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ABSTRACT
With an aging population and growing shortage of nurses and care-

givers, the need for in-home robots is increasing. However, it is

intractable for robots to have all functionalities pre-programmed

prior to deployment. Instead, it is more realistic for robots to en-

gage in supplemental, on-site learning about the user’s needs and

preferences and particularities of the environment. As a result,

robots require the ability to adapt to and learn from their users.

This learning may occur in the presence of or involve the user, and

the observation of the robot learning may have an impact on the

end-user’s perceptions of the robot. In this work, we investigate the

impacts on end-users of in situ robot learning through a series of

human-subjects experiments. We investigate how different learning

methods influence both in-person and remote participants’ percep-

tions of the robot. While we find that the robot’s learning method

impacts perceived anthropomorphism (𝑝 = .001), we find that it is

the participants’ perceived success of the robot that impacts the

participants’ trust (𝑝 < .001) in and perceived usability of the robot

(𝑝 < .027) rather than the robot’s learning method. Therefore, when

presenting robot learning, the performance of the learning method

appears more important than the method of learning itself. Fur-

thermore, we find that physical presence impacts perceived safety

(𝑝 < .001), trust (𝑝 < .001), and usability (𝑝 < .027). Thus, for table-

top manipulation tasks, researchers should consider the impact of

physical vs. virtual interactions for experiment participants.
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1 INTRODUCTION
The world’s population is aging, and many older adults may require

physical and cognitive assistance as they age. Yet, there is a grow-

ing shortage of nurses, caregivers, and facilities, inducing frequent

caregiver burnout [39, 59]. One solution is to develop in-home care
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Figure 1: This figure shows the three factors we investigate.

robots that can provide assistance and enable aging-in-place. How-

ever, deploying a robot that is fully capable into an unstructured

home environment is difficult. Different users may want the same

task done differently, and the way these tasks are done may need

to change over time as the user ages or the environment changes.

Thus, it can be beneficial for robots to perform behavior customiza-

tion in situ. Users may additionally want to teach functionality to

their robot so it can learn new tasks on-the-fly.

Because the robot’s learning will likely be visible to the end-user,

and can even involve the user, the way in which the robot learns

may have an impact on the end-user’s perception of the robot. Dif-

ferent learning methods will require the robot to interact with the

environment and the end-user in differing ways. For example, some

learning methods will require the robot to explore the environment

and fail many times before succeeding. Similarly, some learning

methods will require the end-user to directly interact with the robot.

These differences between robot learning methods may alter an

end-user’s perception of the robot and affect adoption.

In this work, we investigate how observing robot learning im-

pacts an end-user’s perception of a robot. We explore three factors

which we hypothesize may impact perception of a robot during in

situ learning. The first factor we investigate is learning condition.

Our objective is to determine how the way in which a robot learns

impacts an end-user’s perception of the robot. We investigate a

“download," control condition where the robot downloads a skill

and the user does not see learning, two forms of learning from

demonstration (LfD), and a reinforcement learning (RL) condition.
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We evaluate these learning methods as they are popular learning

methods across a range of human interaction modes.

The second factor we investigate is differences in robot percep-

tion between the caregiver population and the general population.

Caregivers represent a range of roles from nurses at an assisted

living facility to family members and friends of a person needing

assistance. Depending on the situation, caregivers may be the ones

observing and guiding the robot’s learning and deciding when the

robot is safe and trustworthy for use. Additionally, in an in-home

setting, a caregiver may also need to live with the robot. We con-

duct our study on both the general population and the caregiver

population to determine the difference in robot perceptions be-

tween caregivers and the general population. Due to COVID-19

and the burden of in-person studies, we chose to conduct studies

with caregivers virtually. Thus, to control for confounds, we employ

a third factor: physical presence of the participant. For this factor,

we investigate the differences for an end-user observing a robot

learning in-person versus remotely.

In our work, we contribute the following:

(1) We conduct a human subjects experiment with three factors

relevant to in situ learning: physical presence, population,

and interaction mode for robot learning.

(2) We investigate how robot learning method impacts a user’s

perception of the robot and find that observing the robot

learning impacts perceived anthropomorphism (𝑝 = .002).
(3) We examine how the general population’s attitudes differ

from that of caregivers, finding that caregivers are more

critical of robot success on medicine-related tasks (𝑝 = .033).

(4) We find that in-person participants report more favorably

than remote participants on perceived safety (𝑝 < .001),

reliability (𝑝 < .001), ease of use (𝑝 = .005), attitude (𝑝 <

.001), intent to use (𝑝 = .014), and trust in the robot (𝑝 < .001).

This highlights the need for researchers to consider physical

presence in study design.

2 RELATEDWORKS
In this section, we describe prior literature on care robots, accep-

tance, reliance, and physical presence.

2.1 Care Robots
Care robots are defined by their function to support care-givers

and/or care-receivers [62]. With the growing aging population and

the predicted shortage in caregivers worldwide [58], the need for

care robots is expected to increase. Indeed, recent surveys show

that both the older adults and their caregivers are in favor of using

care robots [38, 44, 17]. Our work seeks to provide guidance in

developing in situ robot learning modes for widespread deployment

of care robots across different users.

