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Abstract— Learning from Demonstration (LfD) systems are
commonly used to teach robots new tasks by generating a
set of skills from user-provided demonstrations. These skills
can then be sequenced by planning algorithms to execute
complex tasks. However, LfD systems typically require a full
demonstration of the entire task, even when parts of it are
already known to the robot. This limitation comes from the
system’s inability to recognize which sub-tasks are already
familiar, leading to a repetitive and burdensome demonstration
process for users. In this paper, we introduce a new method
for guided demonstrations that reduces this burden, by helping
the robot to identify which parts of the task it already knows,
considering the overall task goal and the robot’s existing skills.
In particular, through a combinatorial search, the method finds
the smallest necessary change in the initial task conditions that
allows the robot to solve the task with its current knowledge.
This state is referred to as the “excuse state.” The human
demonstrator is then only required to teach how to reach the
excuse state (missing sub-task), rather than demonstrating the
entire task. Empirical results and a pilot user study show that
our method reduces demonstration time by 61% and decreases
the size of demonstrations by 72%.

I. INTRODUCTION

Learning from demonstrations (LfD) is a widely used
approach for teaching robots new tasks [2]. It has been
effectively applied to teach either individual skills in isolation
or to create long-horizon task plans that involve a sequence
of actions [3,4]. Recent advances in LfD have focused on
increasing flexibility and modularity by enriching the skills
with a semantic skill description in the form of preconditions
and effects [5–7]. This allows a symbolic planner to compute
the required action sequence, leveraging both existing and
newly learned skills. A key advantage of this approach is
that the robot can build a reusable skill library, which can
be applied to future tasks.

While reusing skills across tasks is beneficial, the available
skill set may sometimes be insufficient for completing a
new task without additional demonstrations. For example,
in Fig. 1a, the robot is tasked with cleaning up by plac-
ing plates into drawers. Previously, it learned to store a
plate when the drawer was already open. However, in this
task, the robot needs a new demonstration to learn how to
open the drawer first. Without this missing sub-task, the
robot cannot devise a successful plan to complete the goal.
Unfortunately, robots typically lack the ability to reason
about which sub-tasks are missing. As a result, a human
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must either demonstrate the entire task sequence—including
parts already known—or manually identify and teach the
missing skills. Re-teaching the complete task sequence can
be tedious, repetitive, and ultimately reduce the user’s will-
ingness to continue teaching the robot. Requiring a deep
understanding of the robot’s skillset undermines the very
purpose of learning from demonstrations, as such insight may
not be readily available to the user.

To reduce the demonstration burden on the human instruc-
tor, we propose a novel method that identifies missing sub-
tasks directly within the demonstration process, ensuring the
user only needs to teach the missing components. We refer
to this as a guided demonstration. Our method utilizes a
combinatorial search, as described in [8,9], to find the nearest
state, in the literature referred to as “excuse state” [10], from
which the robot’s existing skills are sufficient to complete the
task. By comparing the initial state with the excuse state, our
approach identifies the smallest set of state changes needed
to make an unsolvable task solvable. Since our method re-
lies on semantic state descriptions (e.g., Inside Plate,
Drawer or Clear Drawer), these changes can be easily
communicated to the user. For instance, as shown in Fig. 1,
we use a Virtual Reality (VR) LfD system where we display
the required state changes (e.g., Open PinkDrawer for
the cleaning task in Fig. 1a) directly in the environment.
This reduces the demonstration burden from teaching the
entire task of storing the plate to only teaching how to open
the drawer 1.

The contributions of this paper are: 1) the formalization
of a new method for guided demonstrations that integrates
the identification of missing sub-tasks into the teaching
procedure using combinatorial search, and 2) a pilot user
study that shows how guided demonstrations significantly
reduce both the time and the number of demonstrations
required, thereby improving the efficiency of LfD methods in
expanding the robot’s ability to interact with its environment.

