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Abstract

As the population ages, care robots will play an increasing
role in assisting caregiving by taking on repetitive or phys-
ically cumbersome activities. To effectively provide care,
robotic agents must be able to meet the needs and prefer-
ences of care receivers. However, these needs and preferences
may change over time, making it intractable to pre-define the
way the care robot should act before deployment. Instead, the
care robot should be able to learn directly from non-expert
end-user demonstrations. However, prior work investigating
the feasibility of learning a policy from older adult demon-
strations finds that older adult demonstrators desire a better
understanding of what the robot needs them to do, and how.
To help demonstrators understand how to improve on subop-
timal or heterogeneous demonstrations, we propose to utilize
a Large Language Model to provide human-interpretable ex-
planations of Shapley values of a policy. These explanations
enable the demonstrator to understand how the policy is per-
forming, and what changes are needed, informing their cor-
rective demonstrations. We showcase our framework’s per-
formance in deterministic and stochastic versions of Wumpus
World.

Introduction
As the world’s population ages (WHOe 2023), care robots
are increasingly being used to assist caregivers and care
receivers with repetitive and physically cumbersome tasks
(Thomaz 2023). For care robots to effectively assist in pro-
viding care, they must be able to meet the needs and pref-
erences of their end users. As needs and preferences may
change over time, as the care receiver ages or their environ-
ment is altered, it is intractable to pre-define prior to robot
deployment what tasks should be executed and how.

Instead, the agent should have the capability to learn once
it is deployed, for instance by learning from demonstra-
tions given by the end users directly. For end users to pro-
vide effective demonstrations to the robot, they must demon-
strate the behavior to a certain degree of optimality for ac-
curate reward inference and behavior learning (Zhifei and
Joo 2012). However, humans are not perfect demonstra-
tors, they are often biased in systematic ways (Shah et al.
2019; Schrum et al. 2022), and require guidance when pro-
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viding hierarchical demonstrations (reflective of the com-
plexity of caregiving tasks) (Gopalan et al. 2022; Moorman
et al. 2023b). Investigating the feasibility of learning a policy
from older adult demonstrations, Hedlund-Botti et al. find
that older adult demonstrators desire a better understanding
of what the robot needs them to do, and how (Hedlund-Botti
et al. 2024; Hedlund-Botti and Gombolay 2023). Improving
model transparency can help guide the demonstrator in pro-
viding demonstrations that accurately represent the desired
behavior.

One common method to provide users with an under-
standing of an agent’s policy is by leveraging feature im-
portance analysis such as Shapley values, which explain in-
dividual model predictions by calculating the contribution
of each feature to the prediction. As language explanations
have been found to be preferred and to result in higher task
performance compared to baselines such as feature impor-
tance maps and decision tree explanations (Silva et al. 2024),
our work leverages an Large Language Model (LLM) to
provide natural language explanations of Shapley values to
demonstrators. Prior work has investigated leveraging LLMs
with Explainable AI (XAI) modules to convey model ratio-
nale in a more human-understandable manner, such as in
the context of anomaly detection (Ali and Kostakos 2023;
Khediri et al. 2024). Huang et al. utilize policy summariza-
tion to explain a reward function (Huang et al. 2018). Simi-
larly, Zhang et al. combine Shapley values and LLMs to in-
crease transparency in MLC-based decision-making (Zhang
and Chen 2024). However, to the author’s knowledge, prior
work has yet to investigate leveraging LLM-based explana-
tions of a model’s Shapley values to improve the demonstra-
tor’s corrective demonstrations. By doing so, our system en-
ables non-expert demonstrators to correct gaps in the robot’s
learned policy.

In this work, we contribute the following:

1. We develop a framework that guides non-expert demon-
strators in providing corrective demonstrations using
LLM-generated explanations of Shapley values, contex-
tualized in the environment and task.

2. We conduct a proof-of-concept pilot study to evaluate our
pipeline and obtain initial results of LLM explanation va-
lidity, prior to deployment with the target population.
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Figure 1: An overview of the proposed approach, where we leverage LLM-based explanations of the model’s feature importance
to inform the demonstrator’s subsequent corrective demonstrations.

