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Abstract

Deploying robots in dynamic, human-populated environments will
require techniques for adaptable robot skill acquisition that ex-
tend beyond pre-programmed functionality. Learning from demon-
stration (LfD) methods enable robots to learn skills from human-
provided trajectories demonstrated in situ. However, prior work
has shown non-expert end-users struggle to provide demonstra-
tions that enable robots to perform complex, multi-step tasks, or
to generalize skill knowledge beyond a specific environment and
task context. This work enables robots to actively participate in the
situated learning interaction by autonomously providing bespoke
guidance in response to end-users’ demonstrations, thus improving
end-users’ ability to teach robots useful skills via LfD. We intro-
duce a novel LfD system integrating foundation model (FM)-based
textual feedback and augmented reality (AR)-based visual feedback.
The FM and AR feedbacks operate synergistically, with FM feedback
helping users break tasks down effectively and with AR feedback al-
lowing users to quickly evaluate how well demonstrations perform
and generalize. This system provides targeted, actionable guidance
throughout the demonstration process: it enhances users’ ability to
define, decompose, and demonstrate modular, repurposable skills
capable of accomplishing complex tasks. We validate our system
with a human-subjects experiment in which participants receive
bespoke feedback as they teach a robot via kinesthetic demonstra-
tions in a pair of robotic manipulation domains. From this study,
we observe positive results demonstrating that the combination of
AR and FM feedback improves the quality and generalizability of
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robot policies, compared to AR feedback alone, FM feedback alone,
or a baseline system where learned skills can be played physically
on the robot.
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1 Introduction and Related Works

Learning from demonstration (LfD) methods enable robots to repli-
cate behavior, given human-provided demonstration trajectories
[1, 19]. While the objective of L{D is to enable non-expert end users
to teach novel skills to robots without explicit programming, thus
improving the flexibility and long-term maintainability of robot
deployments in unstructured settings, in practice it is non-intuitive
to teach robust skills via demonstration, especially for complex
long-horizon tasks [8], such as preparing a meal.

Demonstrators often struggle to improve their demonstrations
via trial-and-error [8], even with the ability to replay learned skills
on the physical robot, which we denote as real robot replay (RRR) in
this work [23]. As such, various instructional materials have been
developed for demonstrators, including written and video-format
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Figure 1: Our proposed system enables human demonstra-
tors to teach a robot to accomplish general tasks within a
domain across three phases. The human receives multiple
modalities of bespoke feedback aimed at improving task de-
composition and skill demonstration quality: Foundation
Model (FM), Augmented Reality (AR), and Real Robot Replay
(RRR) feedback.
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user manuals [4]. One form of video-based instruction enables
users to improve by practicing providing demonstrations in various
domains, then comparing their demonstrations with those of a
robotics expert [16]. However, none of these techniques are capable
of giving targeted, actionable feedback in response to the human’s
demonstrations.

Our key insight is: to maximize the utility of LfD for non-expert
end users, increased robot-to-human guidance and feedback is re-
quired both before and during the actual teaching process. We
propose an interactive, situated learning [5] interface, where end
users provide candidate skill decompositions and demonstrations
in environmental context, which the robot uses to infer demonstra-
tor intent; this intent is leveraged to provide tailored feedback on
how the decompositions and demonstrations could be improved.
We propose hierarchical, inter-related feedback including: (1) plan-
ning guidance to decide on a set of skills that will generalize to
novel tasks and (2) teaching guidance to assess how provided skill
demonstrations will perform and generalize.

To obtain planning feedback on whether a set of skills will gen-
eralize to novel tasks, we employ foundation models (FMs). FMs —
models that are trained on large, broad sets of data to adapt to wide
ranges of downstream tasks [2] — have the potential to serve as
useful learning signals for demonstrators, as they can break down
tasks into skills with varying degrees of abstraction [21, 28], an
ability which is directly applicable to task decomposition.

Having received feedback about what skills to teach, the demon-
strator now requires teaching feedback, i.e. guidance as to whether
the learned skill will be executed as intended. We investigate pro-
viding FM teaching feedback on individual skill demonstrations,
as FMs have been shown to be able to detect whether robot tasks
were successful [7, 14]. To the authors’ knowledge, prior work

has yet to use FMs as a tool for giving feedback to improve L{D
demonstrations.

Augmented reality (AR) visualizations serve as an additional
source of teaching feedback, as AR has the unique ability to project
simulated robot behavior 3-dimensionally into the robot’s envi-
ronment, allowing users to see and understand what a robot is
likely to do before deployment [20, 27]. AR visualizations have
been used to analyze the behavior demonstrated to and learned
via an LD policy [13]. In our proposed system, AR visualization
acts as a useful debugging tool for end users [11], allowing users to
evaluate the safety of learned trajectories as well as whether the
robot has learned skills as intended. Our work extends upon prior
functionality, enabling users to visualize not only how a learned
policy will execute, but also how it will generalize to changing tasks
and environments.

Prior works have developed multi-modal human-robot interac-
tion interfaces that incorporate AR and FM components [24]. For
example, MARCER is a visual programming system that uses an
FM to generate plans from pre-defined skills (i.e., users do not teach
the skills) given user task descriptions; then, users can visualize
and adjust the generated plans using AR [10]. Our system differs
from prior approaches such as MARCER, in that ours supports task
decomposition and physical skill teaching via human demonstra-
tion, enabling robots to learn new motor skills rather than relying
on pre-defined ones. Thus, while MARCER is complementary to
our approach, our system directly advances physical skill teaching
and task decomposition for L{D.

We propose a novel LfD interactive feedback system where users
program a full stack robot to perform multi-step tasks in which the
robot automatically provides planning and teaching feedback. Our
system (1) assists users in dividing a larger task into component
base-level skills, to provide modularity and flexibility for new task
variants, and (2) helps users ensure that the skills demonstrated are
robust to changes in the environment or task description, allowing
them to add or modify demonstrations to remedy any deficiencies.
We empirically validate our system’s benefits on demonstration
quality and user experience through a human subjects experiment.

In this work, we contribute the following:

(1) We present a novel L{D interactive learning system enabling
users to decompose and program complex multi-step robotic
tasks with the aid of autonomously generated, bespoke AR
and FM feedback. This feedback closes the interaction loop,
improving demonstrator capability to effectively teach the
robot.

(2) We empirically validate the benefit of our system in a human-
subjects study spanning two manipulation domains, com-
pared to ablated baselines: AR feedback alone, FM feedback
alone, and a baseline system where learned skills can be
played physically on the robot (RRR feedback).

(3) Our results demonstrate that the dual bespoke feedback
modalities provided by our system lead to improved demon-
stration quality (in terms of measured robot performance on
seen and unseen tasks), as well as enhanced perceptions of
learned trust, and improved alignment between measured
robot performance and user-predicted robot performance.
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Figure 2: Overview of the foundation model feedback pipeline.

2 Methods

This section describes the different phases in which feedback is
provided as well as the various feedback modes.

2.1 Feedback Phases

The automated feedback provided by our proposed system is spread
across multiple phases, depicted in Fig. 1. Phase 1 (Task Decom-
position) is a planning phase, where demonstrators define a list of
low-level skills that must be taught to a robot for it to perform tasks
in a chosen domain. This list of skills is then passed to the teach-
ing phases: Phase 2 (Providing Skill Demonstrations) and Phase
3 (Task Recipe Creation). Here, demonstrators deliver demonstra-
tions to the robot for each defined skill, and compose those skills
into recipes for accomplishing novel tasks.

2.1.1  Phase 1: Task Decomposition. Given a set of tasks that must
be accomplished in a domain (e.g., potting soil mixing), the first
step of our LfD pipeline is for the demonstrator to decide what set
of novel low-level skills (e.g., go to the sand bucket) are needed.
Breaking down a complex task (e.g., create a soil mixture with two
scoops of sand and one scoop of lime) into component skills is
not intuitive [8]. Skills must strike the right balance of abstraction,
with enough specificity to successfully learn the skill, but enough
generalizability to be applicable to multiple tasks, and be robust
to changes in environment configuration. Providing feedback in
this phase, which is prior to the user taking time to physically
demonstrate each skill, can save the demonstrator time and effort,
thereby improving the experience and efficiency of teaching.

