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Abstract—As robot deployments become more commonplace, 
people are likely to take on the role of supervising robots (i.e., 
correcting their mistakes) rather than directly teaching them. 
Prior works on Learning from Corrections (LfC) have relied on 
three key assumptions to interpret human feedback: (1) people 
correct the robot only when there is significant task objective 
divergence; (2) people can accurately predict if a correction 
is necessary; and (3) people trade off precision and physical 
effort when giving corrections. In this work, we study how two 
key factors (robot competency and motion legibility) affect how 
people provide correction feedback and their implications on 
these existing assumptions. We conduct a user study (N = 60) 
under an LfC setting where participants supervise and correct 
a robot performing pick-and-place tasks. We find that people 
are more sensitive to suboptimal behavior by a highly competent 
robot compared to an incompetent robot when the motions are 
legible (p = 0.0015) and predictable (p = 0.0055). In addition, 
people also tend to withhold necessary corrections (p < 0.0001) 
when supervising an incompetent robot and are more prone to 
offering unnecessary ones (p = 0.0171) when supervising a highly 
competent robot. We also find that physical effort positively 
correlates with correction precision, providing empirical evidence 
to support this common assumption. We also find that this 
correlation is significantly weaker for an incompetent robot 
with legible motions than an incompetent robot with predictable 
motions (p = 0.0075). Our findings offer insights for accounting 
for competency and legibility when designing robot interaction 
behaviors and learning task objectives from corrections. 

Index Terms—Interactive Robot Learning; Learning from 
Corrections; Kinesthetic Teaching 

I. INTRODUCTION 

Imagine that you are developing robots that will be de-
ployed in warehouses and tasked with packing merchandise 
for shipment. These robots are pre-trained with basic abilities 
such as recognizing boxes and manipulating a range of items. 
Despite this pre-deployment training, they will inevitably make 
mistakes with identifying and manipulating novel inventory 
that is specific to the warehouse where the robot is deployed. 
Furthermore, new inventory may be introduced over time. In 
order for robots to function effectively post-deployment, they 
should learn continuously from their human co-workers and 
collaborators as novel objects and task constraints arise. 

Kinova Gen3 Robot 

Participant 

Goals 

Original Traj. 
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Fig. 1: The robot begins moving along the yellow trajectory 
to place a shape in one of the target holes. The participant 
intervenes, guiding the robot to a different target via the green 
trajectory, leaving the dashed portion of the robot’s intended 
trajectory untraveled. 

Traditionally, robots learn from people during training ses-
sions that are distinct from its deployment/test sessions. In 
these training sessions, a person directly teaches the robot 
by providing numerous demonstrations of the desired be-
havior [1]–[5] or indicating preferences between numerous 
hypothetical robot behaviors [6]–[11]. 

There has been comparatively less work on how people 
might teach robots by supervising its behavior during deploy-
ment [12]–[15]. In a supervisory paradigm, a person observes 
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the robot’s behavior as it attempts to complete a task, interven-
ing only when necessary to avoid an impending mistake or to 
train the robot to avoid future mistakes [16]–[30]. Compared 
to traditional training sessions, this paradigm leverages the 
robot’s autonomy whenever possible and avoids the need for 
continuous teaching effort by the human during long-horizon 
tasks [31]. However, supervisory feedback might not be as 
abundant [32]; the human might not be as attentive [33], 
[34]; and the quality of human feedback might not be as 
consistent [35], [36]. 

Yet, current learning techniques do not account for these 
differences when learning from supervisory feedback, which 
may impair the robot’s ability to learn accurate and precise task 
objectives. Existing learning algorithms are designed under the 
assumption that (1) people intervene and correct the robot only 
when it is about to make a mistake; (2) people can accurately 
predict when they do or don’t need to intervene; and (3) 
people trade off precision and physical effort when providing 
corrections. Prior works have yet to explore whether these 
assumptions are valid, or what other factors may influence 
how people correct a robot during long-duration tasks. From 
a learning perspective, it is important to identify and factor 
out these influences to facilitate effective learning for the 
underlying task information. Furthermore, to design robots 
and algorithms that people will adopt into their homes and 
workplaces, we need to understand better how a person reacts 
to these factors when supervising a robot. 