3. We propose a user study design to evaluate whether our
system enables non-expert demonstrators to correct the
robot’s learned policy.

Background
In this section, we discuss preliminaries related to feature
importance analysis and inverse reinforcement learning.

SHapley Additive exPlanations
For a system to be interpretable, its decisions and ac-
tions must be human-understandable (Rodrı́guez-Lera et al.
2024). Machine learning models can either be inherently in-
terpretable or can be post-hoc interpretable (Molnar 2018;
Alvanpour et al. 2020). Some structured models, like de-
cision trees, have self-explaining architectures where the
weights associated with each feature indicate feature im-
portance (Mahbooba et al. 2021). However, many other
ML models have complex parameter spaces and are consid-
ered black-box models (Castelvecchi 2016). Post-hoc inter-
pretability of black-box systems can be obtained with XAI
techniques that use feature attribution to understand the re-
lationship between inputs and outputs of a learned model.

SHapley Additive exPlanations (SHAP) is a model-
agnostic method for explaining individual predictions by
calculating the contribution of each feature to the prediction,
denoted as Shapley values (Lundberg and Lee 2017). More
formally, for a prediction f(x) where x is the input feature
vector, the Shapley value ϕi for feature i is calculated as
the weighted average of the marginal contributions over all
possible subsets of features, where the weight is given by
the number of ways the subset can occur in the coalition. In
robotics, SHAP has been used for interpretability to inves-
tigate robot failures and autonomous behaviors (Alvanpour
et al. 2020; Gavriilidis et al. 2023). By computing Shapley
values for each feature, we obtain an understanding of fea-
ture importance in model predictions, providing insights into
the model’s decision-making.

Inverse Reinforcement Learning Formulation
Maximum Entropy Inverse Reinforcement Learning (Max-
Ent IRL) as introduced by Ziebart (Ziebart et al. 2008) ex-
tends traditional Inverse Reinforcement Learning methods

by incorporating the principle of maximum entropy. Given
a set of expert trajectories τexpert, MaxEnt IRL seeks to find
a reward function that not only explains the observed be-
havior but also maximizes the entropy of the agent’s pol-
icy. Building upon MaxEnt IRL, Maximum Entropy Deep
Inverse Reinforcement Learning (Deep MaxEnt IRL) lever-
ages deep neural networks to learn complex reward func-
tions directly from demonstration (Wulfmeier, Ondruska,
and Posner 2015).

Methodology
In this section, we introduce the framework’s core compo-
nents and proposed user study procedure.

Framework Components
Our framework is composed of three modules.

Interpretability Module The interpretability module cal-
culates Shapley values for the learned reward network, ob-
tained via Deep MaxEnt IRL on an initial demonstration
dataset. We use a feed-forward neural network to model the
reward function, with three linear layers with Rectified Lin-
ear Unit (ReLU) activation. All the hyperparameters used
are listed in the Appendix.

Contextualization Module The contextualization module
takes in the Shapley values and outputs a natural language
explanation that is more understandable for the demon-
strator. This explanation enables demonstrators to evaluate
whether the agent has learned the intended reward or is en-
countering issues related to specific components of the re-
ward learning. This helps demonstrators identify actionable
changes to their demonstration set, via corrective demon-
strations. This component is key to enabling older adults
and members of their care network to be actively involved in
shaping the robot’s behavior, thus supporting aging in place.

In our experiments, we use Google DeepMind’s Gemini
1.5 Flash. The prompt to the LLM contains a manual de-
scribing the action space and observation space, and a de-
tailed description of the features and their relevance to the
problem, as depicted in Figure 2a. The mean and standard
deviation of the Shapley values are additionally passed in
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as part of the LLM’s prompt. The explanation returned de-
scribes (1) the meaning of each feature, (2) what the Shapley
value of that feature indicates about the model, and (3) rec-
ommendations regarding how the demonstrator may wish to
change their demonstrations, as shown in Figure 2b.