2.1.2  Phase 2: Providing Skill Demonstrations. Once the demonstra-
tor has decided on a list of skills to teach the robot, the demonstra-
tor proceeds to provide demonstrations for each skill. Collecting
demonstrations can be done in many ways for LfD [19]; for our im-
plementation, we chose kinesthetic teaching (i.e., physically moving
the robot through each skill and recording the trajectories). Pro-
viding feedback in this phase enables the user to quickly identify
errors and re-record demonstrations as needed.

2.1.3  Phase 3: Task Recipe Creation. Once all skills have been
demonstrated, the user can compose these skills sequentially to

enable the robot to execute novel tasks. Providing feedback in this
phase enables the demonstrator to observe how their skills chain to-
gether to execute a multi-step task, allowing them to add, redefine,
or alter skills as needed.

2.2 Feedback Modes

Our final contributed system consists of FM Planning feedback
(Section 2.2.1) for task decomposition and AR Teaching feedback for
skill learning (Section 2.2.2). We include Real Robot Replay (Section
2.2.3) as a baseline condition rather than part of the system itself. We
also evaluated an FM Teaching feedback module (Section 2.2.1) for
skill learning, but because it did not improve teaching effectiveness,
it is treated as an ablation and is not part of the final system. We
employ Chatgpt-40 as our foundation model throughout all phases;
full prompts and inputs (described in the following sections) and
example FM outputs are provided in Section E of the Appendix.

2.2.1 Foundation Model Feedback. Two forms of FM feedback are
evaluated in this work.

FM Planning Feedback The large language model (LLM) prompt-
ing process for providing feedback to the demonstrator-provided
task decomposition (Section 2.1.1) is depicted in Fig. 2a. First, the
Task Decomposition LLM generates a candidate task decomposi-
tion using high-level environment and domain descriptions and
list of tasks as input. Next, the Error Classifier LLM uses the Task
Decomposition LLM’s candidate task decomposition as a reference
to provide feedback for a user’s input. The Error Classifier LLM
is prompted to direct its feedback according to a predefined list of
errors, defined in Section E of the Appendix. The two-step LLM
prompting architecture is informed by the general technique em-
ployed in [15] who show that passing the initial response of an
LLM into its subsequent prompt is helpful for improving the quality
of responses.

FM Teaching Feedback The vision language model (VLM) prompt-
ing process for providing personalized feedback to the demonstrator
on the quality of their skill demonstrations (Section 2.1.2) is de-
picted in Fig. 2b. First, the Image Descriptor VLM summarizes the
initial and final images of the demonstration’s video recording.
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Figure 3: AR generalization capability for the soil mixing
domain, with overlaid AR feedback showing an animation of
a learned skill, applied relative to multiple bins as separate
robot animations.

Next, we input these summaries into the Error Classifier VLM to
provide personalized feedback to the demonstrator on the quality of
their skill demonstrations. While these summaries are informative
regarding the state change resulting from the demonstration, they
do not improve the VLM’s spacial and temporal understanding of
the robot’s trajectory. To address this gap, we take inspiration from
prior visual prompting work that overlays a trajectory on an im-
age [22] and propose a novel visual prompt component: a 3D plot,
colored according to a temporal gradient, of the demonstration’s
end effector trajectory from the same point of view as the image
data. The Error Classifier VLM is prompted to direct its feedback
according to a predfined list of errors, defined in Section E of the
Appendix. Although we evaluated FM Teaching feedback in our
human-subjects study, it did not improve participants’ ability to
teach skills. As such, FM Teaching feedback is not a part of our
final, contributed system, which consists only of FM Planning and
AR Teaching feedback. We include the module’s description and its
negative result solely for completeness and reproducibility.

2.2.2  Augmented Reality Feedback. Throughout the teaching phases,
users will be able to view simulated robot trajectories projected
into and animated within the environment using an augmented
reality headset (Microsoft HoloLens 2). For each AR feedback type,
users are able to view the animated robot from any angle, as well
as play, pause, and alter the playback speed of the animation.

AR Teaching Feedback

(1) Learned Skill Visualization: Users can view skill trajectories
learned from their demonstrations, similar to [13], but in-
stead of showing static trajectories, the entire robot is shown
animated. This feedback enables users to ascertain whether
the robot is likely to perform as intended.

Skill Generalizability Visualization: Users can view skill tra-
jectories learned from their provided demonstrations, ap-
plied to one or more (up to four) objects of interest simulta-
neously. For example, a single learned “scoop” skill could be
visualized with respect to bins of sand, lime, and manure. To
visualize this, multiple robots of different colors are animated

(2
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simultaneously (Figure 3.) This feedback enables users to see
how their skills generalize to different setups.

(3) Learned Task Visualization: Having specified a recipe of
learned skills to accomplish a task, users can view the learned
task in AR, animated end-to-end. This feedback enables
rapid debugging of taught skills, without requiring time-
consuming and dangerous testing on the real robot.

2.2.3  Real Robot Replay Feedback. As abaseline feedback modality,
participants could replay learned skills on the physical robot, which
is a de facto standard debugging mechanism in LfD systems. Users
were able to deploy either individual learned skills or full task
recipes on the robot.

2.3 Robot Learning Algorithm

In this work, we only collect one demonstration from each partici-
pant per skill. We employ a trajectory-based robot learning from
demonstration algorithm, namely Cartesian Dynamic Movement
Primitives' (DMP), as they have the ability to learn quickly (provid-
ing more time for human-in-the-loop trial-and-error) from limited
demonstration data, without need for a robust environment simu-
lator, while possessing sufficient generalizability to handle minor
modifications in environment or task specification (e.g., changing
object locations). The state space includes the robot joint angles,
gripper state (open or closed), and the position and orientation of in-
teractable objects in the environment with respect to the robot base
link. When deploying the learned skill we fit the Cartesian-space
DMP to the participant’s demonstration’s end-effector trajectory,
adapted to the desired start and goal location. We then use inverse
kinematics to obtain a joint-space waypoint sequence. The grip-
per’s actuation state (open/closed) is not learned using a DMP -
instead it is resampled with nearest-neighbor interpolation for the
duration of the learned skill.

The desired starting location of a skill is defined as the current
position of the arm. To enable skill generalizability to multiple
items and item locations, we allow participants to specify a skill’s
goal location with respect to any object whose location is tracked
using AprilTags. For instance, say a participant teaches the skill “go
to bucket"” and ends their demonstration 5 inches above the sand
bucket. If the participant specifies that they are teaching that skill
with respect to the sand bucket, then the system learns that the
goal location should be 5 inches above the assigned object for that
skill. If the sand bucket later moves, or if the participant wants to
apply this skill to a different object (e.g., the lime bucket), the new
goal location of the skill will be 5 inches above the current position
of the object of interest. Without an object of reference, the DMP
goal location remains the final location of the demonstration.

3 Human Subjects Experiment

We conduct an IRB-approved human subjects experiment to inves-
tigate the impact of the different modes of feedback provided by
the interface on the quality of the demonstrations provided and
user experience. The research questions we investigate are:

RQ1) Does the full system enable participants to be objectively more
effective robot teachers, such that participants achieve higher robot

! The implementation we employ is based upon https://pypi.org/project/movement-
primitives/0.4.0/.
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task completion scores with less teaching time?

RQ2) Does the full system subjectively bolster alignment between
user-predicted robot performance and actual robot task completion?
RQ3) As an exploratory question, we also ask How does participant
usage of the feedback relate to objective and subjective outcomes, and
what individual differences predict feedback usage?

3.1 Conditions

We conduct a 4x1 between-subjects experiment. The feedback con-
dition, determining which feedback types are provided, is the inde-
pendent variable:

(1) Base Interface (Neither): The interface allows the demonstra-
tor to break down the task into skills, record demonstrations
for each skill, and pick skills to assign to each task. The only
form of feedback provided to the demonstrator throughout
the process is RRR teaching feedback, available in phases 2
and 3, enabling learned skill and learned task replay.

(2) Augmented Reality (AR): In addition to the Base Interface, AR
teaching feedback is available in phases 2 and 3, including
the ability to view a learned skill, skill generalizability, and
a learned task (chained skills assigned to a task).