Our work aims to study how people give feedback to a 
robot in a supervisory setting. We study two factors that we 
expect are particularly important in influencing how people 
correct the robot: robot competency (i.e., the robot’s prior task 
performance) and motion legibility (i.e., the interpretability of 
the robot’s motion toward its goal). We present an between-
subject user study (N = 60) where we examine how the 
robot’s competency and legibility conditions influence how 
participants supervise it through a series of 64 pick-and-place 
actions (Fig. 1). To the best of our knowledge, our work is 
the first to identify how these features of a robot’s behavior 
affect people’s correction feedback as they supervise a robot. 
We provide the following contributions: 

� We design a learning from corrections study to measure 
how people supervise a robot’s behavior differently de-
pending on its competency and motion legibility. 

� We study how these factors influence the timing and 
perceived necessity of corrections. 

� We examine the trade-off between precision and physical 
effort as people provide corrections. 

� We propose recommendations for (1) designing robots to 
elicit better correction feedback post-deployment and (2) 
interpreting this feedback as training data. 

II. RELATED WORK 

A. Learning from Corrections 

Research in interactive robot learning has explored multiple 
modalities through which people can provide training data and 

feedback to a robot, such as rewards [37]–[39], demonstra-
tions [1]–[5], preferences [6]–[11], physical corrections [16]– 
[25], implicit feedback [40]–[42], and natural language [43]– 
[46]. These modalities differ in the role that they prescribe 
to the human and the robot during the interaction [47]. Some 
modalities position humans in a more supervisory role than 
others, such as interventions [26]–[29], negative reinforce-
ment [48]–[50], implicit feedback [40]–[42], and physical 
corrections [16]–[21], [23]–[25]. 

Correction feedback, in particular, involves a robot at-
tempting to complete a task while supervised by a human 
teacher. The teacher can intervene and modify the robot’s 
motion kinesthetically, producing a corrected trajectory that 
is assumed to be more optimal with respect to the hidden 
task objectives [16]–[21], [23]–[25]. While prior works have 
proposed methods for Learning from Corrections (LfC), they 
rely on three important assumptions. 

Assumption 1: People Correct Only When There Is 
Significant Task Objective Divergence 

Prior works in learning from interventions [27]–[29] and 
corrections [22], [23] assume that people decide to intervene 
and correct the robot only when the robot is about to make 
a mistake. Quantitatively, we can represent this decision as 
a threshold for allowable divergence between the robot’s 
behavior and the “correct” goal for its task. As an example, 
a robot that moves away from an object it should be picking 
up and toward objects that it should be avoiding is increasing 
this divergence. Prior work assumes that this threshold is either 
consistent across all users [51], is user-specific [52], [53], or 
task-specific [54], but does not consider how the robot’s own 
behavior might influence this threshold. 

Assumption 2: People Can Accurately Predict If a 
Correction is Necessary 

A person’s decision to correct a robot’s motion can be 
viewed as a label for incorrect behavior; conversely, the lack of 
an intervention can be considered to be an endorsement [48], 
[49]. Current methods for learning from human-provided la-
bels require that the human achieves optimal or near-optimal 
labelling accuracy [55], [56]. While previous works have 
attempted to design algorithms that learn from noisy human-
provided labels [57], [58], the robot’s learning performance 
will still be affected by inaccurate labels. 

Assumption 3: People Trade Off Precision and Effort 
Prior works in interactive robot learning assume that the 

teacher is incentive-driven [52], [54], [59]–[61], providing 
feedback to maximize perceived reward and minimize per-
ceived cost. Existing LfC models, in particular, assume that 
people aim to provide corrections that optimize task perfor-
mance, while being biased toward corrections that require less 
physical effort to provide [16]–[21], [23]. Yet, no prior work 
has empirically validated this trade-off. 

B. Robot Competency 

In response to these assumptions, we now consider addi-
tional factors that may influence how people correct a robot’s 
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Fig. 2: A comparison between predictable (solid lines) and 
legible motions (dashed lines) starting from S to two potential 
goals, A and B. 

behavior. Deployed robots will naturally exhibit different lev-
els of competency across various tasks based on how well their 
training data aligns with their deployment environment [62] 
or constraints of its sensor, actuator, and computational ca-
pabilities [63], [64]. Prior works have shown that the robot’s 
competency is one of the most prominent factors in shaping 
people’s trust [65], expectation [66], and preferences [67] over 
the robot’s behaviors. DelPreto et al. [68] found that when 
a robot performed a task with lower accuracy, participants’ 
trust in the robot decreased, their perception of the robot’s 
intelligence decreased, and their workload increased. Hedlund 
et al. [69] showed that an incompetent robot led people to 
lower their trust in both the robot and in their own teaching 
ability. Paepcke et al. [66] found that setting low expectations 
for the robot’s ability at a task resulted in less disappointment 
and more positive appraisals from participants. 