II. RELATED WORK

Recent years have seen a large increase in learning from
demonstration methods with contributions from different
areas in robotics. The planning community has over three
decades of work [11,12] centered around producing a sym-
bolic domain model that satisfies a set of input plans or
“traces”. Approaches in this category cover a broad range
of concerns such as partial observability [13], and noise [14]

1Note that the used LfD system focuses on extracting high-level action
descriptions from demonstrations rather than low-level execution data.
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(a) Kitchen - I (showing excuse: Open PinkDrawer)

(b) Kitchen - I (ego perspective)

(c) Kitchen - II (showing excuse: Clear PinkDrawer)

(d) Kitchen - II (ego perspective)

Fig. 1: The Kitchen Domain (1a-1d) represents the class of HomeWorld domains [1] where the robot has to store a plate in a drawer,
but initially does not know how to open a drawer (1a-1b) and how to unblock the drawer from a chair (1c-1d). Instead of having to
demonstrate the full tasks, our proposed approach of guided demonstrations facilitates the teaching process, by instructing the human to
only teach how to reach the automatically generated excuse states where the drawer is open (1a) and the drawer is clear (1c). We directly
communicate the obtained excuse states by displaying its symbolic state description in the VR environment used for the teaching process
(Open PinkDrawer - Fig. 1a and Clear PinkDrawer - Fig. 1c) as seen at the top of the respective images.

– but they all consider the observations as a passive input
with no considerations for a human demonstrator. Recent
approaches use human demonstrations to obtain domain
models. In [15,16] kinesthetic teaching is used to generate
semantic skill descriptions for reaching, grasping, pushing,
and pulling. In [6], humans perform demonstrations in a
Virtual Reality environment, a system recently extended to
Multi-Agent scenarios [17]. Even though these tools can be
applied to teach robots new skills, they require complete task
demonstrations or a user who decides what to teach. These
methods do not utilize prior knowledge to identify missing
gaps in task plans.

Some other works try to improve teaching efficiency by
requiring the human only to teach the new task and utilize
contextual knowledge in the form of ontologies [18] to
connect the newly generated knowledge with the robot’s
prior task knowledge. However, similar to the works above,
the robot itself is not capable of understanding what is
missing. Another method [19] stops the robot execution and
asks for user demonstrations in case the robot reaches an
unknown or abnormal state. However, in order to start the
execution a robot plan had to be in place in the first place.
We on the other hand tackle the problem when no task
plan can be found in the first place. Other works try to
reduce demonstration requirements by generalizing planning
domains [20] but are still missing principled ways for the
robot to detect missing gaps in unsolvable plans in the first
place. Finally, some works such as [21] require feedback
from a user when the robot tries to generalize an action from
one object to another. This also reduces the demonstration
effort, however, the robot is not able to detect and ask users
if completely new actions are missing.

Recently, large language models (LLMs) have been
used to decompose and generate linguistic explanations of
tasks [22]. However, LLMs typically cannot produce low-

level robot control strategies [23], and learning policies
for each sub-task through reinforcement learning can be
expensive [23]. Consequently, these approaches, again, often
rely on a predetermined set of robot actions from which plans
are generated. This, however, poses a challenge when the
existing set of actions is insufficient for the task at hand. This
is the issue we address in our work. Recent research [9] has
demonstrated the complementary strengths of LLMs versus
combinatorial search for generating excuses for planning
problems. In our work, while we use combinatorial search,
our focus is not on the excuse generation process itself but on
utilizing excuses to guide the user in identifying the missing
steps that the robot needs to learn.

III. THE GUIDED DEMONSTRATION TASK

A Classical Planning Problem [24] is a tuple M =
⟨D, I,G⟩ with domain D = ⟨F,A⟩ – where F is a set of
fluents that define a state s ⊆ F , and A is a set of actions
– and initial and goal states I,G ⊆ F . Action a ∈ A
is a tuple ⟨ca, pre(a), eff±(a)⟩ where ca is the cost, and
pre(a), eff±(a) ⊆ F are the preconditions and add/delete
effects, i.e. δM(s, a) |= ⊥ if s ̸|= pre(a); else δM(s, a) |=
s ∪ eff+(a) \ eff−(a) where δM(·) is the transition function.

The cumulative transition function is a production
over a sequence of actions, instead of a single action:
δM(s, ⟨a1, a2, . . . , an⟩) = δM(δM(s, a1), ⟨a2, . . . , an⟩).
The solution to M is a sequence of actions or a plan that
transforms the initial state into a state that models the goal
state: π = ⟨a1, a2, . . . , an⟩ such that δM(I, π) |= G. The
cost of a plan π is the sum of the costs of all the actions in
it: C(π) =

∑
a∈π ca if δM(I, π) |= G; ∞ otherwise. Since

we have two agents involved – the robot and the human
demonstrator – we will use subscripts R and H , to refer to
their respective domain artifacts (e.g. δR, AR, and so on).

