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ABSTRACT
As the world’s population is aging and there are growing shortages
of caregivers, research into assistive robots is increasingly impor-
tant. Due to differing needs and preferences, which may change
over time, end-users will need to be able to communicate their
preferences to a robot. Learning from Demonstration (LfD) is one
method that enables non-expert users to program robots. While
a powerful tool, prior research in LfD has made assumptions that
break down in real-world scenarios. In this work, we investigate
how to learn from suboptimal and heterogeneous demonstrators,
how users react to failure with LfD, and the feasibility of LfD with
a target population of older adults.

CCS CONCEPTS
•Human-centered computing→User studies; Empirical stud-
ies in HCI; Accessibility design and evaluation methods.
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1 INTRODUCTION
Burnout among caregivers for older adults is a critical problem due
to an aging population and shortages of nurses, caregivers, and
space at facilities [18, 29]. One solution to enable older adults to age
in place is to develop assistive in-home care robots. These robots
will need to be adaptable because everyone’s home environments,
preferences, and needs are different and change over time. People
will need to be able to communicate their preferences to robots in
a way that does not require them to be expert programmers.

Learning from Demonstration (LfD) is one method for enabling
non-expert users to teach robots new skills [2]. LfD is a paradigm
where the human provides a demonstration of a task and the robot
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learns from the demonstration. While LfD has the promise of en-
abling non-expert users to program robots, LfD algorithms often
assume that the demonstrator is an expert and will provide perfect
demonstrations [21]. However, in the real world, demonstrators
may provide suboptimal demonstrations (i.e., inefficient, noisy, or
incorrect demonstrations [9]) due to inexperience, fatigue, or lack
of understanding [1, 17, 28]. For example, older adults may have
less experience with robots or a physical or cognitive limitation
that makes demonstrating a task more difficult.

In addition to potentially providing suboptimal demonstrations,
people are heterogeneous; they have differing preferences, knowl-
edge, and teaching styles [23]. Prior work has investigated how to
learn from suboptimal human demonstrators using active learning
[10] and inverse reinforcement learning [6–8], but does not account
for heterogeneity or intentional multi-modality from demonstra-
tors. This led us to our first research question: How can robots
learn from suboptimal and heterogeneous demonstrators?
Furthermore, if a robot understands how a demonstrator is subop-
timal, can the robot teach people how to be better demonstrators?
Prior work has shown that human demonstrators benefit from this
type of feedback or transparency from the learning system [1, 30].

Even if a demonstrator can provide perfect demonstrations, the
robot may still make mistakes and fail during the learning process
due to noisy or changing environments. Additionally, robots may
fail due to differences in a user’s understanding of the system’s
functionality and limits [20]. Many prior works have shown that ro-
bot failure decreases trust in the robot [11, 12, 19, 22]. However, we
need to understand how people react to failure when they are part
of the teaching process and may be partially responsible for the fail-
ure. In our second research question, we seek to understand: How
does robot failure during LfD impact people’s perceptions of
the robot and themselves?

After examining LfD in imperfect scenarios that will occur in
the real world (i.e., robot failure and human suboptimality), we aim
to investigate current LfD algorithms with a target population of
end-users and determine any necessary improvements to ensure
LfD is feasible with real end-users. While LfD has the potential
of helping older adults personalize and teach care robots, limited
prior work has investigated LfD with an older adult population.
Our third research question is: How does a target population of
older adults respond to teaching a robot with LfD? Saunders et
al. created an interface that included an option for users to provide
demonstrations via passive observation [24]. They evaluated their
interface in an exploratory study with three older adult participants.
We intend to conduct a larger study with a population of older
adults with mild cognitive impairment (MCI) and their caregivers.
Additionally, we plan to investigate more aspects of LfD, including
teaching method and impact of failure.
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2 RESEARCH APPROACH
Learning from Suboptimal and Heterogeneous Demonstrators. In

prior work, we developed a novel framework calledMutual Informa-
tion-Driven Meta-Learning from Demonstration (MIND MELD)
[26]. MIND MELD learns to map a person’s suboptimal demon-
strations to improved demonstrations by learning a personalized
embedding that encapsulates an individual’s suboptimal teaching
style. We evaluated our framework with a human-subjects experi-
ment (n=42) and found that MIND MELD was better, than baseline
LfD algorithms, in terms of objective robot performance metrics
and human subjective metrics, such as likeability [3], perceived
intelligence [3], workload [13], and trust [16]. Our novel algorithm
was the first to effectively learn from suboptimal and heterogeneous
demonstrators.