Care robots perform a variety of assistive tasks and promote

extended independent living generally, with functionality falling

under the category of physical or medical assistance [28, 54, 18,

37]. Physical assistance includes activities such as navigation, fall-

prevention, object manipulation, and household chores [51, 20,

25, 31, 35, 42]. Medical assistance includes tasks such as health

monitoring, medicine delivery, and the exertion of a social presence

for coaching or social interaction [63, 12, 61, 52, 53, 29].

Most prior work in human-robot interaction (HRI) has inves-

tigated designing care robots to mitigate physical and cognitive

decline in older adults [31, 23, 48] and factors that influence the

adoption of care robots [6, 8]. However, these care robots are gener-

ally described as being deployed fully capable. Such an assumption

is impractical for large-scale deployment across diverse users. In-

deed, in prior work on user preferences for physically assistive

robots, caregivers explicitly request robots that can learn to adapt

to their user [9]. To the best of our knowledge, our work is the first

to investigate how different learning techniques can influence the

user’s perceptions of a care robot.

2.2 Acceptance, Trust, and Reliance
Acceptance of care robots depends not only on the benefits the

robot can bestow upon the user, but also on the user’s perception of

and attitudes towards the robot [10]. In this study, we employ the

Technology Acceptance Model (TAM) survey to measure perceived

usefulness, perceived ease of use, attitude, intention to use, and

trust [7]. Additionally, we measure situational trust, resulting from

an interaction with the robot, which is critical in understanding

user acceptance [66, 36] and reliance on robots and is based upon

situational uncertainty or vulnerability [33, 60]. Proper trust calibra-

tion mitigates over-compliance and under-reliance. However, prior

work has yet to study how trust is impacted by the observation

of learning, and how this observation may impact inappropriate

reliance [14]. We investigate these research questions in our work.

Prior work has shown that a robot’s performance has a signif-

icant impact on trust [24, 50, 57]. Salem et al. showed that trust

and user reliance are negatively correlated with robot failure [55].

Hedlund et al. demonstrated that, when teaching a robot with LfD,

if the robot failed people trusted the robot and themselves less [26].

Research also suggests that robot failure may make the robot more

likable [41]. Further, the timing of the failure also impacts trust [13].

2.3 Anthropomorphism and Physical Presence
Prior work has shown that physical presence impacts a user’s expe-

rience in robot interactions. Wainer et al. showed that the presence

of a co-located physical robot improved user experience and per-

ceived social awareness in a game [3]. Powers et al. found that users

tend to engage longer with a co-located robot [45]. Gombolay et

al. showed that users relied more appropriately on physical robots

than on computer-based decision support systems in a scheduling

task [22]. Contrarily, Natarajan et al. investigated how various ro-

bot behaviors and robot embodiments can influence trust in and

reliance on robotic decision-support, finding no difference between

virtual and physically present robots for a math problem task where

the robot provided advice [43]. Therefore, the impact of physical

presence may be task dependent. Our experiment provides evidence

for how physical presence impacts a manipulation type task.

As the physical presence of a robot has been shown to impact the

quality of interaction as perceived by the user, we include physical

condition as a factor in our work [45, 22]. Moreover, prior work

has also shown that the physical presence of robots can lead to

increased perceived anthropomorphism [30]. Anthropomorphism

can affect trust as well as other user attitudes such as user empathy
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Figure 2: This figure shows our study set up and a sample
training trajectory for the cutting sub-task.

[49, 43]. Hence, we measure perceived anthropomorphism in our

study, evaluating it as a confound and as a dependent variable.

3 METHODOLOGY
This study consists of two phases. First, in the training phase, the

participant observes videos of the robot learning a training task.

Then, the participant observes the final performance achieved from

the learning. Second, in the testing phase, the participant observes,

and can intervene, as the robot uses what it has learned to ac-

complish a similar, riskier test task. In this section we describe

the experimental domain, independent variables (IVs), research

questions, metrics, and study procedure.

3.1 Domain
The domain we choose is a plate-making task, depicted in Figure 2.

The robot must assemble a breakfast plate by preparing a breakfast

item and placing it on the plate along with the proper medicine.

We choose this domain in order to evaluate our work on both a

manipulation task and a user-specific cognitive task. Plate-making

involves the manipulation aspect of picking up a knife and cutting

a banana in half. It additionally involves the cognitive preparation

aspect of picking the right medicine and pouring it on the plate. This

domain is motivated by prior work, showing a need for medicine

dispensing and manipulation tasks [17, 46, 64]. The sub-tasks that

compose this domain include picking up the knife, cutting the

banana, placing the knife in the dirty dishes bin, picking up the

proper medicine cup, pouring the medicine onto the plate, and

placing the cup in the dirty dishes bin.

To evaluate trust, the task must create a sufficient level of un-

certainty or imposition of vulnerability on the participant [33, 60].

As a result, we heighten the stakes in the test task to ensure that

participants consider their risk tolerance when evaluating the ro-

bot. While training, the knife used is a small plastic knife, and

the medicine dispensed is composed of different types of vitamins.

