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Abstract—Large Language Models (LLMs) are increas-
ingly influential in advancing robotics. This paper introduces
ECLAIR (Evaluative Corrective Guidance Language as Rein-
forcement), a novel framework that leverages LL.Ms to interpret
and incorporate diverse natural language feedback into robotic
learning. ECLAIR unifies various forms of human advice into
actionable insights within a Reinforcement Learning context,
enabling more efficient robot instruction. Experiments with
real-world users demonstrate that ECLAIR accelerates the
robot’s learning process, aligning its policy closer to optimal
from the outset and reducing the need for extensive human
intervention. Additionally, ECLAIR effectively integrates mul-
tiple types of advice and adapts well to prompt modifica-
tions. It also supports multilingual instruction, broadening
its applicability and fostering more inclusive human-robot in-
teractions. Project website: https://sites.google.com/
view/eclairiros

I. INTRODUCTION

Reinforcement Learning (RL) has significantly advanced
the field of robotics by allowing robots to learn diverse tasks
ranging from navigation [1] to complex control policies [2].
Within this framework, robots autonomously acquire optimal
behaviours through trial and error, using a predefined reward
function to assess their performance and update their policy
[3]. Despite RL’s success in many robotics applications, it
faces notable challenges, especially in real-world scenarios.
First, RL heavily relies on the reward function; designing an
effective reward function that captures all the task dimensions
without promoting unintended behaviours is complex, time-
consuming, and requires a deep technical insight [4], [5].
Furthermore, while autonomous exploration is essential for
discovering optimal policies, extensively exploring a large set
of behaviours can slow policy convergence and potentially
lead to hazardous situations that compromise robot safety
[6].

To address the challenges of designing accurate reward
functions, various studies have explored leveraging human
expertise in the learning process of robots through Interactive
RL. In this approach, individuals knowledgeable about the
task, yet possibly lacking in technical skills, guide the robot’s
learning by providing advice. This advice enables the robot
to adapt and learn from diverse human inputs, facilitating
faster policy convergence and ensuring safer exploration [7].

Teaching a robot involves different teaching strategies with
various teaching signals [8]. Evaluative feedback directly as-
sesses the optimality of a robot’s action; either through scalar
or binary values or by comparing demonstrated trajectories.
This approach enables robots to learn without a predefined
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reward function, leading to quicker policy convergence.
Corrective feedback, on the other hand, allows humans to
refine the robot’s policy by specifying the optimal action,
thereby narrowing the exploration space and accelerating
convergence. Another form of human advice is guidance,
where humans guide the learning of the robot by informing
it about future aspects of the task. This allows the robots
to quickly converge to the optimal policy by reducing the
randomness of the exploration process.

All these types of teaching signals contribute to alleviating
the limitations of autonomous learning by allowing a faster
convergence and safer exploration for robots [8]. Neverthe-
less, integrating human advice into the learning process is not
straightforward. It demands significant engineering efforts to
ensure robots can interpret these signals correctly, often con-
straining how humans naturally teach. Evaluative feedback,
for example, can be directly included in the RL framework
as an evaluation function, it, however, does not cover the
richness of human knowledge as it limits the information that
can go through this channel, as the users can only comment
on the optimality of past actions [9]. Corrective feedback and
guidance, on the other hand, offer more control to humans
by allowing them to direct the robot toward optimal states or
actions. However, interpreting such teaching signals is more
complex as it necessitates a sophisticated mapping between
the advice and its corresponding actions or states. This often
relies on heavily annotated data [10], [11], multiple task
demonstrations [12], [13], or predefined performance metrics
to ground the teaching signals effectively [14]. Moreover,
although significant efforts have been deployed to combine
different teaching methods, teaching methods have been
mostly investigated individually. A unified formalism of all
these teaching signals remains an active research question
[8].

Large Language Models (LLMs), with their demonstrated
proficiency in learning in context and capturing essential
commonsense priors about human behaviour [15], present
a novel approach to understanding and integrating human
feedback into robotic systems. In this work, we leverage
these capabilities to introduce the Evaluative Corrective
Guidance LAnguage as reInfoRcement (ECLAIR) model.
ECLAIR is designed to seamlessly integrate diverse types
of feedback provided in natural language into a unified
framework that shapes robot behaviours. We aim to reduce
the advice interpretation limitations of previous models by
using pre-trained LLMs to interpret various human advice
and effectively translate it into actionable insights that inform
and enhance the robot’s learning process. Our contributions
are as follows:

11477



o We present ECLAIR, a pioneering model that leverages
LLMs to unite evaluative, corrective, and guidance feed-
back within a single framework for interactive teaching.

e We empirically validate ECLAIR’s effectiveness in
accelerating robot learning and reducing the human
training load in the process.

o We demonstrate that ECLAIR is robust against varying
prompt structures and can be used across multiple
languages.