Since MIND MELD learns a personalized embedding that de-
scribes how a person is suboptimal, the robot can communicate to
a person how they are suboptimal. In prior work, we developed
Reciprocal MIND MELD, a framework where the robot provides
feedback to the human demonstrator [25]. Reciprocal MIND MELD
converts the personalized embedding fromMINDMELD into action-
able, verbal robotic feedback on how a person’s demonstration was
suboptimal and communicates this feedback to the demonstrator.

We conducted a series of three human-subjects experiments
(n=126) to evaluate Reciprocal MIND MELD, finding that partici-
pants’ suboptimality decreased, robot performance increased, and
participants rated Reciprocal MIND MELD with higher trust [16]
and team fluency [15]. Through Reciprocal MIND MELD, we can
successfully enable suboptimal demonstrators to be better robot
teachers. ReciprocalMINDMELD is important because in real world
scenarios, demonstrators may need instruction and guidance on
how to accurately and effectively provide demonstrations to robots.

Robot Failure and LfD. Due to suboptimal demonstrators, en-
countering novel situations, or a changing environment, robots
will fail during the learning process (i.e., not complete the task
correctly). To investigate how people respond to robot failure when
teaching a robot with LfD, we conducted a human-subjects experi-
ment (n=48) [14]. Participants taught a robot three different tasks
using LfD (pick and place, inserting a tube into a slot, and retrieving
a block between obstacles). These are manipulation tasks relevant
to cooking and cleaning domains (e.g., loading and unloading a
dishwasher). Each participant taught the robot using one of three
main LfD instruction methods: kinesthetic teaching (physically
moving the robot), teleoperation (using a controller to move the
robot), or passive observation (completing the task oneself while
the robot takes a video) [21]. After each demonstration, participants
viewed the robot’s performance of the task. Unknown to the partic-
ipants, the success or failure of the task was predetermined by the
experimenter to control performance as an independent variable.

We first compared participant impressions across LfD instruction
methods. Participants found teleoperation to be the highest work-
load [13]. Additionally, participants had the lowest self-confidence
[3] while using kinesthetic teaching and the highest while teaching
using passive observation. Passive observation may be the most
accessible interface in the real-world.

We then compared success and failure and found that when the
robot failed, participants trusted the robot less and themselves less

and participants thought that the robot trusted the participants
less. When teaching a robot with LfD, failure not only impacted
participants’ trust in the robot, but also participants’ trust in them-
selves and how participants think others view them. Therefore,
information and feedback from the robot may help participants to
improve their demonstrations and build back their self-confidence
and trust in the robot. Methods such as Reciprocal MIND MELD
may be crucial in effective real-world deployments of robots to
improve accuracy and trust-repair.

3 FUTUREWORK
We plan to investigate the feasibility of LfD algorithms with older
adults with respect to usability and acceptance. We aim to 1) deter-
mine if older adults can successfully and are willing to teach robots
with current LfD methods and 2) discover potential improvements
for LfD that would enhance usability and efficacy for older adults.
Thus, we propose to conduct a human-subjects experiment where
older adults teach a robot using LfD. Our target population will be
older adults with MCI and their caregivers, from the Cognitive Em-
powerment Program at Emory University, because of their unique
insights into how care robots could improve their lives.

To inform our study design, we conducted two focus groups with
our target population. In the first focus group, we discussed what
tasks would be useful for a robot to do in the home. We found that
participants expressed interest in cleaning and chore type tasks,
similar to prior work [27]. As such, in our study, we plan to use a
kitchen domain where the tasks will include cleaning the counter
and putting away dishes. The second focus group targeted which
LfD teaching interfaces participants would prefer. As also found in
prior work, participants expressed interest in passive observation
and were wary of kinesthetic teaching [4]. However, no prior work
has conducted a study where older adults teach or interact with
a robot using kinesthetic teaching. Participants may be wary of
an unknown concept, but may feel differently after experiencing
the interface, so we intend to have participants teach a robot using
kinesthetic teaching and passive observation. Additionally, we can
compare results from this population to our prior work evaluating
LfD interfaces [14].

Wewill use both quantitative and qualitative metrics in our study.
After participants teach the robot, we will measure the robot’s suc-
cess at the task, participants’ trust [16] in the robot and themselves,
participant workload [13], and usability [5]. Additionally, we plan
to conduct qualitative semi-structured interviews to evaluate and
understand the perceived benefits and pain points of current LfD
algorithms, teaching methods, and interfaces for older adults.

Finally, we plan to determine potential improvements for LfD
to enable LfD to work in the real-world with a population of older
adults. We will leverage our prior work [14, 25] and investigate
how feedback systems can mitigate failure and improve usability,
understanding, and performance for older adults using LfD.
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