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Abstract— Developments in human-robot teaming have given
rise to significant interest in training methods that enable
collaborative agents to safely and successfully execute tasks
alongside human teammates. While effective, many existing
methods are brittle to changes in the environment and do
not account for the preferences of human collaborators. This
ineffectiveness is typically due to the complexity of deployment
environments and the unique personal preferences of human
teammates. These complications lead to behavior that can cause
task failure or user discomfort. In this work, we introduce Plan
Augmentation and Repair through SEmantic Constraints (PAR-
SEC): a novel algorithm that utilizes a semantic hierarchy to
enable novice users to quickly and effectively select constraints
using natural language that correct faulty behavior or adapt
skills to their preferences. We show through a case study that
our algorithm efficiently finds corrective constraints that match
the user’s intent, providing a path for novice users to exploit
the advantages of constrained motion planning combined with
human-in-the-loop skill training.

I. INTRODUCTION

The increased availability and prevalence of collaborative
robotics has led to growth in our expectations for human-
robot teaming and accordingly to the roles and responsibili-
ties assigned to autonomous systems. Robots that collaborate
or work in close proximity with humans have safety-critical
requirements imposed on their autonomy, conditioned on
task-specific and collaborator-specific parameters. As these
deployments become increasingly widespread, their com-
plexity and impact of failure will grow in kind. Consequently,
a desirable and pertinent trait for such collaborative agents
is the ability to accommodate human users’ preferences
[12] and requirements [22]. For example, an assistive robot
designed to work in elder care environments should take into
consideration the different comfort levels of individuals with
whom the robot works (e.g. a desired minimum distance).
Without such considerations, the robot might potentially
cause physical or emotional harm should it behave in a
manner that violates expectations [6].

Furthermore, it is highly unlikely that these types of
interactions will only occur in the exact environments in
which such robots were trained, increasing the likelihood
of unexpected or dangerous behavior. This generalization is
a central tenet of intelligent automation: being able to utilize
a model trained in one environment within a different one
[24]. The cost functions being used by these systems to plan
or otherwise compute their behavior may not account for
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Fig. 1: User interacting with a Sawyer robot. Three tasks are
shown (top to bottom, left to right): 1) A cleaning task where
Sawyer attempts to move the cup from one side of the table
to the other in front of the user; 2) A pouring task where
Sawyer attempts to pour the contents of the cup into another
container; 3) A handover task where Sawyer attempts to hand
the cup to the user without spilling the contents.

crucial factors such as novel environmental artifacts and user
requirements or preferences. In this work, we introduce an
interactive algorithm to help those who use these systems to
add constraints into a robot’s planner to create safer, more
robust skills that better accommodate user specifications.

It is clear that robots must be able to adapt their behaviors
to changes in their environment, as well as to the personal
preferences of humans they encounter, to be successful
without also levying a burden on those around them. Thus
despite the many challenges it poses, in-situ learning will be
essential as even modern robots require experts to reprogram
them or guide them in the retraining of a skill [22]. Even
with state-of-the-art learning from demonstration techniques,
retraining skills to achieve reliable performance and pre-
dictable behavior takes considerable time and effort [2] or
expertise [18]. In order for robots to be able to adapt their
skills to novel environments and shifting user preferences, we
posit that new techniques enabling non-experts to leverage



the power of constrained motion planning are required.
In response to this technical challenge, we present Plan

Augmentation and Repair through SEmantic Constraints
(PARSEC): a novel algorithm that utilizes a semantic hierar-
chy to enable novice users to use natural language to quickly
select and parameterize constraints that can be applied within
a constrained motion planner to correct faulty behavior
or adapt skills to accommodate preferences. Core to this
methodology is the intuition that novice users must be able
to interact in a natural way with the robot and that constraint
discovery is greatly accelerated by organizing constraints as
leaves in a semantic tree of parameterizations. Our method
uses plain language explanations given by a user to bootstrap
a brief iterative query process that leads to the specification
of an allowable constraint set that matches their intent. The
intuitiveness of this process enables skill correction by those
without robotics or motion planning experience, making it
suitable for a wide audience. The two primary contributions
of our work are:
� PARSEC, a human-in-the-loop algorithm that facilitates

constraint annotation for motion planning problems via
a novel hierarchical semantic process

� An experimental validation and evaluation of PARSEC,
assessing its performance in three different robotic case
studies using human feedback and demonstrating a sta-
tistically significant time reduction for skill correction
compared to baseline.