(3) Foundation Model (FM): In addition to the Base Interface, FM
feedback is available in phases 1 and 2, including FM plan-
ning feedback on the task decomposition and FM teaching
feedback on the demonstrated skills.

(4) Full Interface (Both): In addition to the Base Interface, all
forms of feedback are available.

The ordering of experimental domains (denoted domain order-
ing) is also randomized and counterbalanced between conditions.
All participants experience a practice domain (block touching) first,
with no feedback given to participants. The two experimental do-
mains employed in this work — table setting (i.e., set the table for
two people where each person has a different preference of uten-
sil placement) and potting soil mixing (i.e., create soil mixtures
composed of different quantities of three materials: sand, lime, and
manure) — are drawn from prior work [16].

3.2 Policy Evaluation Scenarios

In each domain, we evaluate the learned policy on two known and
four held-out scenarios. A detailed description of the six tasks and
images of the two environment configurations in each domain can
be found in Table 1 and Figure 5 of the Appendix.

Known: These are in-distribution tasks that the participant knows
about when teaching, for a set environment configuration.
Task-Generalizing (held-out): After the participant concludes the
teaching portion of the study in all domains, participants are asked
to use the skills they taught to create recipes (Phase 3) for a set of
two novel held-out tasks, which take place in the same environment
configuration, but can only be accomplished if the learned skills
are properly abstracted.

Environment-Generalizing (held-out): A third set of two tasks
consists of the same tasks as the known tasks, in a new environment
configuration (i.e., same objects, different locations/orientations).
As the task was already presented to the participant in a different
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environment configuration, the skills assigned to this new envi-
ronment configuration are auto-populated for the participant to
evaluate the robustness of the policy to changing item locations.

3.3 Metrics

We administer a pre-study questionnaire containing the Mini-IPIP
Personality survey [6], the Negative Attitudes Towards Robots
Scale (NARS) [17], and demographic information (age, gender, racial
group, education, field of work/study, and prior computer experi-
ence measured by the Computer Usage Checklist [18] and prior
robotics experience [16]).

When participants engage with the system we track the number
of times each feedback type is used in each domain, and teaching
duration for each domain. To evaluate participant perceived robot
performance we employ a hand-crafted 4-item Likert Scale with
five options ranging from Strongly Disagree (1) to Strongly Agree
(5), with an I don’t know (0) option. We provide the list of questions
and the scale’s Cronbach’s & in Section B.1.1 of the Appendix.

We administer a post-study questionnaire containing the NASA
Task Load Index (NASA-TLX) [9], Multi-Dimensional-Measure of
Trust (MDMT) [26], and System Usability Scale [3]. Post-hoc, the ex-
perimenters run the assigned recipe for each task on the real robot,
annotating the ground truth binary success of discrete checkpoints
(Table 2 of the Appendix) to obtain percent task completion.

3.4 Procedure

Participants first completed a practice domain to familiarize
themselves with kinesthetic teaching, then taught a Kinova Jaco
Gen2 robot two tasks in each domain under their assigned feedback
condition. Teaching was limited to 40 minutes per domain. After
teaching, participants composed task recipes (Phase 3) for the held-
out tasks, and we collected participants’ subjective feedback.

4 Results and Discussion

We report results from n=48 (6 participants X 4 feedback conditions
X 2 domain orderings) (61.7% female; mean age = 26.0; standard
deviation = 3.46). Each participant was compensated $40 for com-
pleting the two and a half hour study. We report the results of our
study and establish statistical significance at the @ = 0.05 level.

In our analysis we verify the assumption of normality of residu-
als using the Shapiro-Wilk test and the assumption of homogeneity
of variance using Levene’s Test. If the data pass these assumptions
we employ an Analysis of Variance (ANOVA). When determining
subsequent pairwise comparisons, we employ Tukey’s HSD. When
correlations are evaluated, if the data passes the aforementioned
assumptions, we employ Pearson’s correlation. If the data fail to
pass assumptions of normality of residuals and homogeneity of
variance, or if the data is not inherently normally distributed (ordi-
nal or count data) [25], we employ non-parametric equivalents for
the aforementioned tests: the Kruskal-Wallis rank sum test with
post-hoc Dunn’s test for pairwise comparisons, or the Spearman’s
rank correlation coefficient. Finally, when applicable, we apply Bon-
ferroni Correction to control the family-wise error rate and reduce
the chance of making a Type I (false positive) error. In this section,
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we summarize the significant findings. Full statistical results, in-
cluding non-significant comparisons, and participant quotes are
provided in Appendix Sections C - D for completeness.

4.1 ROQ1

In RQ1 we investigate whether the full system enables participants
to be objectively more effective robot teachers such that participants
achieve a higher task completion scores with less teaching time.

RQ1.a. We first investigate whether the Both condition outper-

forms the AR, FM, and Baseline (Neither) conditions across all tasks
and for each task type (known tasks and generalization tasks includ-
ing task generalization and environment generalization) in terms
of task completion. We apply Bonferroni Correction, and report
results with respect to a significance level of 0'—;)5 = 0.01. The impact
of feedback type on task completion is depicted in Fig. 4.
All Tasks When we aggregated participant task completion across
all tasks for each domain assumptions of residual normality (p
= 0.116) and homogeneity of variance (p = 0.098) were satisfied.
As such we performed a three-way ANOVA on average task com-
pletion, with the fixed effects of feedback condition, domain, and
domain condition, and the feedback condition x domain interac-
tion term. We find that the main effect of Feedback is significant
(F(3,87) = 8.67, p < .001). Tukey’s HSD showed that participants
in the Both (M=0.556) feedback condition had significantly higher
task completion scores than participants in the AR (M = 0.319, p =
0.009, d = 0.972), FM (M = 0.313, p = 0.007, d = 0.997), and Neither
(M =0.193, p < 0.001, d = 1.47) feedback condition.

An ANOVA on task completion with predictors for feedback and
task type (with interaction effects) shows that the Both condition
outperforms all ablations, and this effect is not dependent upon task
type. We find a main effect of feedback (F(3,44)=7.10, p<0.001, gen-
eralized eta-squared (ges) =0.276) and task type (F(1.36,59.88)=46.26,
p<0.001, ges=0.181) but the feedback-task type interaction effect
is not significant (F(4.08,59.88)=0.95, p=0.442, ges=0.013). Tukey’s
HSD showed that participants in the Both (M=0.556) feedback con-
dition had significantly higher task completion scores than partici-
pants in the AR (M=0.319, p =0.026, d=0.693), FM (M=0.312, p=0.021,
d=0.711), and Neither (M= 0.193, p<0.001, d=1.06) feedback condi-
tions. Thus, the full system enables participants to be objectively
more effective robot teachers in terms of task completion across
task types.

Known Tasks As assumptions of residual normality (p = 0.007)
and homogeneity of variance (p = 0.535) were not satisfied we em-
ployed a Kruskal-Wallis rank sum test on average task completion
across feedback conditions. We found a significant effect of feed-
back on average task completion (x? (3) = 11.5, p = 0.009). Dunn’s
test showed that participants in the Both feedback condition had
significantly higher task completion scores than participants in the
Neither feedback condition (Z = 3.32, p = 0.005).

Generalization Tasks As assumptions of residual normality (p =
0.004) and homogeneity of variance (p = 0.023) were not satisfied
we employed a Kruskal-Wallis rank sum test on average task com-
pletion across feedback conditions. We found a significant effect
of feedback on average task completion (y? (3) = 22.5, p < 0.001).
Dunn’s test showed that participants in the Both feedback condition
had significantly higher task completion scores than participants

in the Neither feedback condition (Z = 4.71, p < 0.001).