II. RELATED WORK

Recent research has explored leveraging LLMs to enhance
Reinforcement Learning performance. Various approaches
include utilising LL.Ms to generate rewards by finetuning
on extensive user data [16], [17], or employing in-context
learning strategies with limited datasets [18], [19]. Other
studies have enhanced RL by employing LLMs to guide
the learning of intermediate tasks with language directives
[20], [21] or by creating goals for an agent and defining
rewards through the cosine similarity between the goal’s
description and the observation’s caption [22]. To the best
of our knowledge, no existing studies have investigated the
integration of LLMs for directly interpreting human advice
within Interactive RL frameworks.

ITI. PRELIMINARIES

Reinforcement Learning (RL) focuses on solving tasks
represented as Markov Decision Processes (MDPs) [3]. De-
fined by the tuple < S, A, T, R, >, an MDP consists of
S and A as the sets of states and actions, respectively. The
transition function 7" : S x A — S determines the probability
of transitioning to a new state given a current state and action.
The reward function R : S X A — R outlines the reward for
executing an action in a state, while v € [0, 1] represents
the discount factor, which influences the agent’s sensitivity
to future rewards.

The aim in RL is to identify policies 7 : S — A that
optimise the total expected discounted rewards over time.
The expected return from each state-action pair, referred to
as the action-value, is denoted by Q(s, a) and is defined as
Q(s,a) = Ex [> 2 y7'R(s,a)]. Optimal policies, symbol-
ised as 7*, are those that maximise these returns, guiding
the agent to achieve the highest rewards.

IV. THE ECLAIR FRAMEWORK

In this section, we present Evaluative Corrective Guidance
LAnguage as relnfoRcement (ECLAIR), a RL framework
that integrates different types of natural language feedback
to interactively shape robots’ behaviours. The model consists
of two phases:

1) Advice interpretation: we leverage the use of LLMs
to translate the spoken feedback into different value,
specifically evaluative feedback, corrective feedback,
and guidance for the next action.

2) Adyvice shaping: this consists of integrating the differ-
ent types of feedback in the RL algorithm to update
and refine the policy of the robot.

A. Advice interpretation

In this phase, natural language feedback from humans is
interpreted and transformed into an internal representation
that guides the robot’s learning process. Pre-trained LLMs
act as interpreters of human advice, converting spoken input
into actionable feedback. This feedback is categorised into
three types: evaluative, which provides a binary assessment
of an action’s correctness; corrective, which suggests alter-
native actions the robot should take; and guidance, which
offers direction for future actions. To facilitate this process,
we refine the LLM’s system prompt by detailing the task, its
objectives, and the action space within the Markov Decision
Process (MDP). We clearly define each type of feedback
and use few-shot prompting to ensure accurate interpretation.
By providing examples of human advice alongside their
corresponding outputs, we help the LLMs understand the
interpretation task and adhere to the required format. The
system prompt used is included in the appendix and is
also available on the project page. This phase occurs after
the robot completes an action. If the user provides advice,
a prompt is generated that combines the robot’s action
with the human advice provided, as illustrated in Figure
1. This prompt is processed by the LLM, which outputs
the interpreted feedback. A parser then converts this textual
feedback into numerical values, ready for integration into
the robot’s learning process. If no advice is given, or if it
does not cover all feedback types, a default ‘None’ value
is assigned to the specific type of feedback, and the robot
proceeds to the next action.

B. Advice shaping

In this phase, we integrate the interpreted human advice
into the RL system to shape the learning process of the
robots. For this, we take inspiration from existing shaping
strategies and integrate the advice into the learning process
differently for each type of feedback.