During the testing phase, the knife becomes a large, sharp, metal

knife, and the three medicines are labeled as morphine, aspirin,

and antibiotics. This increased risk in the testing phases is inspired

by the need for in-home robots to generalize to differing objects

and environments. For example, one would conduct learning on

a safe plastic knife when failure is expected during the learning

process. However, success on novel variations of a task is not guar-

anteed with most learning systems, so we sought to include this

uncertainty and the associated risk in our experiment.

3.2 Independent Variables
We describe the three independent variables of this study.

IV 1: Method of Robot Learning
We compare three visible learning conditions (RL, LfD, and Training

an Agent Manually via Evaluative Reinforcement (TAMER)) with a

baseline download conditionwhere the robot learns but the learning

is not visible. We aim to investigate how people may feel differently

about the robot depending on the level of user-involvement in

the robot learning. We note that in the LfD and learning from

feedback conditions, the teacher is a good demonstrator, i.e. their

demonstrations or feedback lead to the proper learned behavior.

Download: In the download condition, the participant observes the

robot download the task knowledge from “the cloud.” This serves

as the control condition, as no learning is observed, but the robot

does acquire, i.e. learn, the task. In this condition, the description of

the robot is as follows: "Movo knows how to do various household

tasks. You will watch as Movo performs them."

Reinforcement Learning (RL): Our no-involvement learning

condition is the RL condition, where the robot learning happens

independently from the user, based on some internal reward for

the task. In this condition, the robot shows trial-and-error learning,

iteratively learning sub-tasks until the overall task is completed.

For the cut banana task for instance, first the robot learns to pick

up the knife, then the robot learns to cut the banana. We choose to

show this sequential sub-task learning in order to demonstrate that

the agent is improving through incremental knowledge gains. No

explicit reward function is explained, and we intentionally describe

stages of the learning vaguely, rather than providing iteration count

or time metric. In this condition, the description of the robot is as

follows: "Movo does not know how to do household tasks yet. You

will watch as Movo learns to do them."

Learning from Demonstration (LfD): Our high-involvement

learning condition is LfD, where a demonstrator actively shows the

robot how to do the task. For this study, we chose kinesthetic teach-

ing, where the demonstrator physically moves the robot through

the task. We chose kinesthetic teaching since prior work has shown

that users find kinesthetic teaching is easier to demonstrate than

other methods, such as teleoperation [2]. Additionally, we posit that

watching kinesthetic teaching would be intuitive for participants to

understand. In the LfD condition, the same trial-and-error learning

is observed; however, we intersperse a video of a human teaching

the robot the sub-tasks, prior to improvement in performance on

these sub-tasks. For instance, the robot tries to pick up the knife

and fails. Then, the participant observes a demonstrator show the

robot how to pick up the knife, followed by the robot moving on its

own to pick up the knife. Next the robot attempts to cut the banana.

In this condition, the description of the robot is as follows: "Movo

does not know how to do household tasks yet. You will watch as

Movo’s owner demonstrates how to do these tasks."
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TAMER The last condition is the TAMER [32] condition, which

is a middle ground between LfD and RL. In this condition, the

robot attempts the task on its own and the user provides binary

feedback throughout the learning process to shape the robot’s

behavior. In this condition, the same trial-and-error learning is

observed; however, we add a visual of a human teaching the robot

through positive or negative (i.e., binary) feedback. This feedback

is shown to the user through a remote control with green and red

buttons pressed throughout the training to convey positive and

negative feedback, respectively [7]. In this condition, the description

of the robot is as follows: "Movo does not know how to do household

tasks yet. Youwill watch asMovo’s owner teachesMovo to do them."

IV 2: General Population vs Caregiver
We compare robot perceptions between the general population and

the caregiver population.

General Population: We invite members adjacent to a metropoli-

tan university campus to take our study.

Caregiver Study: We invite our target population of caregivers

in our state to take our study. We define caregivers as persons

who care for members of the community that require assistance in

their day-to-day life. This definition encompasses a variety of care

providers, ranging from family and friends that care for a loved one

to employees of assisted living residences such as gerontological

nurses and physical therapists.

IV 3: In-Person vs Remote
We compare robot perception between in-person and remote par-

ticipants of our study.

Remote Study: We invite participants to take the study remotely,

where the training and testing phase of the study are both conducted

via a web application.

In-Person Study:We invite participants to take our study in person,

in the laboratory. These participants engage in the training phase

via the web application, and witness the test phase in person.

3.3 Research Questions
RQ 1 - How does observing robot learning impact a user’s perception
of the robot? Furthermore, how does observing different methods of
robot learning impact a user’s perception of the robot? We first want

to understand how witnessing robot learning may impact a user’s

perception of the robot, and subsequent adoption of and reliance

on the robot. We additionally investigate how different methods of

learning may impact a user’s perception of the robot.

RQ 2 - How does the caregiver population’s perception of learning
robots differ from the general population? Prior work that has shown
that caregivers feel favorably regarding robot usability and intent

of future use [38, 44]. We seek to understand how people in general

feel about robots learning and how this may differ from how care

givers feel about robot learning.

RQ 3 -How does a robot’s physical presence impact a user’s perception
of the robot? COVID-19 limits our in-person interactions with care

givers, so we conduct the study with care givers remotely. Prior

work has shown physical presence to impact user perception [45].

In order to avoid confounds of caregivers being remote and general

population being in person, we evaluate the general population

both remotely and in person.