An Unsolvable Planning Task for the robot is one where
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there is no possible transition from the current state to the
goal, i.e. ̸ ∃π such that δR(IR, π) |= GR.

A human-in-the-loop can appear in several roles: as a
collaborator, they can help the robot achieve its goal as part
of a joint effort. They can also demonstrate how to achieve
the goal and let the robot learn from observing them. In a
demonstration scenario, the human does not have a goal but
instead, demonstrates how to achieve the robot’s goal with
a plan using their own actions, and the robot adopts one or
more of the demonstrated actions for itself so it can achieve
the same goal:

Definition 1. An (Unguided) Demonstration for an unsolv-
able task, is a human plan πH that achieves the goal, wherein
the robot can replicate parts of the demonstration to achieve
the goal itself from the original initial state: δH(IR, π) |= GR

such that δR(IR,M(π)) |= GR.

To achieve this, a mapping function M translates the
demonstrated human activity into robot-executable actions,
known as an embodiment mapping [2]. We assume this
mapping is known and fixed, as our focus is on minimizing
the demonstration effort. While demonstration learning is
not purely confined to unsolvability (e.g. demonstrating a
better way to achieve a goal), the problem of unsolvability
and learning from demonstrations are intrinsically linked. To
help robots identify the missing sub-tasks in their plans, we
introduce the notion of excuses:

Definition 2. An Excuse E = I∆I ′ is a change (symmetric
difference) in the state of the world with a new state I ′ that
does not model the goal, such that the unsolvable problem
becomes solvable with the new state as the initial state: IR 7→
I ′R, such that I ′R ̸|= GR and ∃π δR(I

′
R, π) |= GR.

Definition 3. A minimal excuse Emin is the smallest excuse
that satisfies Definition 2: Emin = minI′ ||I∆I ′||. Unless
otherwise mentioned, we will use an excuse to mean a
minimal excuse.

The excuse shown in Fig. 1a is a minimal excuse, with a
size of 1. In contrast, a non-minimal excuse could involve
additional conditions, such as having the plate inside the
drawer and moving the chair away. Although this approach
still leaves actions like closing the drawer necessary to fully
achieve the goal and is thus a valid excuse, it is longer
than the minimal excuse. The concept of an excuse was
originally defined in the seminal work by [10] as a way
to provide open-ended feedback for addressing issues in
planning tasks. Since then, the notion has been expanded to
include generic revisions of planning tasks [25] and has been
used to debug planning models in various domain authoring
tasks such as goal-oriented conversational agents, decision
support systems, and intelligent tutoring systems [26–28].

In this paper, we propose a novel method for guided
demonstrations that identifies missing sub-tasks by searching
for a minimal excuse state. By focusing on demonstrating
how to achieve this intermediate state rather than the entire
original goal, our method significantly reduces the burden

on the human demonstrator. We thus formalize our proposed
guided demonstrations as follows:

Definition 4. A Guided Demonstration for an unsolvable
task, is a human plan πH that demonstrates how to negate
the excuse from the current state (as opposed to achieving
the goal per Definition 1), wherein the robot can repli-
cate parts of the demonstration to achieve the goal itself
from the original state: δH(IR, πH) |= IR + E such that
∃π δR(IR, π) |= GR with ∃a ∈ π and a ∈ M(πH).

A. Measures for Guided Demonstration Effectiveness

We compare guided and unguided demonstrations using
the following objective metrics:

1) Reduction in Demonstration Size: Our primary objec-
tive is to reduce the size of the demonstrations. This can be
measured by the relative sizes of guided versus unguided
demonstrations. Theoretically, the savings from a guided
demonstration is the fractional length of the remaining hu-
man plan, from the excuse state to the goal state, that they
no longer had to demonstrate: F1 = |π′

H | / |πH | where
δH(IR + E , π′

H) |= GR and δH(IR, πH) |= GR. Practically,
we measure this by comparing the demonstration time be-
tween guided and unguided methods, and by comparing the
planning action count produced by the devised LfD method.

2) Fraction of Useful Demonstrations: Even with guided
demonstrations, there may be actions that the robot already
knew about. Therefore, we can also measure the amount
of new planning actions introduced by the guided demon-
stration, referred to as the fraction of useful demonstrations,
defined as: ||{a | a ∈ πH such that M(a) ̸∈ AR}|| / |πH |.
For example, in Fig. 1d, all actions in the unguided demon-
stration after the drawer has been opened (such as placing the
plate inside and closing it) will contribute to the savings in
F1. However, the actions leading up to opening the drawer
(like picking up the plate and moving to the cabinet) are
redundant, as the robot already knows how to perform them.