Task Generalization Tasks As assumptions of residual normal-
ity (p = 0.022) and homogeneity of variance (p = 0.060) were not
satisfied we employed a Kruskal-Wallis rank sum test on average
task completion across feedback conditions. We found a significant
effect of feedback on average task completion (y? (3) = 19.9, p <
0.001). Dunn’s test showed that participants in the Both feedback
condition had significantly higher task completion scores than par-
ticipants in the Neither feedback condition (Z = 4.39, p < 0.001).
Environment Generalization Tasks As assumptions of resid-
ual normality (p < 0.001) and homogeneity of variance (p = 0.052)
were not satisfied we employed a Kruskal-Wallis rank sum test
on average task completion across feedback conditions. We found
a significant effect of feedback on average task completion (y?
(3) = 25.7, p < 0.001). Dunn’s test showed that participants in the
Both feedback condition had significantly higher task completion
scores than participants in the FM (Z = 3.57, p = 0.002) and Neither
feedback condition (Z = 4.89, p < 0.001).

Impact of Feedback Type on Task Completion

p =0.009
p =0.007
p <0.001
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Figure 4: Impact of feedback type on policy performance
across all tasks. The Both feedback condition rates signifi-
cantly higher on task completion compared to the Neither,
FM, and AR feedback conditions.

RQ1.a Takeaway: We find that participants in the Both condition
outperform participants in the AR, FM, and Neither feedback condi-
tions across all tasks and that this effect is not dependent upon task
type. As expected when subdividing data by task type, we observe
lower statistical power. We find that the Both condition outperforms
the Neither condition across all task types (known, environment gen-
eralization, and task generalization). Additionally, the Both condition
outperforms the FM-condition in environment generalization tasks.
We report non-significant comparisons in the Appendix.

RQ1.b. We investigate whether the Both condition will outper-
form the AR, FM, and Baseline (Neither) conditions in terms of
teaching time. Details about teaching duration pre-processing can
be found in Section B of the Appendix. As assumptions of residual
normality (p < 0.001) and homogeneity of variance (p < 0.001) were
not satisfied, we employed a Kruskal-Wallis rank sum test on teach-
ing duration across feedback conditions. We found a significant
effect of feedback on teaching duration (y? (3) = 10.1, p = 0.018).
Dunn’s test showed that participants in the Both feedback condition
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had significantly higher teaching duration than participants in the
Neither (Z = 2.77, p = 0.033) and AR (Z = 2.74, p = 0.037) feedback
condition.

RQ1.b Takeaway: Participants in the Both condition took longer
to teach compared to participants in the Neither and AR conditions.

RQ1 Takeaway: The combination of AR and FM feedback
improves the performance of taught skills, and the ability of
those skills to successfully generalize to task and environment
changes. This added performance and generalizability comes
at the cost of increased teaching duration. This is an expected
tradeoff in systems that support generalization, as users spend
more time refining skills based on feedback.

42 RQ2

In RQ2 we investigate whether the full system subjectively bolsters
alignment between user-predicted robot performance and actual
robot task completion. Details about data pre-processing to obtain
misalignment scores can be found in Appendix Section B. As our
calculated misalignment is ordinal, we employ Kruskal-Wallis rank
sum test to investigate this research question. As we investigate
the impact of feedback condition on alignment for all tasks, known
tasks, and generalizability tasks, we apply Bonferroni Correction
and report results with respect to a significance level of % =0.017.
Alignment on All Tasks We employ a Kruskal-Wallis rank sum
test on participants’ overall misalignment score across feedback
conditions. We found a significant effect of Feedback on partici-
pants’ misalignment (y? (3) = 10.9, p = 0.012). Dunn’s test showed
that participants in the Both condition had significantly higher
alignment than those in the Neither condition (Z = 3.11, p = 0.011).
Alignment on Known Tasks We employ a Kruskal-Wallis rank
sum test on an participants’ overall misalignment score across
feedback conditions and do not find a significant effect of feedback
condition on alignment.

Alignment on Generalization Tasks We employ a Kruskal-Wallis
rank sum test on an participants’s overall misalignment score across
feedback conditions. We found a significant effect of Feedback
on misalignment (y? (3) = 10.7, p = 0.013). Dunn’s test showed
that participants in the Both condition had significantly higher
alignment than those in the Neither condition (Z = 3.25, p = 0.007).

RQ2 Takeaway: The combination of AR and FM feedback im-
proves alignment between true robot performance and predicted
robot performance across all tasks and across generalization
tasks compared to just RRR.

43 RQ3

In RQ3 we conduct an exploratory investigation of how partici-
pant usage of the feedback tools relate to objective and subjective
outcomes, and what individual differences predict usage.

RQ3.a Objective Outcomes. We first investigate whether the de-
gree of participant usage of the available feedback tools objectively
positively correlate with task completion scores. As feedback usage
is count data, we employ Spearman’s rank correlation coefficient
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on each of these three feedback sources. We apply Bonferroni Cor-
rection, and report results with respect to a significance level of
0'—35 = 0.01. We found a significant positive correlation between AR
feedback usage and task completion (p = 0.212, n = 432, p < 0.001),
suggesting that increased AR usage was associated with higher task
completion scores. We further found a significant positive corre-
lation between FM planning feedback usage and task completion
(p = 0.134, n = 432, p = 0.005), suggesting that increased FM plan-
ning feedback usage was associated with higher task completion
scores. Because FM Teaching feedback was not correlated with task
completion, it is treated as an ablation rather than part of the final
system. We report this result for completeness, and our final system
consists of FM Planning and AR Teaching feedback only.

RQ3.a Takeaway: Increased usage of AR teaching and FM planning
feedback are correlated with higher robot performance. However, use
of FM teaching feedback had no correlation with robot performance.

RQ3.b Subjective Outcomes. We next investigate whether the de-
gree of participant usage of the available feedback tools subjectively
impact participant perceptions of and attitudes toward the system,
including workload, learned trust, and usability. As we investigate
the correlation between each of these three factors and the three
forms of feedback, we apply Bonferroni Correction, and report
results with respect to a significance level of % =0.0056.

Workload: We employ Spearmans’s rank correlation coefficient
on each feedback usage condition and observe a significant posi-
tive correlation between RRR feedback usage and workload (p =
0.192, n = 432, p < 0.001), suggesting that increased RRR usage was
associated with higher workload.

Learned Trust: We employ Spearmans’s rank correlation coeffi-
cient on each feedback usage condition. We observe a significant
positive correlation between AR feedback usage and learned trust
(p = 0.140, n = 432, p = 0.004), suggesting that increased AR usage
was associated with higher learned trust. We observe a significant
positive correlation between FM feedback usage and learned trust
(p = 0.146, n = 432, p = 0.002), suggesting that increased FM usage
was associated with higher learned trust. We observe a significant
negative correlation between RRR feedback usage and learned trust
(p =-0.177,n = 432, p < 0.001), suggesting that increased RRR usage
was associated with lower learned trust.

Usability: We employ Spearman’s rank correlation coefficient
on each feedback usage condition, but do not find a significant
correlation between AR, FM, or RRR feedback usage and usability.

RQ3.b Takeaway: Increased use of AR and FM feedback increases
learned trust. Increased use of RRR feedback decreases learned trust
and increases workload.

RQ3.c Predictors of Usage. We conduct an exploratory investiga-
tion of predictors of participants’ degree of usage of the feedback
tools provided, including personality traits, negative attitudes to-
wards robots, and prior experience. Identifying such participant
traits can (1) inform future human-robot interaction design prac-
tices, and (2) ensure that inferences about the use of such systems
are not confounded by unmodeled, easily measured sources of vari-
ance. As feedback usage is count data, to address this research
question we employ Spearman’s rank correlation coefficient on
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each of these three feedback sources, filtering the data such that
each correlation only includes participants with access to the form
of feedback.

Personality: We employ Spearman’s rank correlation coefficient
on the usage of each feedback type for each of the five personality
subscales and apply Bonferroni Correction, reporting results with
respect to a significance level of % = 0.003. We find a significant
positive correlation between RRR feedback usage and agreeableness
(p =0.170, n = 432, p < 0.001) as well as openness (p = 0.158, n =
432, p = 0.001) and a significant negative correlation between RRR
feedback usage and conscientiousness (p = -0.235, n = 432, p <
0.001). Takeaway: High conscientiousness scores are correlated with
decreased RRR feedback usage. High agreeableness and openness scores
are associated with increased RRR feedback usage.