Prior studies have demonstrated that evaluative feedback
is most effectively utilised as immediate information about
the value of an action, positioning it as an ideal candidate
for directly modifying the action-value function within the
learning algorithm [23]. Similar to Knox et al.[24], we
adopt the Q-augmentation method to integrate the evaluative
feedback, denoted as h, into the learning process. For each
observed state-action pair < s,a >, we update the Q-value
as follows:

Q'(s,a) = Q(s,a) + ax (h— Q(s,a)) (1)

When the robot selects an incorrect action, the corrective
feedback specifies the optimal action, denoted as a., that
would have been more appropriate. For its integration into
the learning process, we employ a methodology paralleling
Q-augmentation; instead of altering the action-value of the
observed state-action pair < s,a >, we modify the Q-value
for the state and the optimal action < s,a. > that the
robot should have selected. This method of adjustment is
essentially equivalent to providing positive feedback for the
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(1) Advice Interpretation

(2) Advice Shaping
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Fig. 1: Illustration of the framework. (1) The agent first learns a low-level policy with a myopic interactive RL. All trajectories
of the interaction are stored in a buffer. (2) An offline inverse RL is then applied to the stored trajectories to recover a
reward and a policy that better encodes the high-level information of the task.

corrected action a.. The update is formulated as follows:

Q/(Sa ac) = Q(s,ac) +a(l - Q(s,ac)) (2)

Guidance is provided to steer the exploration strategy
toward the desired action of the user. Unlike evaluative and
corrective feedback, which influence the learning algorithm’s
value estimations, guidance feedback directly modifies the
policy’s output at decision time. To incorporate this feedback
into the learning process, we consider the decision-biasing
strategy where the robot prioritises the action suggested by
the user, denoted as ag4, at decision time. Specifically, the
policy is adjusted such that for the next state s, 1, the chosen
action is explicitly set to a4, formalised as 7(s¢41) = ag.

V. METHODOLOGY

We structure our methodology to address the following
research questions:

e Does ECLAIR enhance the process of learning from
human advice?

o Is ECLAIR feedback efficient?

o What is the sensitivity of ECLAIR to variations in the
prompt structure, and how does it impact the advice

interpretation?

ECLAIR Interface (2) Place
down the
cube

A
|
|
|
|

Vector |
- Robot |

INFORM Interface !

————— > (1) Pick

Fig. 2: Experimental setup: Vector robot, pick and place task
and screenshots from the interfaces.

A. Experimental setup

To assess the performance of ECLAIR, we designed a
robotics study where participants are asked to teach a robot
a control task. Figure 2 illustrates the experimental setup.

Robotics platform. Vector.!, a compact social robot is
used in this study. Measuring a few inches, this robot is
particularly suitable for tabletop interactions. Designed for
dynamic interaction with its surroundings, Vector is equipped
with navigation and manipulation abilities. Its wheels enable
omnidirectional movement to navigate diverse surfaces. Ad-
ditionally, Vector is equipped with a lift mechanism, allowing
it to engage directly with objects, such as picking up or
setting down its interactive cube.

System configuration. The setup consists of three ele-
ments — the robot, an Android tablet, and an Ubuntu machine.
The Android tablet serves as the interactive interface through
which humans can deliver advice. The Ubuntu machine runs
the RL process and uses the Robot Operating System (ROS)
to facilitate communication among all three elements.

LLMs and STT. To interpret the human advice, we use
the gpt-3-turbo model [15] that was demonstrated to be
efficient in generating and understanding human texts. Given
that the input must be in a textual format, we utilise Whisper
[25], a flexible and robust Speech To Text (STT) model, to
transcribe spoken advice provided by the user.

RL algorithm. We use Q-learning [3] as the RL process
of the study. The algorithm is suitable for discrete cases
and often ensures convergence to an optimal policy. This
allows us to thoroughly evaluate ECLAIR’s performance as
a comprehensive advice interpretation system.

B. Task domain

We consider a pick and place control task where the
robot’s objective is to start from a specified position, navigate
towards a cube, pick it up, and subsequently place it in a
designated location.

We model the environment as a grid consisting of 25 cells,
determining the robot’s precise cell location, L., through
its Xy coordinates. The task state space is then defined by
the tuple S = (Lcey,is-picked) where L. represents the
robot’s current location, and is_picked is a binary value
assessing whether the cube has been picked up, yielding a
state space size of 50 states.

Ihttps://ddlbots.com/products/vector-robot
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Moreover, the robot is able to perform six primitive
actions; the robot can go up, down, left, right, pick the cube,
and put it down. Each episode begins with the robot at a
location marked by an X and concludes either when the cube
is placed down or after 15-time steps, whichever occurs first.

The objective for the robot is to accomplish the task
with the minimum number of time steps. To evaluate the
robot’s performance, we use the negative of the episode’s
step count. Since prematurely dropping the cube can result
in the episode concluding in fewer steps than the optimal
path would require, we adjust this metric to account for such
outcomes. Specifically, we impose a penalty of -15 if the
cube is not picked up by the end of the episode and a -10
penalty if the cube is placed in a location other than the
designated target spot.