Corrective Feedback Module Similar to prior works
such as Reciprocal MIND MELD, we provide feedback to
a demonstrator in order to improve their demonstrations
over the long-term (Schrum, Hedlund-Botti, and Gombolay
2022). Specifically, if, upon receiving the explanation, the
demonstrator wishes to improve the policy, they have the
option to provide additional five corrective demonstrations.
To emphasize the significance of the new demonstrations,
we adopt a sampling approach to construct the new training
set. All five corrective demonstrations are incorporated into
the new training set, with the remaining ten demonstrations
sampled from the existing pool. Subsequently, the model is
trained on this new demonstration set.

In related prior work, Reward Verification and Learning
using Explanations (REVEALE) (Mahmud et al. 2023), up-
date and verify the learned reward function to ensure align-
ment with the demonstrator’s intent. However, in the verifi-
cation phase of REVEALE, when the agent fails, it queries
the demonstrator by presenting additional explanations from
alternative candidate reward models, some of which may not
accurately represent the correct reward model. Instead, this
work communicates information about the current policy’s
feature importance and queries additional human feedback.

Procedure
We propose the following user study procedure. First, we
collect fifteen demonstrations (human trajectories for the
given environment) from the demonstrator. Once complete,
we train the reward network on these trajectories. Next, the
Shapley values along with context grounding are passed to
the LLM, which outputs an explanation that is then pro-
vided to the demonstrator. The demonstrator is additionally
shown the performance of the agent through model evalu-
ation metrics (such as mean reward over 1000 trials) and
can choose to watch the agent play the game. The demon-
strator can then choose to provide additional feedback to
supplement the previous demonstrations or correct errors
they have identified in the previous demonstration set. We
then make a demonstration dataset that combines the five
new demonstrations and obtains the remaining ten demon-
strations by sampling from the previous demonstration set.
We iterate over this process until the demonstrator commu-
nicates that they are satisfied with the agent’s performance.
Our approach is depicted in Figure 1, and the process is more
formally defined in Algorithm 1.

Assumptions Our system makes the following assump-
tions. First, we expect to have knowledge about the reward
function features a priori. This is to say that, in order to yield
actionable suggestions from the LLM, we assume that we
know what the features of the reward function are. Further-
more, we expect that their natural language expression is
intuitive enough for the LLM to make accurate inferences
about how they impact the model.

Algorithm 1: Procedure

Require: τ : Human trajectories
Require: π : Policy
Require: ν : Reward network

1: do
2: π ← TrainPolicy(ν, τ )
3: explanation← LLM(prompt)
4: τ ′ ← CorrectiveDemonstrations
5: T ′ ← SampleFromDemonstrationDataset(τ )
6: τ ← T ′ ∪ τ ′

7: while Demonstrator chooses to go through another
round of providing corrective demonstrations

Domains
In our pilot study, we employ both a deterministic and a
stochastic Wumpus World environment to test our pipeline.
The deterministic version of Wumpus World is a modified
version of Frozen Lake where there are monsters along with
holes, and the map is fully observable. The objective is for
the robot to reach the goal while avoiding holes and a mon-
ster that can eat the robot. The map is a 4 x 4 grid world,
and the robot can move one cell per time step, either up,
down, left, or right. The monster chooses from a uniform
random distribution which of the directions to proceed in.
The monster is initialized to occupy one of the five grid po-
sitions shown in the positions indicated in red in Figure 3
and remains in this set of grid positions for the duration of
the game. In the stochastic version of Wumpus World, the
agent moves in the specified direction with some probability
α (chosen to be either .8 or .9), and with some probabil-
ity 1 − α it “slips” and moves in a random direction. The
ground truth reward used for evaluating the learned policy
grants +50 for reaching the goal, -10 for getting eaten by the
monster, -5 for falling into the hole, and -1 for each step.

While not directly representative of caregiving tasks, the
Wumpus World environment serves as a suitable pilot study
testbed for our proposed framework as it requires balancing
various components of a reward function. Once the pipeline
is evaluated in our user study, we can investigate more com-
plicated environments such as in RCareWorld (Ye et al.
2022), the results of which will be more generalizable to
practical applications in caregiving robots.