3) Misdirected Guidance: Depending on how the excuse
is presented to the user, another failure mode might occur.
The excuse, as per its definition, ensures that the new state
leads to solvability. But this is not the only state where the
excuse holds. In other words, the demonstrator could solve
the excuse in a way that leads to another unsolvable state
by changing more facts than what the excuse demanded:
∃s, s |= IR + E but ̸ ∃π, δR(s, π) |= GR.

For example, in the Kitchen II domain (Fig. 1c), the
user might move the chair to a new position where the
drawer is accessible, but now the chair obstructs the robot
from reaching the plate. As a result, the robot may not
find a successful plan for its task. Therefore, in addition
to measuring the reduction in demonstration size and the
reduction in redundant demonstrations, we can also evaluate
the fraction of cases where guided demonstrations fail to en-
able the robot to find successful task plans due to misguided
demonstrations. This serves as a third objective measure for
the effectiveness of guided demonstrations.
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4) Plan Solvability after Demonstration: While misdi-
rected guidance is one reason why a guided demonstration
might fail to help the robot accomplish its task, other factors
could be involved, such as the demonstrator misunderstand-
ing the excuse and performing unhelpful actions. To general-
ize the measure of misdirected guidance, we assess whether
the new domain, including the prior robot knowledge and
the newly obtained domain (from either the excuse alone or
the complete task demonstration), results in successful task
plans: ∃π δR(IR, π) |= GR with ∀a ∈ π, a ∈ AR ∪M(πH).

B. Caveats in Using Excuses as Guidance

1) Redundancy of the Excuse: An excuse can have some
redundancy i.e. communicating a part of it might already
achieve the desired effect: E ′ ⊂ Emin such that Definition
4 still holds. This is not because E ′ is somehow a smaller
excuse than Emin – this is not possible and in fact, per
Definition 3, E ′ is not even a valid excuse. However, in the
process of negating it, the demonstrator will achieve the same
demonstration as they would have with a valid E .

In the Kitchen II domain (Fig. 1c), where the robot doesn’t
know how to open the drawer or remove the chair, a minimal
excuse would involve clearing the chair and opening the
drawer. However, simply asking for a demonstration on how
to open the drawer would suffice, as the drawer can only
be opened if it’s clear. In this case, the human demonstrator
would also need to move the chair, even though this action
is not explicitly requested in the excuse (Fig. 1d).

Unfortunately, predicting this situation before the demon-
stration is impossible because the robot does not know the
human model, thus requiring the demonstration. Therefore,
while this is an interesting caveat, we do not measure the
redundancy of excuses in our guided demonstration setting.

2) Preferred Excuse for Guidance: Finally, there can be
many different excuses for the same unsolvable task. An au-
tomated excuse generator that is optimizing for a minimality,
will treat all excuses of the same size as equivalent. This
has been a stated issue [29] in existing model space search
algorithms. In the context of LfD, this has two implications:
among logically equivalent excuses 1) some might lead
to smaller demonstrations – this is akin to optimizing for
the usefulness measure in Section III-A.2 instead of the
size of an excuse; and 2) some might require an easier
demonstration. In Fig. 1a, where the goal is to store the plate
in the drawer and close it, a request for either the plate to
be in the drawer or just an open drawer are both minimal
excuses but the latter will lead to a shorter demonstration
(Case 1 above). Alternatively, imagine the path of your robot
vacuum is blocked and you can move either a large sofa or
a small chair to clear the path – clearly, the latter is easier
to do and hence preferred (Case 2 above).

C. Used Demonstration and Excuse Generation Methods

VR has emerged as a powerful environment for demon-
stration learning due to the relative ease in repeatability
of experiments and flexibility in constructing interesting
environments to study [30]. For learning planning domains

from human demonstrations, we, therefore, use the Virtual
Reality teaching system that was proposed in [6], with certain
modifications, as described below.