Negative Attitudes: We employ Spearman’s rank correlation co-
efficient on the usage of each feedback type for each of the three
NARS subscales (Negative Situations of Interaction with Robots
(HRI), Negative Social Influence, and Negative Emotions in HRI)
and the NARS scale overall and apply Bonferroni Correction, re-
porting results with respect to a significance level of % =0.004.
We found a significant negative correlation between AR feedback
usage and the NARS Scale (p = -0.263, n = 288, p < 0.001), the Neg-
ative Attitudes toward Situations of HRI subscale (p = -0.233, n =
288, p < 0.001), and the Negative Attitudes toward Emotions in HRI
subscale (p = -0.231, n = 288, p < 0.001). We found a significant
negative correlation between RRR feedback usage and the Negative
Attitudes toward Situations of HRI subscale (p = -0.160, n = 432, p
< 0.001) as well as the Negative Attitudes toward the Social Influ-
ence of Robots subscale (p = -0.255, n = 432, p < 0.001). However
we found a significant positive correlation between RRR feedback
usage and the Negative Attitudes toward Emotions in HRI subscale
(p = 0.155, n = 432, p = 0.001). Takeaway: Less negative attitudes
toward the robot are correlated with higher AR usage. The impact of
negative attitudes on RRR usage is more nuanced, with two subscales
negatively and one subscale positively correlated with RRR usage.

Prior Experience: We employ Spearman’s rank correlation co-
efficient on the usage of each feedback type for the prior robot-
ics experience scale and the prior computer experience scale and
apply Bonferroni Correction, reporting results with respect to a
significance level of % = 0.0083. We found a significant positive
correlation between prior robotics experience and AR feedback
usage (p = 0.227, n = 288, p < 0.001), suggesting that less prior ro-
botics experience is associated with decreased AR feedback usage.
Takeaway: Prior robotics experience is positively correlated with AR
feedback usage.

RQ3.c Takeaway: Negative attitudes towards robots influence the
use of RRR and AR feedback. Personality traits influence the use of RRR
feedback. Additionally, prior robotics experience positively influences
AR feedback use.

RQ3 Takeaway: Participant usage of the final system (com-
posed of FM planning and AR teaching feedback) is correlated
with objective outcomes (robot performance). Participant usage
of AR and FM feedback is correlated with subjective outcomes
(learned trust). Negative attitudes towards robots, personality
traits, and prior robotics experience influence feedback usage.

4.4 Limitations and Future Work

When visualizing a full task in AR, all skills are learned at once
and then deployed to the headset. Because of this, if any skills alter
the environment, these changes are not registered or visualized for
subsequent skills. For our user study, we assume that any object
grasped shares the location of the end effector until it is dropped
(thus assuming that the grasp was successful). This ensures that the
location of the item is known for later skills, whose goal location
may be defined relative to that item. Future work could consider
employing a simulator to relax the assumption of a successful grasp.

This work employs AprilTags for object detection, and includes
object labels to facilitate FM scene understanding. Future work
could develop a more robust sensing and perception pipeline by
incorporating object classifiers and semantic labeling/segmentation
to input explicit scene observations into the Image Descriptor VLM
prompt to reduce incorrect item identification and VLM hallucina-
tion rate. This would likely improve the utility of the FM teaching
feedback, as one of our system failure cases was instances where
the FM teaching feedback pipeline would hallucinate or incorrectly
identify objects in the environment. Future work could additionally
explore structured ways for non-expert end users to provide cus-
tom initial environment and domain descriptions to LLM or VLM
prompts, thus improving the flexibility of FM feedback.

5 Conclusion

We develop an interactive feedback system that provides bespoke,
autonomously generated feedback to non-expert demonstrators,
enabling higher objective policy performance compared to system
baselines in a learning from demonstration (LfD) paradigm. Our
novel LfD system provides guidance both to inform the process of
planning what skills to teach, and the process of demonstrating
those skills. We generate this guidance with foundation models,
which help evaluate the necessity and sufficiency of skills, and
through augmented reality visualization, which helps evaluate skill
generalizability and enables lightweight debugging. We empirically
validate our system’s benefits compared to ablated baseline systems:
AR feedback alone, FM feedback alone, and a baseline system with
neither AR nor FM feedback but where learned skills can be played
physically on the robot. We observe positive results for our final
system that synthesizes FM planning and AR teaching feedback
on human-provided demonstration quality (in terms of measured
robot performance on seen and unseen tasks), learned trust, and
alignment between measured robot performance and user-predicted
robot performance.
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1 Tasks

In this section we list the domains and tasks of this study (Table 1) and the scoring rules for obtaining task completion (Table 2). The two

experimental domains and their respective environment configurations are depicted in Figure 1.

Table 1: Task and environment configurations (designed with varying object locations and orientations).

Environment | Block Touching Soil Mixing Table Setting
Config 1 Touch the red block, | Make a soil mixture | Set a fork to the right of
Known then touch the green | with one scoop of sand | the plate for Person 1.
block. and one scoop of lime.

Config 1 Touch the green block, | Make a soil mixture | Set a fork to the right
then touch the blue | with two scoops of lime | of the plate for Person
block. and one scoop of sand. | 1, and a fork to the left

of the plate for Person

2.
.. Config 1 N/A Make a soil mixture | Seta fork to the right of

Task Generalizing .

with one scoop of sand, | the plate for Person 1,
one scoop of lime, and | and set a fork to the left
one scoop of manure. and a knife to the right
of the plate for Person

2.

Config 1 N/A Make a soil mixture | Seta fork to the left and
with two scoops of sand | a knife to the right of
and one scoop of ma- | the plate for Person 1,
nure. and set a fork to the

right of the plate for Per-
son 2.
.. Config 2 N/A Make a soil mixture | Seta fork to the right of
Env. Generalizing .
with one scoop of sand | the plate for Person 1.
and one scoop of lime.

Config 2 N/A Make a soil mixture | Set a fork to the right
with two scoops of lime | of the plate for Person
and one scoop of sand. | 1, and a fork to the left

of the plate for Person
2.

2 Data Pre-Processing and Statistical Analysis
2.1 Predicted Robot Performance Likert Scale

Our hand-crafted scale questions include:

(1) The robot will succeed at accomplishing the task with the recipe I created.
(2) The robot’s execution of this task will be as I intended.

(3) The robot understood what I wanted it to do for this task.

(4) The robot will not perform the task well, given my demonstrations. (-)

2.1.1 Cronbach’s Alpha. As the reliability of a scale may be time-dependent we report the Cronbach’s « for the Predicted Robot Performance
Likert scale for each task and each domain, depicted in Table 3. We find that all « values are above 0.6 (ranging from 0.643 to 0.827).

1
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Table 2: Task Breakdown and Task Completion Scoring

Domain Example Task Optimal Breakdown Max Task Completion Score
Soil Mixing  Create a plant mixture (1) Go to [sand] e +1 if scoop moves above material
with one scoop of sand (2) Scoop [sand] bucket, within 6 inches of the top
and two scoops of ma- (3) Carry to [mixing bucket] of the bucket
nure. (4) Drop in [mixing bucket] o +1ifscoop enters the space of the
(5) Go to [manure] material bucket, with a motion to
(6) Scoop [manure] gather material
(7) Carry to [mixing bucket] e +1 if scoop does not tilt and
(8) Drop in [mixing bucket] moves above mixing bucket
(9) Go to [manure] e +1 if scoop tilts into mixing
(10) Scoop [manure] bucket
(11) Carry to [mixing bucket]
(12) Drop in [mixing bucket]
Table Setting  Set a fork to the right (1) Go to [fork 1] e +1 if end effector moves within 6

of the plate for Person 1
and a fork to the left of
the plate for Person 2.

(2) Pick up [fork 1]

(3) Go to right [plate 1]
(4) Drop utensil [fork 1]
(5) Go to [fork 2]

(6) Pick up [fork 2]

(7) Go to left [plate 2]
(8) Drop utensil [fork 2]

inches of utensil with open grip-
per

+1 if end effector closes while
touching utensil

+1 if end effector moves over cor-
rect utensil target location (left
or right of plate)

+1if end effector opens over cor-
rect utensil target location

Table 3: Cronbach’s a for Perceived Performance Likert Scale

2.2 Misalignment

Domain | Task | Cronbach’s a
Soil T1 0.816
Soil T2 0.803
Soil T3 0.658
Soil T4 0.681
Soil T5 0.787
Soil Té6 0.812

Table T1 0.775
Table T2 0.757
Table T3 0.688
Table T4 0.643
Table T5 0.753
Table T6 0.827

To calculate misalignment between user-predicted performance and true policy performance (task completion) we obtain participants’
prediction for a task by summing their Predicted Robot Performance Likert scale responses together, and then normalizing by the maximum
possible score, to get a value between 0 and 1. Then, we take the absolute difference with the actual robot task completion score from that
task (also between 0 and 1).