C. Study design

To evaluate the performance of ECLAIR, we employ
a within-subjects design wherein participants instruct Vec-
tor to perform a control task using two distinct teaching
approaches: ECLAIR and TAMER [26]. TAMER, which
relies exclusively on evaluative feedback, serves as the
control condition in our study. Our selection of TAMER was
motivated by its straightforward implementation and high
replicability, providing a good baseline for comparison. This
design enables us to study how multiple advice channels, as
featured in ECLAIR, influence robot learning in contrast to
TAMER’s single-channel approach.

We recruited 12 participants (M, = 30, 10 men, 2
women), from Sheffield Hallam University to take part in
our study. Participants were introduced to Vector robot and
briefed on the control task and teaching methods. To mitigate
any potential order effects, we randomised the order of the
two teaching methods.

For each condition, participants were instructed to guide
the robot through the task across 8 episodes. This specific
number of episodes was strategically chosen to balance the
overall study duration and accommodate the robot’s battery
life, and was based on preliminary simulations indicating that
both teaching methods would achieve convergence under a
rational teacher’s guidance.

For ECLAIR, participants provide their advice through
speech using an interface and the microphone of an Android
tablet. In the TAMER condition, evaluative feedback is
provided through a different interface featuring two buttons
labelled “correct” and “wrong.” This specific design for
TAMER was chosen to strictly limit feedback to evaluative
inputs, addressing findings from previous research where
participants often repurposed evaluative channels to offer
guidance [9].

Before the start of the teaching sessions, each participant
underwent a trial episode in each condition to familiarise
themselves with the task and interfaces. On average, the
study duration was 1 hour and 30 minutes per participant,
cumulatively yielding over 18 hours of data collection.

VI. EXPERIMENTAL RESULTS

A. Comparative analysis of ECLAIR performance

Pick and Place task (n=10)
s 12

1.0

0.8

0.6

m;
3
Success rate

0.4

0.2

0.0

(@ (b)

Fig. 3: Evaluation of ECLAIR and TAMER on the Pick-and-
Place task. (a) Performance curve of the models. The expert
performance (green dashed line) sets the targeted behaviours.
ECLAIR quickly converges towards expert performance,
while TAMER does so at a slower pace. (b) Success rates of
the training session. ECLAIR is significantly more successful
than TAMER.

The objective of this experiment is to evaluate the efficacy
of ECLAIR in enhancing the robot’s learning process from
human advice. Figure 3a presents the learning progression
for both ECLAIR and the baseline method, TAMER, in the
pick-and-place task. ECLAIR, represented by the blue line,
demonstrates rapid learning, closely mirroring the expert
benchmark (dashed green line) from the initial episodes.
In contrast, TAMER, depicted by the orange line, shows a
gradual and slower improvement, achieving successful trials
only towards the end of the training sessions. The quick
convergence of ECLAIR enabled it to be over 70% more
effective than TAMER across the teaching trials, p < 0.0001,
as detailed in Figure 3b.

ECLAIR’s enhanced learning is largely due to its integration
of different types of human advice into the learning of
the robot. TAMER, using only evaluative feedback confines
the participants to only comment on the robot’s past ac-
tions. This often leads to an extensive exploration by the
robot, exploiting the human feedback, only when receiving
a positive one upon executing a correct action by chance.
ECLAIR, in contrast, integrates both corrective feedback
and guidance to shape the robot’s behaviour. In this setting,
participants do not have to passively observe the robot’s
self-guided discovery of correct actions but can proactively
steer it towards these optimal ones, either by correcting past
mistakes or providing foresight on upcoming states. This
requires less exploration from the robot, leading to a quick
convergence to the optimal policy.

Figure 4, which presents a heatmap of state visitations during
training, supports this interpretation. ECLAIR’s heatmap dis-
plays a more condensed activity along the optimal trajectory,
suggesting focused training, whereas TAMER’s heatmap
indicates more widespread and less focused exploration,
including visits to sub-optimal states.
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Fig. 4: Heatmap of state visitations during training. ECLAIR
displays a concentrated activity along the optimal trajectory,
while TAMER exhibits a broader exploration.
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Fig. 5: Distribution of human feedback across training
episodes. (a) Compares the total advice provided in the
ECLAIR and TAMER models, highlighting ECLAIR’s initial
higher engagement that decreases over time, opposite to
TAMER'’s consistent feedback pattern. (b) Breaks down the
types of feedback used within ECLAIR, showing a prefer-
ence for evaluative and guidance feedback over corrective
feedback.