Metrics
In order to compare the performance of the framework in
both the deterministic and stochastic Wumpus World envi-
ronments, we employ two metrics in the pilot study. The first
is the mean reward over 1000 trials. The second is the Win
Rate, which is a percentage of the total trials that were suc-
cessful in reaching the goal.

For the user study with our target population, we propose
additional metrics to evaluate user perceptions of the agent’s
behavior and of the LLM-generated explanations. Firstly, we
ask participants prior to each corrective demonstration col-
lection how successful they perceived the agent to be at com-
pleting the task. We choose to do so as prior work has found
that perceived success plays a larger role in shaping trust
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(a) Example of prompt given to the LLM.

(b) Example of a response given by the LLM. We notice in this response’s recommendation section that the LLM encourages the demonstrator
to provide demonstrations that span the demonstration space, by suggesting demonstrations that avoid the monster to the detriment of the
path length, as well as demonstrations where the monster eats the player.

Figure 2: This figure depicts the prompt provided to the LLM, along with an example of a response given by the LLM.
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Figure 3: Wumpus World containing Monsters, Holes, and a
Treasure Box.

and perceived usability (Moorman et al. 2023a). Addition-
ally, we propose to conduct an open-ended interview where
the participant will answer the following questions.

• How clear was the explanation?
• How understandable was the explanation ?
• Did the explanation make sense?
• Was the explanation sufficiently detailed?
• How relevant was the explanation?
• How can the explanation be improved?

These qualitative results will provide some insight into
whether the feedback provided is perceived as practical, and
understandable for non-expert users.

We additionally propose to evaluate the consistency of the
LLMs responses. As the demonstrations provided by each
participant will be different, we evaluate consistency with
respect to each participant’s dataset. To do so, we query the
LLM 10 times for each person’s demonstration set and de-
termine how consistent the LLM’s explanations and sugges-
tions are, similar Verma et al’s conviction perturbation test
(Verma, Bhambri, and Kambhampati 2024). We propose to
employ the following subjective checks of the LLM expla-
nations.

• Consistency of the features suggested to change.
• Consistency of suggested changes to the features.
• Correctness of reasons for the suggested changes.

Population
So far, we have conducted a proof-of-concept pilot study to
evaluate the pipeline, where the participants were the authors
of this work for up to two rounds of corrective feedback, the

results of which can be found in the following section, in
Table 1. In future work, the authors plan on running a user
study with care providers and care receivers to evaluate the
usability and perceptions of the framework.

Results and Discussion
In this section, we report the results of proof-of-concept pilot
study of the framework.

In Table 1, we compare the changes in performance
over multiple rounds of feedback in the deterministic and
stochastic Wumpus World environments. We observe that
in all environments, as the demonstrator goes through each
round of corrective feedback using our system, the reward
increases. In the deterministic environment, one round of
feedback is sufficient in obtaining a win rate of 100. In
the more challenging stochastic environments, one round
of feedback results in a win rate of 58%, and a second
round of feedback improves the win rate. In future work,
we propose to determine the number of rounds that would
be sufficient, if any, for the stochastic environments, and
to extend our analysis by evaluating our framework with
smaller increments of stochasticity, to explore a broader
range of stochastic environments. While only preliminary
results, these trends imply that the LLM’s explanations en-
able the demonstrator to improve their demonstrations.

The violin plots in the Appendix illustrate the evolution
of SHAP values across two rounds of corrective feedback in
both deterministic and stochastic environments. We note that
the violin plots across the deterministic and stochastic envi-
ronments begin to converge after the second iteration, indi-
cating that the pipeline effectively guides the agent in learn-
ing reward functions with similarly weighted features. For
instance, the SHAP values for ‘distance to the goal’ increas-
ingly become more negative, signifying that the agent is re-
warded for moving closer to the goal. Likewise, the SHAP
values for ‘distance to the monster’ turn positive, reflecting
the agent’s learned behavior of avoiding the monster as it
progresses through the iterations.