2.3 Teaching Duration

Teaching duration is automatically measured by the interface through obtaining timestamps at the beginning and end of teaching for a
domain. However, the 40 minute time limit for teaching duration was enforced by an analog timer in the experiment space, which was
paused temporarily on rare occasions to resolve technical difficulties during the study (e.g., restarting the robot after an e-stop). As this
time spent paused was not the result of added teaching time, the teaching duration for each domain is capped at 40 minutes, even if the
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(b) Table setting with configuration 1 on the left and configuration 2 on the right.

Figure 1: Environment configurations for both domains

teaching interface was active for longer than 40 minutes. Additionally, the collected teaching duration data for the soil mixture domain for
one participant was corrupted, and is not included in this analysis.

3 Complete Results

Tables 5 - 10 contain both positive and negative results from our statistical analysis of RQ1 - RQ3, and Table 4 reports the mean task
completion for all feedback conditions when aggregating across different task types.

3.1 Bonferroni Correction

When running multiple hypothesis tests on shared data, we apply Bonferroni Correction to control the family-wise error rate and reduce the
chance of making a Type I (false positive) error.
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Table 4: Mean task completion (i.e., the fraction of discrete task checkpoints successfully accomplished by the robot, between
[0,1], using participant-assigned skills and recipes) by feedback condition across different task groupings.

Feedback Condition | All Tasks | Known Tasks | Task Generalization Tasks | Environment Generalization Tasks
Both 0.556 0.661 0.571 0.435
AR 0.319 0.428 0.278 0.251
FM 0.313 0.462 0.319 0.156
Neither 0.193 0.333 0.184 0.063

3.1.1 RQI. InRQ1l.a we investigate whether the Both condition outperforms the AR, FM, and Baseline (Neither) conditions across all tasks
and for each task type (known tasks and generalization tasks, including task generalization and environment generalization) in terms of task
completion. We apply Bonferroni Correction, and report results with respect to a significance level of % =0.01.

3.1.2 RQ2. InRQ2, we investigate whether the full system subjectively bolsters alignment between user-predicted robot performance and
actual robot task completion for all tasks, known tasks, and generalization tasks. We apply Bonferroni Correction, and report results with
respect to a significance level of 0'3& =0.017.

3.1.3 RQ3. In RQ3.a, we investigate whether the degree of participant usage of the available feedback tools (RRR, AR, and FM with
subsequent analysis for both FM teaching, FM planning) objectively positively correlate with task completion scores. We apply Bonferroni
Correction, and report results with respect to a significance level of % =0.01.

In RQ3.b, we investigate whether the degree of participant usage of the available feedback tools (RRR, AR, and FM) subjectively impact
participant perceptions of and attitudes toward the system, including workload, learned trust, and usability. We apply Bonferroni Correction,
and report results with respect to a significance level of % =0.0056.

In RQ3.c, we conduct an exploratory investigation of predictors of participants’ degree of usage of the feedback tools provided (RRR,
AR, and FM), including personality traits, negative attitudes towards robots, and prior experience. For the five personality traits, we apply
Bonferroni Correction, and report results with respect to a significance level of % = 0.003. For negative attitudes towards robots, we
investigate the overall scale as well as its three subscales and apply Bonferroni Correction, and report results with respect to a significance
level of % = 0.004. Finally, for prior robotics and computer science experience we apply Bonferroni Correction, and report results with
respect to a significance level of % =0.0083.
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4 Participant Quotes

In this section we provide representative quotes from each feedback condition in our study.

4.1 Both
In the Both condition participants had access to FM, AR, and RRR feedback.

'a )\
Participant 4431 (Both): “Once I learned the system limitations I could work around it... All three [forms of feedback] were useful,
the LLM was less useful to me because it told me to split up actions but I didn’t trust it cause it didn’t say why. AR would prove to me
why and it was fast which was important for iteration. Real [RRR feedback] was also important but too slow to rapidly iterate in the
limited amount of time."

Participant 1816 (Both): “I feel like the LLM didn’t help me much, and this could possibly be from like a person bias that I don’t like
using LLMs day to day... I do think getting a visual [AR feedback] did help a lot more than explaining a problem that I did wrong [FM
feedback]... I liked seeing the robot do it you know in real life [RRR feedback] but it’s not necessary unless for AR I'm pretty sure it’s
working... there’s really no need to test it out in real life unless it looks pretty good in augmented and I just want to do a final run to
make sure everything works."

42 FM
In the FM condition participants had access to FM and RRR feedback.

( )\
Participant 6713 (FM): “I was surprised at how hard it was to make the robot work the way that I wanted it to work... the most
confusing part for me was understanding how the robot thinks... I don’t really have a full mental model about how the robot is
thinking about the task still... I felt confused a lot during the study. I think the soil test especially, when the robot was doing things
that were completely unexpected was really confusing ... I felt like I kind of got stuck cause it wasn’t doing anything like what I was
expecting it to do and I couldn’t trace what it was actually doing back to like anything that I was doing"

Participant 7067 (FM): “I think it gave very good indicators [feedback] and the evaluation was very helpful in understanding if it
understood what I had tasked it to do... I liked the evaluation [RRR] more [than FM] because it was more like, I don’t know, it’s a
physical activity so it’s like it helps to have physical feedback.'

4.3 AR
In the AR condition participants had access to AR and RRR feedback.

( N\
Participant 3779 (AR): “I think the feedback helped a lot when I was training it... I already thought it was going to work ... but turns
out that the simulation wasn’t as I expected so based on the feedback I have to change how I train the robot."

Participant 3715 (AR): “Without feedback I don’t know what the robot actually learned... Seeing the robot actually do [RRR] was the
best feedback... even if the AR is a centimeter off it wasn’t going to do it right."

4.4 Neither
In the Neither condition participants only had access to RRR feedback.

Participant 3035 (Neither): “I'm not getting it, why it’s not doing what I said... Would be nice if I had feedback for each module
[task] so I know what I did wrong"
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Participant 2310 (Neither): “I would have liked to know more of the why certain things were happening, mostly just cause I'm
curious, but um yeah I think it would have been helpful to have some sort of like explanation as to what was causing things to not
work so that make it easier to figure out."

5 Foundation Model Prompt Content

We used the Chain-of-Thought (CoT) prompting method to ensure the stability of the FM feedback, where the FM is instructed to provide a
CoT reasoning following specific guidelines prior to selecting an error class and providing human participants with an explanation.

We used html formatting to separate different stages of the FM response and automate the process. We set the decoding temperature to 0
to minimize randomness and obtain consistent outputs.

5.1 Error Class Descriptions

5.1.1 FM Planning Feedback Error Classes. In addition to “Error Not Listed" and “No Error" classes, the FM planning feedback error classes
include:

(1) Missing Skill: This error class represents a skill (or set of skills) that is needed to accomplish the task (given the existing set of skills)
that is missing.

(2) Irrelevant Skill: Informed by the Incorrect Action introduced in Kaiser et al. [2], this error class represents skills that do not contribute
to achieving tasks in this domain.

(3) Redundant Skill: Informed by the redundancy metric [3] and Unnecessary Action source of degradation introduced in Kaiser et al.
[2], this error class represents skills that do not contribute novel functionality towards achieving the tasks in this domain, given the
existing skills.

(4) Owverly-General Skill: Informed by the Abstraction score metric defined in prior work [1] as well as the Wrongly Specified Intention
(incomplete necessary conditions set) source of degradation introduced in Kaiser et al. [2], this error class represents skills that are so
abstracted as to not be useful towards accomplishing the task (e.g. move up).