II. BACKGROUND AND RELATED WORK

Learning from Human-in-the-loop. Much work has been
done analyzing the ability of human feedback to improve
robot skill performance. St. Clair and Matarić showed the
effectiveness of robot verbal feedback in human-robot task
collaborations [21]. Additionally, Sadigh et al. presented
an approach for robot production of social communication
during human-robot task collaboration to improve in situ
decision-making and team performance [19] and Meriçli et
al. contributed a method which utilizes corrective human
demonstration as a complement to an existing hand-coded
algorithm for improving task performance [16].

Similar works look into cognitive inspired architectures
that help infer task constraints from natural language and
demonstrate through user studies that natural language is the
preferred instructions method for modifying robot skills [20],
[27]. Our proposed method infers the most likely correction
of the problem, and then initiates communication with the
user to resolve the ambiguity before the skill is augmented.

Learning from Demonstration. Researchers have also
worked on learning from failed demonstrations. In a paper
by Grollman et al., humans are assumed to be sub-optimal
and incapable of performing a task correctly. Their failed
demonstrations are then used as negative constraints on the
robot’s exploration [10]. The same group of researchers in
other work speculated that in higher dimensions, additional
information from the user will most likely be necessary to
enable efficient failure-based learning [11]. Our proposed
system applies this type of information from the user to

improve interaction efficiency during failure correction.
Other researchers have focused on learning robot objective

functions from human guidance through physical corrections
provided by the person while the robot is acting [2]. A
key limitation of this technique is that it requires users
with a technical background to perform the skill correction
which keeps novice users from being able to benefit from
it [28]. Instead of physical demonstrations, humans typi-
cally use speech to provide high-level goals or teleoperation
commands for autonomy [9]. Kramer et al. [14] compared
four natural language understanding models, evaluating their
performance to understand domestic service robot commands
by recognizing the actions and any complementary informa-
tion in them. These models learn possible correspondences
between parsed instructions and candidate groundings that
include objects, regions and motion constraints. In the realm
of learning from demonstration (LfD) there has been much
focus on repairing faulty skills or even training new skills
with only a single demonstration and then providing fine
tuned skill adjustment through a user interface [15], [18].

Learning through user preference and querying. Re-
searchers have also worked on learning user preferences
over trajectories taken by robotic manipulators. Abdo et al.
used a collaborative filtering model to learn user preferences
about how best to organize objects in their environment
[1]. However, Bobu et al. showed how assuming that a
human’s desired objective lies within the robot’s hypothesis
space can lead to irrelevant task corrections [5]. These
works demonstrate the importance of having a feedback loop
between the user and the robot so that correction can occur
without confusion.

Querying users for improving performance and learning
has been an active field of research as well [26]. Cakmak et
al. categorized types of queries users preferred based on the
informativeness and ease of answering [7]. Another approach
has been for enabling a robot to recover from failures
by generating targeted assistance requests [23]. Similarly,
Biyik et al. showed another approach of learning through
queries focused on generating easy questions through greedy
maximization of information gain [4]. In Volosyak et al.,
the system actively queries the human for task goals or
execution assistance, and through speech the user provides a
high-level (e.g. “pour a drink”) and low level (e.g. “gripper
up”) instruction [25]. To the best of our knowledge, we
believe this is the first work that combines learning from
human feedback, constrained motion planning, and in-situ
iterative querying of a human user (using natural language)
to augment and repair robot skills.

III. METHODS

In this section, we introduce PARSEC (Plan Augmenta-
tion and Repair through SEmantic Constraints), an interactive
method whereby a robot iteratively queries a human collab-
orator to determine how to apply constraints to its motion
planner for improving its skill performance or robustness.
Our approach enables non-expert users to correct faulty
robot skills through natural language feedback, which our