3.4 Metrics
First, we describe the metrics collected in our Pre-Study, Post Trial,

and Post Study Questionnaires. In addition to the surveys below,

we ask the participants two, ad hoc questions in the Post Study

Questionnaire. First we ask the participant what tasks – from a

list of hand-crafted tasks both in and outside of the distribution

of tasks observed in the study – they would trust the robot to do.

This question measures the extent of user adoption. We also ask an

open-ended question about the participant’s understanding of the

robot’s learning to qualify their perception of robot competence.

All surveys comply with the guidelines detailed in Schrum et al.,

when possible [56].

3.4.1 Pre-Study Metrics.
Demographic Information:We collect participant education [47],

parental education, and participant age and gender. We additionally

collect the field of occupation of the participant, using the ACT’s

List of College Majors and Occupational Choices [1].

Personality:We employ the Mini-IPIP, a 20-item, 5-point Likert

scale (1 = Strongly Disagree to 5 = Strongly Agree), to measure

the following five personality traits: Neuroticism, Extraversion,

Openness, Agreeableness, and Conscientiousness [15].

Computer and Robotics Prior Experience We evaluate the par-

ticipant’s prior experience with computers using the Computer

Usage Checklist 6-item, 5-point Likert scale (1 = Strongly Disagree

to 5 = Strongly Agree) found in Correlates of Computer Anxiety in

College Students [47]. We additionally alter this scale to create a

new, hand-crafted robotics experience scale (see Appendix).

Dispositional TrustWe evaluate baseline participant trust using

the 6-item, 5-point Propensity to Trust Likert scale (1 = Strongly

Disagree to 5 = Strongly Agree) developed by [40].

3.4.2 Post-Trial Metrics.
Perceived Success: Participants report whether they believe the

robot was successful after each trial (binary metric).

Perceived Safety:We employ Godspeed’s perceived safety scale

3-item, 5-point semantic differential scale [5].

Reliability: We employ the trust in automation subscale for relia-

bility and competence, a 6-item, 5-point Likert scale (1 = Strongly

Disagree to 5 = Strongly Agree) [34].

Intervention (Reliance):Human intervention is a commonly used

technique in HRI to assess users’ reliance in an autonomous agent

such as a robot [11, 4]. In our study, we ask participants to interrupt

the robot during a trial if they feel unsafe or uncomfortable, if the

robot makes a mistake, or if they anticipate the robot might make

a mistake. We use interruption as an objective metric to measure a

participant’s reliance on the robot.

3.4.3 Post-Study Metrics.
Anthropomorphism:We subjectively measure the participants’

perception of the robot’s anthropomorphism through Godspeed’s

anthropomorphism scale, a 5-item, 9-point semantic differential

scale [5]. Note that we keep the robot consistent between condi-

tions.
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Usability and Acceptability:We employ the technology accep-

tance model (TAM) 15-item, 5-point Likert scale (1 = Strongly Dis-

agree to 5 = Strongly Agree) from Integrating trust and personal

values into the Technology Acceptance Model [7]. We disregard the

two questions regarding environmental and time concerns, as these

did not apply to our domain. We report our findings with regards

to the five TAM sub-scales: usefulness, ease of use, attitude, trust,

and intent to use. We do not analyze results related to the trust

subscales as this information is already captured in the Situational

Trust scale described below.

Situational Trust: To determine trust in the robot after observ-

ing performance, we collect perceived situational trust using the

Checklist for Trust Between People and Automation, a 12-item,

7-point Likert-like scale (1 = Not at all to 7 = Completely) [27].

Task Risk:We employ a 9-item, 9-point semantic differential scale

to qualify the risk of a task [19].

3.5 Human-subjects Experiment
3.5.1 Procedure. Our experiment was approved by an Institutional

Review Board (IRB). Participants start by watching a video in which

the robotic agent introduces itself and demonstrates its range of mo-

bility and degrees of freedom. After watching the unboxing video,

participants fill out the pre-study questionnaire. Then, participants

go through the training phase where they observe the robot learn to

perform the task. Participants are told to “imagine that this learning

occurs in your home.” The learning lasts a total of approximately

10 minutes, with interspersed attention checks.

Ours is a between-subjects experiment where participants are

broken into four learning conditions (i.e., download, RL, LfD, and

TAMER) and two physical conditions (in-person, remote) (eight

total combinations).The difference between learning conditions

is the type of robot learning observed. The difference between

physical conditions is whether the testing trials were videos or

conducted in-person on the MOVO Beta robot.

In the training phase, participants watch their condition’s unique

training video, where the cutting task is performed using a plastic

knife and the medications are different types of vitamins. After

this training phase, all participants observe the same final train-

ing performance video; therefore, robot end performance is held

constant.

Next, participants go through the testing phase. Participants

observe the testing trials where the robot states its goal and demon-

strates a success rate of about 80%. The testing tasks are performed

using a metal knife and the medications are labeled as antibiotics,

aspirin, and morphine. The risk during the testing task is intended

to be higher to evaluate how participants trust the robot during

high-risk situations. During each testing trial, the participants are

instructed to interrupt the robot if they feel unsafe or uncomfort-

able, if the robot makes a mistake, or if they anticipate the robot

might make a mistake. The remote and caregiver participants view

the testing tasks as videos in the web application with an intervene

button on the screen, whereas the in-person participants watch

the physically present robot and press the red button on a gaming

controller to interrupt. The interruption data collected here serves

to assess reliance.