(5) Owverly-Specific Skill: Informed by the observed under-
abstraction source of novice demonstrator suboptimality in our prior work [3] as well as the Wrongly Specified Intention (insufficient
specification resulting in overly complex post-condition) source of degradation introduced in Kaiser et al. [2], this error class represents
skills that are not general enough to apply to slight variations of the task.

The way in which we describe each of the FM planning feedback error classes in the prompt can be found in Figure 2.

5.1.2  FM Teaching Error Classes. In addition to “Error Not Listed" and “No Error" classes, the FM teaching error classes include:
(1) Incorrect Demonstration of Skill: A demonstration that fails to show how the intended skill should be performed. This type of
demonstration does not support learning the correct execution of the skill.
(2) Inefficient Demonstration: A demonstration that accomplishes the task but does so using unnecessary motions. The intended goal state
is reached, but it is just heavily inefficient.

The way in which we describe each of the FM teaching feedback error classes in the prompt can be found in Figure 3.

5.2 Domain Knowledge

The domain knowledge provided in the prompts is described in Figure 4.

5.3 Textual Prompts

This section contains the textual prompts for the FM feedback pipeline. For the FM planning feedback, this includes prompts for obtaining
the FM skill breakdown (Figure 5) and obtaining FM planning errors (Figure 6).

For the FM teaching feedback, this includes prompts for obtaining the initial and final image textual summaries (Figure 7) and for obtaining
FM teaching errors (Figure 8).

5.4 Example FM Outputs

FM Planing Feedback: Example received by participant 4431 (Both) in the soil domain where the FM classified their list of skills “(1) Scoop
Material (2) Pour Material" as “Overfit Skill" The feedback it provided is as follows:

Each of your action items combines multiple distinct robot motions into a single skill. For example, "Scoop Material" likely includes
both moving to the bucket and scooping, while "Pour Material" likely includes both moving to the mixing bucket and dumping. To
improve your breakdown, please split each combined action into separate items — one for each distinct robot motion (e.g., “move to

" o«

pre-scoop location", “scoop”, “move to pre-dump location", “dump"). This will help ensure each skill is reusable and generalizable.
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"Missing Skill": A skill that is required to complete the task but is absent from the current set of available skills. Without this skill,
the task cannot be successfully completed.

"Irrelevant Skill": This skill should not be used to accomplish the task. It does not align with the task’s goals in the domain and
will actively degrade performance by reducing efficiency or causing failure.

"Redundant Skill": This skill can be used to accomplish the task, but it is not necessary because other available skills already cover
its functionality. Including it does not harm task success or efficiency — it’s just extra.

"Overly-General Skill": A skill that is too abstract to be effective. It lacks the necessary specificity to contribute meaningfully to
task completion (e.g., overly vague motions like "move left" with no goal or context).

"Overfit Skill": A skill that is so narrowly defined that it only works in very specific situations. It cannot generalize to small
variations of the task, such as changes in object number or layout. Often involves multiple valid skills taught at once rather than
split up (e.g., "pick up hammer and go to nail and hit nail" treated as a single skill item instead of "pick up hammer", "go to nail", "hit
nail" as three).

"Ambiguous or Misleading Action Labeling": A skill description that contains misleading phrasing or ambiguous object
references, resulting in potential misinterpretation of the intended action. This can prevent the robot from learning the correct
behavior even if the underlying motion is correct.

"Uncategorized Error": Something is wrong with the human action breakdown, but it doesn’t align with errors types.

Figure 2: Error class descriptions for the LLM to employ for skill breakdown.

"Incorrect Demonstration of Action": One or more of the demonstrations fail to show how the intended action should be
performed. This type of demonstration does not support learning the correct execution of the action. This can happen (1) if the goal
item chosen by the human doesn’t make sense for the action, for example trying to “turn water” or “grasp air”, or (2) if the action
itself is unsuccessful, such as turning a knob without actually rotating it or attempting to grasp an object but failing to pick it up.
"Inefficient Demonstration": A demonstration that accomplishes the task but does so using unnecessary motions. The intended
goal state is reached, but it’s just heavily inefficient.

"Uncategorized Error": The demonstration contains an error that does not fall into any of the predefined categories.

Figure 3: Error class descriptions for demo feedback.

FM Teaching Feedback: Example received by participant 2254 (FM) in the table setting domain where the FM classified their demon-
stration of the “pick_up_fork_1" skill as “Incorrect Demonstration of Action" The feedback it provided is as follows:

The robot arm did not move toward Fork 1 or perform a grasping action. Instead, it remained near the center of the table and ended
above a neutral platform. To improve this demonstration, ensure the robot arm moves directly toward Fork 1 in the forks tray, aligns
with it, and closes the gripper to pick it up. The action should clearly show the fork being grasped and lifted from its original position.
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Domain Objects: Four identically shaped buckets are placed in front of the robot: a bucket of manure, a bucket of sand, a bucket of
lime, and a mixing bucket.

Tracked Objects: Manure Bucket, Sand Bucket, Lime Bucket, Mixing Bucket

Participants are asked to manipulate the robot to create different soil mixtures for different plants.

In this domain, the robot’s gripper is initialized to hold a scoop, and will always hold the scoop. The robot is able to scoop, dump,
and move.

(a) Domain Knowledge for Soil Mixing.

Some utensils are placed in front of the robot. Two plates are placed on the table at different locations. Forks and knives are identical
in shape and graspable the same way.

Tracked Objects: Fork 1, Fork 2, Knife 1, Knife 2, Plate 1, Plate 2

Participants are asked to manipulate the robot arm to set the table by picking up the utensils, and placing them in designated
locations around two place settings.

The placement locations (where the utensils should be placed with respect to the plate) are not tracked by april tags.

However, the utensils should either be placed to the left of the plate or to the right of the plate. Forks and knives can be placed in
either side.

The robot arm is able to move, open gripper, and close gripper.

(b) Domain Knowledge for Table Setting.

Figure 4: Domain knowledge for the two domains.
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You are tasked with helping human demonstrators identify all the elementary actions in a domain for training robots in a Learning
from Demonstration (LfD) setting.

Demonstrators may not be familiar with machine learning, so review the possible actions and suggest improvements by ensuring
they:

- Avoid overgeneralizing actions when distinct control mechanisms are necessary for task success. - Generalize actions that use the
same low-level control (e.g., 'pick red ball’ and ’pick orange ball’ should both be categorized under ’pick’). - Are flexible enough to
generalize across similar tasks. - Are abstract enough to apply to related tasks but not so abstract that the goal is unclear (e.g., 'Go to
green ball’ rather than ’Move left/right’). - Do not include mid-motions unless they correspond to a distinct, goal-directed control
step that is not part of the DMP trajectory between known start and end poses.

We are employing Dynamic Movement Primitives for the learning, so the actions learned should be able to generalize to different
starting and stopping action locations. As such, actions that have the same movement and only differ in their item should be able to
generalize. If the objects are (1) tracked in the environment and (2) share the same shape, then action generalization should be
automatic, even without a demonstration for each object.

If the objects are not tracked, then an action cannot generalize to them and each should be learned independently.

Tracked objects can serve as the target of an action. If tracked objects are identical in shape, there should not exist multiple actions
for them separately.

According to the specific domain setting, **if and only if** the robot gripper is able to open and close, you should include ’open
gripper’ and ’close gripper’ as the elementary actions because they are pre-defined robot functions.

If you believe an action would include ’open gripper’ or ’close gripper’, do not include the gripper motion itself in the name of the
elementary action. For example, when grabbing a stick, the gripper closes during the process. The step just before that should not
be called 'grab’. Instead, you could name it something like 'move to pre-grab location’, so that this step together with ’close gripper’
clearly represents the full action of grabbing the stick.

Avoid including return-to-home motions unless they represent task-critical goals with a definitive goal position.

Domain: <insert-target-domain-name>

Domain knowledge: <insert-target-domain-knowledge>

Domain Tasks: <insert-target-task-0> <insert-target-task-1>

Only specify individual object or target differences in the action name if they influence the robot’s movement or grasping behavior.
Actions should be combined into one if the shapes of the target objects are identical (suggesting that required grasping actions are
identical). For example, if a remote control and a smartphone are both flat, rectangular, and grasped in the same way, then “move to
pre-grasp remote” and “move to pre-grasp phone” should be merged into “move to pre-grasp device".