Overall, these prior works study how the robot’s competency 
affects a person’s subjective perception of it. Yet, they do not 
evaluate how this subjective perception influences how the 
person provides feedback to the robot. From a robot learning 
perspective, other works have focused on the effect of robot 
competency in a setting where people serve as direct teachers 
(i.e., in learning from demonstration) [68], [69]. Yet, this 
remains unexplored in supervisory paradigms such as LfC. 

C. Motion Legibility 

While competency describes the robot’s past behavior, we 
now consider how the robot’s current behavior (i.e., its motion 
trajectory) influences a person’s perception of it while they su-
pervise the robot. Typical motion planning algorithms optimize 
for short and efficient trajectories between the robot’s starting 
position and its goal position. This produces a trajectory that 
is predictable; i.e., the motion that a person would expect to 
see if they already know what goal position the robot is trying 
to reach [61]. To a person who does not know the robot’s goal, 
however, it may be difficult for them predict the robot’s goal 
in real-time as the robot moves. The aim of legible motion is 
to enable an observer to quickly predict the robot’s goal from 
its early motion [61], [70]. This typically results in the robot 
exaggerating its motion toward its goal, as shown in Fig. 2. 

Prior works have verified that legible motion is more effec-
tive at conveying the robot’s intent to a human observer [61], 
[70], [71] and can elicit more informative feedback [72]–[74]. 
Furthermore, legible motion can improve a person’s perceived 
safety [75], comfort [76], trust [77], and positive affect of 
robots [78]. While prior works have focused on generating 

legible motions [61], [70] and incorporating legibility while 
modeling human feedback in task learning [23], [79], its 
nuanced effects on the nature and quality of human feedback 
remain largely unexplored. 

III. RESEARCH QUESTIONS 

Our work investigates the influence of the robot’s compe-
tency and motion legibility on how people correct its behavior. 
Our aim is to inform how we design (1) interactions for 
robots to elicit better correction feedback and (2) learning 
algorithms to interpret corrections for more accurate task 
models. We focus on the following three research questions 
(RQs) investigating how competency and legibility affect the 
validity of the assumptions described in Section II-A. 

RQ1: How do competency and legibility affect when people 
correct the robot? 

In response to Assumption 1 (Section II-A), we consider 
how competency and legibility may aggravate or attenuate a 
person’s threshold for divergence (which informs their deci-
sion of when to correct the robot). We expect that a robot 
exhibiting legible motion will enable people to infer the goal 
of its motion earlier in its trajectory execution, allowing them 
to more quickly assess whether it will be aligned with the 
correct goal (and thus, whether a correction is necessary). We 
also expect that people will trust a highly competent robot 
more, thus raising their threshold for divergence and resulting 
in later corrections. We establish the following hypotheses: 
H1A: When supervising robots with legible motion, people 
will correct the robot earlier in the trajectory (i.e., when there 
is a smaller task objective divergence). 
H1B: When supervising a highly competent robot, people will 
correct the robot later in the trajectory (i.e., will have a higher 
tolerance for task objective divergence). 

RQ2: How do competency and legibility affect people’s accu-
racy in predicting robot success/failure? 

In response to Assumption 2, we expect that people will 
distrust an incompetent robot, and thus are more likely to 
predict that it will fail (even if it would have succeeded using 
its intended trajectory). Similarly, we expect that people will 
trust a highly competent robot, and thus are more likely to 
predict that a failing robot will eventually succeed (until it is 
too late for them to provide a correction). Since legible motion 
enables a person to predict the robot’s goal sooner, we also 
expect legible motions to improve predication accuracy. We 
establish the following hypotheses: 
H2A: People are more likely to miss necessary corrections in 
high-competency conditions. 
H2B: People are more likely to provide unnecessary correc-
tions in low-competency conditions. 
H2C: Legible motions will increase prediction accuracy, re-
gardless of competency condition. 
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