Participants first have one practice trial for familiarization with

the intervention mechanism to interrupt the robot. Then, partici-

pants view nine testing trials: two successful attempts by the robot

in the both the cutting and medicine preparation domain, one am-

biguous success in both of these domains, one failure in both of

these domains, and one success trial that incorporates both the

cutting and medicine. We choose the success rate for robot task

completion to be ≈ 70% based upon previous user studies exam-

ining trust and reliance [65, 67]. This success rate shows that the

robot is capable of completing the task, as was observed at the end

of training. Yet, we also want the robot to fail a few times to be

able to test for participant over-reliance. Nine trials balances the

need to exhibit a variety of task trajectories and obtain repeated

measures while not fatiguing the participant.

After each of the nine testing trials, participants fill out the Post-

Trial Questionnaire where we ask them to rate the degree to which

they trust the robot to act safely and the degree to which they

believe the robot will accomplish the task. The testing iterations are

shown in person, in real time, on the physical robot for the in-person

participants and through recorded videos of identical robot behavior

for the remote participants. After the testing phase, the participants

complete the Post-Study Questionnaire. We have provided videos

of the training and testing phase in the Supplementary.

3.6 Design Decisions
Policies: A robot will fail during the learning process. Because

prior work has shown that failure impacts trust and impression of

the robot [55], in order to prevent failure from being a confound

in our study, we choose to keep performance and order of trials

consistent between conditions to isolate the impact of observing the

learning process. To do so, we demonstrate our learning conditions

via Wizard-of-Oz policies rather than training RL, LfD, and TAMER

models. This enables us to keep agent behavior, training time, and

failure rate consistent and allow us to isolate the observation of

learning as the IV.

Ambiguous Trials: The testing phase includes nine trials with

five successes, two failures, and two ambiguous trajectories. The

ambiguous trajectories are ultimately successful in accomplishing

the task goal, but are intended to be unclear whether the robot will

succeed at certain points. Inspired by robot legibility by Dragan et

al. [16], in the ambiguous trial with the medicine task, the robot first

moves as if it might pick up the wrong medication and then moves

as if it is deciding between the incorrect and correct medication. In

the cutting task, the robot first angles the knife point down towards

the table and takes a very roundabout route to reach the banana.

This behavior was designed to test whether participants would

intervene during ambiguous trials.

4 RESULTS
We report results from 120 (60 in-person, 60 remote) participants

from a college campus and 11 caregiver participants from assisted

living facilities within a 50-mile radius of the campus for this study

(55.73% female, 44.27% male, 65.65% aged 18-24, 29% aged 25-34,

3.05% aged 45-54, 2.29% aged 55 and older) . Each participant was
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compensated $25 for completing our study.
1
We randomize each

participant’s learning condition, ensuring that we counterbalance

the quantity of participants per condition.
2
For the general popu-

lation, we further randomize each participant’s physical presence

condition.

In our analysis, we evaluate each dependent variable described

in Section 3.4 with respect to our IVs and covariates. Here the IVs

are learning condition, physical condition or population. Before

applying a parametric test, we ensure that the data is normally

distributed using the Shapiro-Wilk normality test and we test for

homoscedasticity using Levene’s Test for Homogeneity of Variance.

If the data does not pass normality and homoscedasticity or the

data is ordinal, such as count data, we use a non-parametric test.

All statistical tests, model details, and tests for assumptions are

reported in the Appendix. Significance is measured as 𝛼 < .05. We

report Cohen’s d effect size as 𝑑 .

We note that there are minor differences between the way the

remote and in-person populations experienced the robot’s perfor-

mance due to technical difficulties for the in-person experiment

with a live robot performing the tasks. For example, pills occasion-

ally spilled off the plate in a trial that was meant to be successful.

However, we find that there is no statistically significant difference

between the perceived success comparing in-person versus remote

study conditions. While this result is positive for our study design,

we further mitigate any potential confound by including perceived

success as a covariate in all other models.

4.1 Analysis of RQ 1: Learning Methods
We first investigate the differences in robot perception between our

various learning conditions (i.e., Download, RL, LfD, and TAMER).

We conduct this analysis on the combined data from both the phys-

ical and virtual participants. We present the following findings.

Anthropomorphism: A Kruskal-Wallis (KW) test for anthropo-

morphism shows a main effect for learning condition (𝜒2 (3) =

16.241, 𝑝 = .001). We then determine which learning condition pairs

are significantly different. As shown in Figure 3, a Wilcoxon rank

sum test with Bonferroni correction shows a statistically significant

difference in perceived anthropomorphism between the following

learning conditions: Download vs RL (𝑊 = 325.5, 𝑝 = .019, 𝑑 =

−.663), Download vs TAMER (𝑊 = 323, 𝑝 = .044, 𝑑 = −.515), and
RL vs LfD (𝑊 = 775.5, 𝑝 = .018, 𝑑 = .681).