1) Automatic Domain Generation from Demonstrations:
The first step of the system is activity recognition based
on analyzing the hand movements of the demonstrators, as
proposed in [31]. The demonstration is segmented and clas-
sified into high-level actions like Reach, Take, Put,
Stack or Idle. The classification is based on a set of
general rules in form of a C4.5 decision tree, which maps
symbolic state variables like inHand, actOn, handOpen,
handMove to the segmented activities (please refer to [6] for
details on grounding of the used variables). Because of the
generalizability of such semantic-based recognition methods,
the same set of rules from [32] were re-used. The system
utilizes the segmented actions to create new actions and their
classification for a meaningful action name. Additionally, the
system also maps environment changes in the form of state
variables such as graspable, onTop, inside, clear
and open to the hand actions. Compared to [6], we updated
how action-relevant fluents are selected. Previously, only
fluents that changed during an action (e.g., open changing
from False to True while opening a drawer) were included,
ignoring static but critical fluents like clear. To address
this, we now apply the nodes of interest principle [7], adding
all fluents related to objects the user interacts with (e.g., the
drawer), even if their values remain unchanged.

2) Automated Excuse Generation Algorithm: For excuse
generation, we use the approach in [8] – originally built for
explanations in the form of model reconciliation. It mimics
the excuse generation algorithm in [10] but without a user
mental model. The approach performs combinatorial search
in the space of possible models M to find a model where the
task is solvable. For this paper we only perform model edits
to the initial state IR of the unsolvable task, changing one
fluent at a time until the task is solvable. Then the excuse
is the set of model edits. Since there are usually multiple
alternative model edits that make the task solvable, we stop
the search procedure when we find the first solution (Fig. 1
shows some excuses communicated to the user).

Our implementation is limited to PDDL [33], as that
is the representation used in this setup. However, combi-
natorial search in model space applies broadly to various
decision-making frameworks, including advanced represen-
tations, logic programs, and Markov Decision Processes [34–
36]. Thus, excuse-guided demonstrations are, in principle,
adaptable to these frameworks.

IV. USER STUDY

We hypothesize that guided demonstrations are more time
efficient (H1) and reduce the demonstration size in the form
of the number of demonstration steps (H2). To evaluate these
hypotheses, we conducted a pilot user study involving five
participants. All participants were PhD students who had
reported minimal experience with VR, ranging from 0 to
5 hours. Among them, three had experience with robots, one
had basic knowledge, and one had no prior experience with
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P1 P2 P3 P4 P5
K I Excuse 3.71 8.77 4.38 8.19 4.4
K I Complete 9.64 30.65 10.87 15.57 13.94
K II Excuse 5.09 12.25 6.81 4.48 5.87
K II Complete 15 36.3 16.29 16.03 9.54
Ratio 0.36 0.314 0.412 0.4 0.44

TABLE I: Demonstration time (in seconds) for every participant
and scenario. On average the guided demonstration took 61% less
time than the complete demonstration. K = Kitchen Domains,
Ratio = excuse-guided over complete demonstration time and bold
numbers mark the smaller demonstration for each participant and
task respectively comparing the excuse with the full demonstration.

robots. Each participant was first introduced to the purpose of
the study: helping robots to learn how to perform new tasks,
by demonstrating them in our VR system. We also explained
that they would only need to demonstrate how to reach the
missing actions as specified by the excuse because the robot
already has some prior knowledge. However, we did not
further specify what this prior knowledge looks like to test
the assumption that our method can work even if humans
have no knowledge of the robot’s current capabilities. We
started the study with a short training phase, where the users
were allowed to freely interact with blocks on a table so as to
not induce any bias on the upcoming demonstrations. Each
participant then encountered the two different scenarios in
Fig. 1. For each scenario, we asked for three demonstrations
(excuse – full task – excuse). We asked them to demonstrate
the excuse twice to investigate if knowing the full task
goal has an impact on how the excuse is demonstrated. To
present the participants with realistic excuses, we generated
the robot’s prior domain knowledge with the VR system
based on demonstrations by one of the authors of this paper.
The existing knowledge included actions enabling the robot
to pick up a plate and place it in an open drawer. For
the second excuse, actions for opening the drawer were
added to the prior knowledge. We chose the first minimal
excuse generated (open PinkDrawer and clear PinkDrawer
for the two scenarios, respectively). The instructions for the
complete task goal RedPlate inside PinkDrawer for both
Kitchen domains. The excuses and task instructions were
displayed visually inside the VR environment (Fig. 1).