Provide the actions and items in the target domain strictly adhering to this format, without anything redundant:

‘[list of all possible elementary actions]® ‘elementary action: [all possible tracked objects]*

Think first within the <think> <

think> tags, and check whether any your proposed actions include mid-motions not corresponding to a distinct, control step with a
specified definitive goal position. If so, exclude them and revise. Then answer within the <answer> <

answer> tags. You may begin: <think>

Figure 5: Textual prompt for LLM composing optimal skill breakdown.
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You are tasked with helping human demonstrators identify all the elementary actions in a domain for training robots in a Learning
from Demonstration (LfD) setting. You've already determined the full set of elementary actions for the <insert-target-domain-name>
domain. Your next step is to review the set of actions provided by a human demonstrator, and identify potential errors.

Domain knowledge: <insert-target-domain-knowledge>

Tasks for this example domain: <insert-target-task-0> <insert-target-task-1> The above tasks should be able to achieved by a
permutation of elementary actions.

Optimal action breakdown you determined: <insert-llm-action-breakdown>

Human Action Breakdown: <insert-human-action-breakdown>

First, evaluate the Human Action Breakdown and the Optimal action breakdown you determined. You should note that both action
breakdowns are unordered and should not be judged by the sequence of actions. Differences in action sequence are also allowed, as
long as the actions can be aligned one-to-one after reordering. You should only judge whether all necessary action are present. Do
not penalize missing repetitions needed for executing full tasks. You should not judge an action based on ANY context, just itself. If
the two breakdowns can be unorderedly, one-to-one aligned with each other, respond with:

No Error

Important Clarifications:

Each action only needs to appear once in the breakdown to be considered available for reuse. You should allow difference in wording
and terminology ambiguity as long as the meanings of the actions align. For example, "touch cup A" and "contact cup A (move the
robot arm to touch it)" require the same physical motion and should be considered aligned. Individual actions can be used multiple
times during task execution. Both action breakdowns are supposed to be a set of primitive actions that humans can freely choose
and combine for a task execution. You should not infer whether an action will succeed based on its surrounding context or other
actions. Evaluate each action only by its name and intended meaning. If an action is present in the set, it is assumed that it can be
combined with other actions freely. The purpose of the evaluation is only to ensure that the complete set of necessary action types
is available, NOT whether they are combined correctly.

In the Human Action Breakdown, each action item (e.g., "Action 1: ..", "Action 2: ..") must correspond to exactly one elementary
action. If a single action item contains multiple actions connected by "and", even if the content matches the optimal breakdown, it
must be separated into multiple action items. If you detect such cases, prioritize instructing the human to separate the actions into
individual action items before considering any other feedback. You must flag any action item that contains multiple actions joined
by "and", even if the individual actions are correct.

After taking those clarifications into account, if the two breakdowns can be aligned with each other, respond with:

No Error

By "the two breakdowns can be aligned with each other", I mean that each action in the human breakdown must align to one and
only one action in the optimal breakdown, and vice versa. You must not align multiple human actions to a single optimal action, or
multiple optimal actions to a single human action. The goal is to verify that the human set contains the correct types of primitive
actions — not repeated or decomposed variants of the same action.

Otherwise, if the human breakdown cannot be aligned unorderedly, one-to-one (not n-to-one) with the optimal breakdown, pick
from one of the errors below. One-to-one alignment means that each action item in the Human Action Breakdown must correspond
to exactly one distinct elementary action in the Optimal Breakdown, and each elementary action in the Optimal Breakdown must be
covered by exactly one human action item. If multiple human action items map to the same optimal action (many-to-one), or if one
human action item maps to multiple optimal actions (one-to-many), you must flag it as an error. Importantly, even if repetitions are
permitted for real-world execution, each individual action item must still uniquely correspond to a single primitive action when
evaluating the breakdown. Coverage alone is not sufficient; strict one-to-one correspondence is required for this judgment.
<insert-error-skills>

You should select an error if applicable, and explain to the human what’s wrong with their breakdown and how to improve it. If
many-to-one or one-to-many alignments are detected, keep that in mind when you choose from the list of valid errors. Your answer
should be structured as <error> "... Error" (must be an existing one in the error list) <error> <answer> ... <answer>

The "Explanation" in the answer should not be an explanation of your error choice. Instead, it will be shown directly to a human
participant to highlight the issue and suggest how to improve. Please write it with that audience and purpose in mind.

If you pick "No Error", ONLY return "No Error" in both the <error><error> tags and <answer><answer> tags and nothing else.
Think first in the <think> <

think> tags. Your thinking should include aligning human action breakdown and the optimal action breakdown. After you made the
alignment, discuss whether you spotted any many-to-one or one-to-many alignment before proceeding to the error decision. Then
respond adhereing to the answer format within the <error><error> and <answer><answer> tags. You may begin: <think>

Figure 6: Textual prompt for skill breakdown feedback.
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You're a helpful assistant. You are tasked with observing an image and provide detailed descriptions. The image will contain a robot
arm and some other objects.

Your response should follow this process:

First, describe what identifiable objects you observe in the environment. Identifiable objects refers to specific items in the scene (e.g.,
orange, banana, cup), not general elements like the table, floor, or wall. Then, describe the position of the robot arm’s end effector
according to every one of them.

You must explicitly outline the spatial relation of the end effector with EVERY identifiable item you spotted in the image. If the items
have text on them, associate it with their visual attribute and their spacial position. If the items have an specific order or relation,
describe the order or relation you noticed. You should specifically relate the position of the robot arm end-effector to identifiable
objects in the scene.

Figure 7: Textual prompt for demonstration initial and final image summary.

You’re a helpful assistant. You are tasked with evaluating human-provided kinesthetic demonstrations for a robot learning-from-
demonstration (LfD) setting. The domain and action set have been pre-defined. Each demo aims to represent a low-level, elementary
action (e.g., “move the end effector to,” “grasp”) and must be demonstrated by the user.

Domain knowledge: <insert-domain-knowledge>

The current elementary action the user is demonstrating: <insert-skill-name>

The item associated with the current elementary action: <insert-item-name>

You’re provided with the start and end frames of a user demonstration of that action.

In the start frame, you notice that: <insert-start-summary>

In the end frame, you notice that: <insert-end-summary>

You're also provided a visualization of the end effector’s path for the demonstration trajectory, depicted from the camera’s perspective.
The paths are depicted with the Viridis palette, with yellow as the start position and blue as the end position, and labeled as:
End-effector Trajectory

Your job is to decide whether this demonstration is a valid example of the intended elementary action.

Your task is to judge whether the human demonstration is appropriate for the target elementary action the user is demonstrating. If
the demonstration perfectly aligns with the target action, respond with ’No Error’. If you identify potential errors, you should select
from one of the categorized errors below. The end effector trajectory and the start/end frames should guide your choice.

For the end-effector trajectory, you should use it to infer how the arm moves between those states and describe it. Describe any
inefficiency in the trajectory you see. All of the actions don’t require obstacle avoidance.

Lastly, based on your observations, you should evaluate whether the demonstrated action is correct and efficient, and if it correctly
attends to the specified item (only if item is not None). State any misalignment you noticed. The item associated with the current
elementary action is: <insert-item-name>.

A set of possible error choices is listed below. If you believe the human demonstration is erroneous, select one from them and
provide it as your answer:

<insert-error-demo>

You should select an error if applicable, and explain to the human what’s wrong with their breakdown and how to improve it. Your
answer should be structured as <error> "... Error" (must be an existing one in the error list) <error> <answer> ... <answer>

The "Explanation” in the answer should not be an explanation of your error choice. Instead, it will be shown directly to a human
participant to highlight the issue and suggest how to improve. Please write it with that audience and purpose in mind.

If you pick "No Error", ONLY return "No Error" in both the <error><error> tags and <answer><answer> tags and nothing else.
Think first in the <think> <think> tags. Then respond adhereing to the answer format within the <error><error> and <an-
swer><answer> tags. You may begin: <think>

Figure 8: Textual prompt for FM teaching feedback.
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