When we evaluate the anthropomorphism in in-person and re-

mote participants separately, we find no significant difference in

anthropomorphism between learning conditions for in-person par-

ticipants. For remote participants, we find significance (𝜒2 (3) =

18.731, 𝑝 < .001). The relevant pairs of learning conditions are as

follows: Download vs RL (𝑊 = 18.5, 𝑝 < .006, 𝑑 = −1.699), Down-
load vs TAMER (𝑊 = 37, 𝑝 = .011, 𝑑 = −1.330), and RL vs LfD is

trending significant (𝑊 = 172, 𝑝 = .084, 𝑑 = .919). We find that RL

is higher than Download and LfD, and that TAMER is higher than

Download.

1
Due to some facility guidelines, some caregivers were not monetarily compensated.

This lack of compensation was approved by the IRB as per facility requirements.

2
The caregiver population was not adequately counterbalanced between learning

conditions; however, we do not report on learning condition for this population.

Figure 3: Anthropomorphism for the learning conditions.

We did not observe statistically significant differences in trust in

the robot, perceived risk of the task, and perceived usability of the

robot between learning conditions. Thus, our results suggest that

level of human involvement of the learning condition in our study

did not strongly impact user trust the robot, how usable the robot

appears to them, or how risky the task is.

4.2 Analysis of RQ 2: Caregiver
We first investigate whether there is a difference in perceived suc-

cess between the caregiver and general populations. We employ

a KW test to determine whether there is a difference between the

caregiver population and the general population for perceived suc-

cess on the medicine and cutting sub-tasks. We find significance

for the perceived success on the medicine sub-task (𝜒2 (1) = 4.5454,

𝑝 = .033, 𝑑 = .530), indicating that caregivers rate the robot’s suc-

cess on medicine sub-task as lower than the general population.

However, we do not find that caregivers interrupt more on the

medicine trials than the general population. We hypothesize that

caregivers are more wary of robot success on the medicine sub-task

given their experience compared to our general population pool.

Next, we run the KW test on both computer and robotics expe-

rience, and find a main effect with population for both (𝜒2 (1) =
14.316, 𝑝 < .001, 𝑑 = 1.491) and 𝜒2 (1) = 15.583, 𝑝 < .001, 𝑑 =

1.211) respectively, with the caregiver population reporting lower

prior experience in both computer and robotics experience. Addi-

tionally, we note that a KW test shows agreeableness is trending

towards significance with respect to population (𝜒2 (1) = 2.832, 𝑝 =

.092, 𝑑 = .493), with caregiver population demonstrating lower

agreeableness than the general population. A KW test shows that

propensity to trust is trending towards significance with popula-

tion (𝜒2 (1) = 3.0399, 𝑝 = .081, 𝑑 = .526) with caregivers reporting

lower propensity to trust than the general population.

Finally, we run an ANOVA on the linear regression model for

the risk scale, which was trending towards significant (𝐹 (1, 129) =
3.583, 𝑝 = .061, 𝑑 = −.596). While not significant, we note this

result that it appears as though caregiver participants find the task

more risky than their general population counterpart. We plan to

recruit additional participants to increase the test’s power.

4.3 Analysis of RQ 3: Physical Presence
Perceived Safety: We run a KW test on perceived safety and find

a main effect for physical condition (𝜒2 (1) = 11.55, 𝑝 < .001, 𝑑 =
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−.621). Notably, we find that in-person participants report higher

perceived safety compared to remote participants. This suggests

that studies conducted remotely can expect participant’s perceived

safety to increase if conducted in person. We posit this could be

due to the feeling of safety engendered from taking part in an IRB-

approved user study. Alternatively, this could be due to the physical

presence of the researcher, which prior work has shown impacts a

participant’s social behavior [21].

Reliability:We ran an ANOVA for reliability [34] and found that

participants report higher reliability for the in-person condition

((𝐹 (1, 129) = 19.2537, 𝑝 < .001, 𝑑 = −.602) compared to the remote

condition. Further, we find that interruption count ((𝐹 (1, 129) =
6.6873, 𝑝 = .011, 𝑑 = 8.192), perceived success ((𝐹 (1, 129) = 41.9687,

𝑝 < .001, 𝑑 = 6.565), conscientiousness (𝐹 (1, 129) = 3.9242, 𝑝 =

.05, 𝑑 = 2.513), and anthropomorphism ((𝐹 (1, 129) = 23.1017, 𝑝 <

.001, 𝑑 = .999) positively impact reliability.

Situational Trust: Next, a linear regression model of trust

[27] showed a main effect for physical condition (𝐹 (1, 129) =

22.8530, 𝑝 < .001, 𝑑 = −.670), with participants in the remote con-

dition reporting lower trust compared to the in-person participants.

We find that perceived success ((𝐹 (1, 129) = 26.3919, 𝑝 < .001, 𝑑 =

3.845) and anthropomorphism ((𝐹 (1, 129) = 30.8040, 𝑝 < .001, 𝑑 =

2.335)) positively impact trust.