In Figure 2b we depict the model’s response in the de-
terministic environment before the demonstrator provides
their first round of corrective feedback. We observe that the
model’s response is informative in explaining the meaning
of the different features relevant to the reward function, and
contextualizes how the demonstrations need to change given
the task and set of Shapley values.

Takeaways: We design a user study to evaluate our
pipeline’s efficacy in enabling demonstrators to better un-
derstand a policy’s features importance, in order to provide
corrective demonstrations. In a pilot study, we find that af-
ter two rounds of feedback, the policy’s win rate improves
across all three environments, achieving a win rate of 100%
in the case of the deterministic environment. Finally, we ob-
serve that the violin plots (found in the Appendix) across the
deterministic and stochastic versions of the Wumpus World
environment begin to converge after the second iteration of
corrective feedback from the demonstrator, indicating that
the pipeline effectively guides the agent in learning reward
functions with similarly weighted features.
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Stochasticity (α) Rounds of Feedback Total Reward Win Percentage
0 No feedback -7.895 51.5%

One round of feedback 44.0 100%
Two rounds of feedback 44.0 100%

.10 No feedback -13.40 24.2%
One round of feedback -0.023 58.6%
Two rounds of feedback 26.25 83.5%

.20 No feedback -34.85 25.6%
One round of feedback 0.181 58.9%
Two rounds of feedback 8.609 66.56%

Table 1: Results comparing the pipeline with baseline on varying levels of stochasticity (the agent takes a random action with
probability α ranging from 0 to 1, and takes the desired action with probability 1−α). The total reward and win percentage are
calculated on 1000 episodes.

Limitations and Future Work In addition to conducting
the user study with the target population, there are various
opportunities for future work. For instance, our framework
could be evaluated in more environments, including partially
observable and continuous environment spaces. Additional
baselines could be investigated – for instance, a baseline
with only the Shapley values and no additional explanations,
or a baseline with neither explanations nor Shapley val-
ues – in order to determine how the LLM explanations en-
hance interpretability and subsequent performance. Future
work could consider different ways of sampling demonstra-
tions upon receiving the corrective feedback. Currently, the
five new demonstrations are selected, and (no matter what
round of feedback the demonstrator is on) the remaining
ten demonstrations are samples from the existing dataset,
without replacement. An alternative approach could be to
weigh the demonstrations provided in more recent rounds
of feedback higher than the demonstrations provided earlier.
Finally, further prompt engineering has the potential to im-
prove the interaction between the human and the system.

Broader Impact Statement This work proposes a
pipeline that leverages LLMs to improve the degree to which
Shapley values are informative for a non-expert demonstra-
tor. It has the potential to contribute to aging in place as
it improves the experience of non-expert demonstrators by
providing guidance about how to teach a robot (specifically,
about the content of their demonstrations). This is essential,
as direct involvement of the care receiver or care provider
in the robot learning process has the potential to improve
the degree of personalization and reduce reliance on robotics
experts.

This work is still in the development stage. In this proof-
of-concept evaluation of the pipleine, the participants are the
authors of the work. In future work, we propose to demon-
strate how the framework performs with non-expert users,
representative of the target audience, in order to determine
if the LLM feedback would be comprehensible and use-
ful. We anticipate that working with older adults in future
work will help shape how we prompt the LLM, to encour-
age clear and understandable explanations that are useful to
non-expert users.

Conclusion
Enabling end-users to be involved in teaching desired behav-
iors to the system (via demonstration) allows them to com-
municate their needs and preferences directly, which is inte-
gral for the deployment of assistive agents. To help demon-
strators understand the key features they should focus on
when providing demonstrations, we propose a framework
where we utilize an LLM to provide human-interpretable
explanations of Shapley values. These explanations contex-
tualize the feature importance learned by the model with re-
spect to the task and domain, enabling non-expert demon-
strators to more effectively be involved in the agent’s learn-
ing. We demonstrate our framework’s performance both in
deterministic and stochastic versions of the Wumpus World
environment.
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