-term deployment and maintenance of the skill di cult in practice.

One approach to handling this rigidity is the creation of end-to-end policy learning systems
that aim to model skills more generally [120, 10]. However, such systems may demand a prohibitive
number of demonstrations or require unavailable simulation environments to capture user intent,
and aren't designed to accommodate user selection of task constraints. The CC-LfD algorithm
presented in Chapter 2 shows that without constraints, the naive Keyframe LfD model requires
numerous demonstrations to reshape a skill. As such, ARC-LfD's central focus is on the application,
editing, and integration of constraints in order to reduce the dependency on demonstration (i.e.
the demonstration component of the Human-Action Cycle).

ARC-LfD safely demonstrates to users what skill has been learned and how executing that
skill will cause the robot to move through the environment through in-situ holographic visualiza-
tions. The AR interface also facilitates the visualization and editing of constraints, enabling users
to see how these constraints interact with objects or points of interest in the environment. Further-
more, constraint editing through AR allows the entire training process to take place in situ without
requiring context-switching between the real environment and a 2D display [61].

The ARC-LfD systems enable users to examine a sample trajectory from a learned skill
visualized in AR through an overlay in the workspace environment. Such skill visualization is
intended to improve safety as the operator can \preview" robot behavior without the need for
actual skill execution [82]. Prior work has established this potential through user studies: Walker
et al. [147] conducted a user study that found that showing ying robot paths in AR made users
more e cient and comfortable when sharing an environment with these robots. Similarly, Rosen

et al. [121] found that AR visualization of possible robotic arm trajectories improved participants'
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