Usability and Acceptance: We ran an ANOVA on the lin-

ear model for each sub-scale of the TAM model [7]. An ANOVA

showed that in-person participants rated the ease of use sub-scale

more favorably than remote participants (𝐹 (1, 129) = 8.1177, 𝑝 =

.005, 𝑑 = −.441). We found that ease of use was positively impacted

by perceived success (𝐹 (1, 129) = 11.7037, 𝑝 < .001, 𝑑 = .997) as

well as anthropomorphism (𝐹 (1, 129) = 24.8910, 𝑝 < .001, 𝑑 =

−1.262). An ANOVA on the attitude sub-scale showed that in-

person participants had a more positive attitude than remote partic-

ipants (𝐹 (1, 129) = 21.7933, 𝑝 < .001, 𝑑 = .652). Perceived success

(𝐹 (1, 129) = 12.4402, 𝑝 < .001, 𝑑 = 1.926), openness (𝐹 (1, 129) =

5.0349, 𝑝 = .027, 𝑑 = −.981), propensity to trust (𝐹 (1, 129) = 10.1553,

𝑝 = .002, 𝑑 = −2.849), and anthropomorphism (𝐹 (1, 129) = 17.0098,

𝑝 < .001, 𝑑 = −.664) positively impacted attitude. For the intent-to-

use sub-scale, we find significance with a KW test (𝜒2 (1) = 6.0633,

𝑝 = .014, 𝑑 = −.434), with in-person participants reporting higher

intent to use than remote participants.

In summary, we find significance with the ease of use, attitude,

trust, and intention to use sub-scales (no significance for the useful-

ness sub-scale) between physical conditions, with in-person partic-

ipants reporting more favorably on all three scales. This might be

the case because in-person participants interact with the robot and

can therefore imagine using it more concretely. Additionally, we

found that anthropomorphism and perceived success significantly

impacted the ease of use and trust sub-scales of the TAM.

Risk:We ran an ANOVA on the linear model for risk and found

the physical condition to be significant (𝐹 (1, 129) = 4.4668, 𝑝 =

.037, 𝑑 = .352), with remote participants reporting higher risk

than their in-person counterparts. Additionally, we find that con-

scientiousness (𝐹 (1, 129) = 7.3099, 𝑝 = .008, 𝑑 = 2.666) posi-

tively impacts risk and propensity to trust (𝐹 (1, 129) = 8.5143,

𝑝 = .004, 𝑑 = 1.554) negatively impacts risk.

Interruption Count: Finally, we compare the number of times

participants interrupted between the physical conditions. With the

Figure 4: Significant metrics for in-person vs. remote.

KW test, we find that remote participants interrupt more than their

in-person counterparts (𝜒2 (1) = 10.315, 𝑝 = .001, 𝑑 = .550). We

hypothesize this is because of the lower trust and perceived safety

remote participants feel with regards to the robot.

To examine when people decided to interrupt the robot, we

compared how much they interrupted to their perceived success of

the robot over the course of all the trials. Through a Spearman’s

correlation test, we find a negative correlation between interruption

count and perceived success (𝑝 < .001, 𝜌 = −.705). However, we
would have anticipated this correlation being stronger because we

expected people to interrupt the robot when it failed to accomplish

the task. Anecdotally, we found that in-person participants noticed

the robot fail, often verbally expressing surprise at the failure, but

did not interrupt the robot. Instead, they let the trajectory play

out, curious to see what would happen. We question whether these

participants might have intervened more if this study took place in

their home instead of a laboratory setting.

Next, we found a main effect with the Friedman rank sum test

comparing interruption count and ground truth success with sub-

ject ID as the repeated measure (𝜒2 (2) = 144.54, 𝑝 < .001). We

find the relevant significant pairs with a Nemenyi post-hoc to

be that participants significantly interrupted failure more than

success (𝑝 < .001, 𝑑 = 1.943) and failure more than ambiguous

(𝑝 < .001, 𝑑 = −1.349), both of which make intuitive sense. We

also observe that interruption count in ambiguous trials is trend-

ing towards being significantly more frequent than interruption in

successful trials (𝑝 = .054, 𝑑 = .541).

A Spearman’s rank correlation (𝑝 = .020, 𝜌 = .203) showed

that remote participants who are more agreeable are more likely to

interrupt successful trials. This finding could be due to experimenter

expectancy effect, i.e. the participant’s belief that we wish for them

to interrupt the trial. Furthermore, a Spearman’s rank correlation

(𝑝 = .034, 𝜌 = −.254) showed that the frequency with which remote

participants interrupt ambiguous trials is negatively correlated with

their prior robot experience. This result suggests that people that

are more familiar with robots hold off intervening when the robot’s

performance is ambiguous.

Additionally, a Friedman rank sum test between interrupt fre-

quency and sub-task type was significant (𝜒2 (1) = 21.053, 𝑝 <

.001, 𝑑 = .523), showing that trials that involve the cutting sub-task
were interrupted more than the medicine sub-task. We suspect that

this is due to the difference in relative permanence of the mistakes.
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One participant noted they did not interrupt the medicine sub-tasks

as the error was something they could fix, but that they interrupted

the cutting sub-tasks as these were unrecoverable failures.

5 DISCUSSION
RQ 1: Learning Methods – RQ1 investigates the differences in

perceptions of the robot due to different methods of learning demon-

strated to the user. We find that participants tend to perceive the RL

condition as more anthropomorphic than the Download (𝑝 = .019)

and LfD conditions (𝑝 = .018) and that TAMER is perceived as

more anthropomorphic than the Download condition (𝑝 = .044).