V. RESULTS

A. Reduction in Time

Our evaluation of the guided demonstrations involves a
comparison of the time taken by participants to complete
the excuse and the full task demonstration (Tab. I). We
observed that users required on average 61% less time
(mean of the time ratios reported in the bottom row) to
complete the guided demonstration compared to the full
demonstration. This finding strongly supports our hypothesis
H1 that guiding users through excuses reduces the time
required for demonstrations.

B. Theoretical Savings in Demonstration

While the reduction in demonstration time makes a com-
pelling case for using excuses as guidance, we can also
measure this reduction in terms of the demonstration size.

Kitchen I Scenario Kitchen II Scenario

πH P O P P O P O P P O

Emin E GR Emin E GR

P1 2 3 7 9 9 1 2 9 11 9

P2 3 7 8 10 25 4 4 10 12 19

P3 2 4 7 9 - 1 2 9 11 -

P4 2 3 7 9 12 1 2 9 11 10

P5 2 3 7 9 7 1 2 9 11 7

TABLE II: Predicted P (as obtained by an automated planner)
versus observed O size of demonstrations πH for minimal Emin,
suboptimal excuse E , and original task goal GR. Demonstration size
is measured in terms of number of planning actions, as obtained
by the demonstration for O or the length of action plan as obtained
by the planner based on the demonstrations for P. Note that we
could not report values for the unguided demonstration from P3
(see columns O and GR for both kitchen scenarios) because P3
performed parallel hand activities (opening the drawer while picking
up the plate), which were not supported by the version of the LfD
tool used.

We observed a reduction of 68% and 77% (average over the
participant-specific ratios of GR over Emin for the observed
(O) columns in Tab. II) for the two Kitchen domains, respec-
tively. Note that we excluded P3 as the LfD system failed to
generate a planning domain for the complete demonstration
(column GR - O).

We also measure how closely the demonstrations resemble
the theoretical prediction, to estimate how close to rational
the demonstrators are over short demonstration periods. In
Tab. II we report the predicted plan length P of Emin,
obtained by an automated planner, with the plan length of a
non-minimal excuse goal (E) involving the plate being in
the drawer, and the original goal (GR). We can see that
(aside from P2) the participants generally mimicked the
theoretically expected demonstration length well and only
demonstrated a few additional planning actions that were
not included in the task plan. Additionally, we found that
the minimal excuse Emin can lead to large savings in the
demonstration length which underlines the importance of
providing minimal excuses.

C. Plan solvability after demonstrations

We also evaluated if merging the prior robot domain with
the planning actions that are obtained from the minimal
excuse E demonstrations does in fact enable the robot to find
a plan that satisfies the task goal GR. We found that to be
the case for all participants and both kitchen scenarios. This
means that the excuse-guided demonstrations were sufficient
for the robot to achieve its goal in all the scenarios (thereby
confirming that the theory bears out in practice subjected to
the users’ interpretation of the guidance).

D. Discussion

The user study showed our method’s effectiveness, with
a 61% and 72% reduction in time and demonstration size.
Note that time savings may vary depending on the total plan
length and the gap size. If the agent is missing a single action
in a lengthy task (e.g., setting a table), we would expect even
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larger time savings. However, if the robot is missing multiple
sub-tasks, the accomplished savings might be lower.

During the post-study interview, the participants expressed
that the excuses were generally easy to comprehend. They
rated their confidence in responding appropriately to the ex-
cuse with a demonstration as expected by the robot very pos-
itively, with a mean confidence score of 6.2 out of 7, where 7
signifies a very high level of confidence. Furthermore, even
though we gave the users the chance to re-think how to
address the excuse, after knowing the complete task goal,
none of the users changed their excuse demonstration and
all participants reported in the post-interview that they did
not require knowledge of the overall task goal or prior robot
knowledge, to understand how to perform a demonstration.

VI. CONCLUSION

In this paper, we proposed a new method for guided
demonstrations of robotic tasks that integrates the identifica-
tion of missing sub-tasks into the teaching procedure using
combinatorial search. Our user study showed that guided
demonstration significantly reduces both the time and the
number of demonstrations required, thereby improving the
efficiency of LfD methods in expanding the robot’s ability
to interact with its environment.

The current excuse-based guidance could face two issues:
1) misinterpretation, leading to incorrect or unhelpful demon-
strations, and 2) lack of preference modeling, causing the
robot to miss opportunities for more efficient or convenient
demonstrations. Future work will explore ways to address
these limitations, e.g., by applying LLMs to complement
combinatorial search with latent world knowledge for gen-
erating more effective excuses [9].
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