This suggests that if the participant is observing a learning condi-

tion, the more human intervention and guidance is observed, the

less anthropomorphic the agent is perceived to be. This may be

because, in the absence of a clear, human-like method of learning

(via demonstration of with visible feedback), the participant assigns

a ”personality” to the robot. Since anthropomorphism also impacts

trust and ease of use, one should consider how anthropomorphic

the robot may appear when selecting a learning algorithm.

Overall, we find that perceived success impacts reliability (𝑝 <

.001), situational trust (𝑝 < .001), and ease of use (𝑝 < .001), but

learning condition does not. We thus posit that users may prioritize

choosing a robot learning method that is more competent over a

latent user preference over interaction modalities.

RQ 2: Caregiver Population – RQ2 investigates the differences

between caregiver and general population perceptions of the robot.

We find that caregivers rate the robot’s success on the medicine

sub-task as lower than the general population (𝑝 = .033). We hy-

pothesize that given their background, caregivers are more skeptical

of robot success on the medicine sub-task than the general popula-

tion. However, this does not appear to translate to lower reliance.

We find that the caregiver population has lower prior experience

with computers (𝑝 < .001) and robots (𝑝 < .001). This could re-

sult in caregiver participants not feeling qualified to interrupt the

robot. We also note trending lower agreeableness in our caregiver

population (𝑝 = .092). This is notable, as we found agreeableness

to be positively correlated with interruption rate for remote par-

ticipants (𝑝 = .020). Thus, we posit that with a larger caregiver

population sample, results might trend towards lower interruption

counts. Finally, we see preliminary evidence that perceived risk

(𝑝 = .061) and propensity to trust (𝑝 = .081) are trending towards
significance with the caregiver population reporting higher risk

and lower propensity to trust than the general population.

RQ 3: Physical Presence – RQ3 examines the impact of physical

presence on a user’s perception of morebot. We find that in-person

participants report more favorably with regards to perceived safety

(𝑝 < .001), reliability (𝑝 < .001), ease of use (𝑝 = .005), attitude

(𝑝 < .001), intent to use (𝑝 = .014), and trust in the robot (𝑝 <

.001) than remote participants. Additionally, in-person participants

report lower risk (𝑝 = .037) and interrupt the robot less frequently

(𝑝 = .001) than remote participants.

We hypothesize that in-person participants may feel more safe,

and more trusting in the robot and the experiment in general, due

to the presence of the researcher throughout the study, and due

to the IRB-approved status of the user study. Furthermore, the in-

person participants observe the robot’s performance in real time,

in close physical proximity to the robot, potentially increasing the

participants’ ability to imagine using the robot, and therefore the

perceived usability of the robot. We additionally note that when the

in-person participant intervenes in the robot’s behavior, they ob-

serve it stop, and observe the researcher reset the robot to it’s home

position whereas in the remote condition the video simply ends and

is removed from the screen. This difference in outcome may play

a role in the perceived usability, trust, and safety, as the outcome

of an intervention is better understood by in-person participants.

The lower levels of interruption with in-person participants should

be taken into consideration if researchers rely on participants to

intervene in cases of dangerous or faulty robotic behavior.

6 LIMITATIONS AND FUTUREWORK
A limitation of our work is the sample size (𝑛 = 11) of our care-

giver population. Additionally, our participants from the general

population were mostly college-aged students from a university

campus. In the future, we would like to conduct this study on a

larger population of caregivers and with a more diverse general

population. Another limitation is the presence of the researcher

standing near the emergency stop button, for in-person partici-

pant pool. This safety precaution is not necessary for the remote

participants where the participant observes videos of the robot.

This difference may introduce a potential confound. An additional

limitation for the in-person participant pool is the occurrence of

occasional accidental errors, such as pills bouncing off the plate

on an intended successful trial. In our analysis, we accounted for

participants’ perceived robot success and found no confounding

difference of perceived success between conditions.

While we employed Wizard-of-Oz policies, we propose to inves-

tigate people’s trust in different methods of learning when learning

actually occurs. A second avenue of future work involves trust

calibration. As learning agents may not learn quickly and may

fail often, it is important to evaluate the best method of trust cal-

ibration for embodied, learning agents [43]. Thus, we propose to

determine the techniques that are most effective in repairing trust

in trust-deficient learning conditions. Finally, we aim to investigate

differences between user perceptions of a robot in an in-person

laboratory setting compared to a study conducted in the home.

7 CONCLUSION
In this work, we conduct a series of human-subjects experiments to

assess user attitudes towards the concept of embodied care robots

that learn in the home, as compared to robots that are delivered

fully-capable. We investigate the impact of physical presence and

learning condition on robot perception. We additionally compare

the impact of these factors on the caregiver population, as com-

pared to the general population. We find that the robot’s learning

method impacts perceived anthropomorphism (𝑝 = .001) and that

caregivers are more wary of the robot performing medicine dispens-

ing tasks compared to the general population. Finally, for table-top

manipulation tasks, physical presence favorably impacts perceived

safety (𝑝 < .001), trust (𝑝 < .001), and usability (𝑝 < .027).
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