B. Feedback dynamics

The prior experiment validated that integrating diverse
types of human advice significantly improves robot learning.
This follow-up study aims to quantify the necessary amount
of human inputs for achieving learning convergence and to
examine how participants engage with the various feedback
channels.

Figure 5a presents the feedback distribution across training
episodes for both the ECLAIR and TAMER models. Notably,
for ECLAIR, we aggregate all feedback types to quantify the
total human advice provided during sessions. Initially, the
ECLAIR model, represented by the blue line, sees signif-
icantly more input from participants compared to TAMER,
denoted by the orange line. However, this trend reverses from
the third episode onwards, with ECLAIR feedback converg-
ing to zero, while TAMER feedback remains consistently
high until converging, where it then slightly diminishes.

These observations suggest that the volume of
feedback correlates strongly with the robot’s learning
progress—participants tend to offer less input as the robot
improves. The availability of multiple feedback channels in
ECLAIR seemingly reduces the cognitive load on trainers,
allowing them to offer varied and richer feedback at the
initial stage of training, enabling quicker learning with less

overall trainer effort.

In contrast, TAMER’s single feedback channel may lead to
more constant use, as it’s the sole means of communication
with the robot, potentially leading to its misuse for other
forms of instruction, as noted in prior studies [9]. This
feedback efficiency positions ECLAIR as a more effective
method by minimising the need for extensive human inter-
vention during robot training.

Additionally, we investigated participant interactions with
each feedback channel within the ECLAIR model. Fig-
ure 5b depicts the categorisation of advice distributed across
the teaching episodes. We observe that participants pre-
dominantly used evaluative feedback when instructing the
robot, with guidance closely following, indicating a tendency
among participants to employ a combination of these feed-
back types for teaching. The use of corrective feedback was
notably less frequent. A plausible explanation for this trend
is that the provision of guidance likely directed the robot
towards optimal actions, which were subsequently reinforced
through evaluative feedback. This sequence of interactions
reduced the incidence of incorrect actions by the robot,
diminishing the necessity and opportunity for participants
to employ corrective feedback.

C. LLM’s robustness as advice interpreter

ECLAIR leverages LLMs to interpret human advice, yet
LLMs performance highly depends on the input quality and
prompt design [27].

In this experiment, we assess ECLAIR’s adaptability to
different prompting strategies, examining its performance
with both few-shot and zero-shot examples. The standard
prompt used in ECLAIR includes a task description, a
guideline for the interpretation, and examples of desired
outcomes. We compare the influence of the provided exam-
ples on interpretation accuracy. We generate a dataset of 20
instances of human advice with ground truth. We assess the
label accuracy on this dataset by using the default few-shot
prompt and a modified zero-shot prompt where examples
were removed, for 3 seeds

Figure 6a shows that ECLAIR’s performance remains
stable regardless of the prompting method, suggesting LLMs’
pre-training is sufficient for this task context, without requir-
ing explicit examples.

Additionally, we investigated prompt sensitivity to word-
ing changes following Klissarov et al’s methodology by
testing a semantically similar but reworded prompt against
the standard on the same dataset, for three seeds [19].
Figure 6b illustrates the results where minimal performance
differences between the prompts can be seen. This suggests
that ECLAIR is robust to slight changes in prompt wording.
However, it is important to note that this might be task-
dependent, with more complex scenarios potentially yielding
different outcomes.

Exploratory tests revealed that ECLAIR might potentially
be used in multilingual interactions. To confirm this, we
translate the previous advice dataset into four languages:
Arabic, French, Italian, and Spanish. Figure 6¢ shows a
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Fig. 6: Evaluating ECLAIR’s interpretation accuracy across prompting methods and languages.

consistent label accuracy across these languages, with no
significant difference. This linguistic flexibility is attributed
to the LLMs’ training on diverse, multilingual datasets,
allowing ECLAIR to be used in different languages.

VII. CONCLUSIONS

In this study, we introduced ECLAIR, a novel framework
that integrates human advice into robot learning through the
interpretation of natural language feedback by Large Lan-
guage Models (LLMs), subsequently applied within an RL
framework. Our comprehensive evaluation demonstrated that
ECLAIR significantly enhances robot learning by promoting
a quick convergence to the optimal policy and requiring
little human feedback through the learning, thus reducing
the human teaching load. Through empirical analysis, we
found ECLAIR to be robust to prompt modifications, and
proficient in multiple languages. Future works should aim to
expand the application of ECLAIR to more complex tasks
and diverse user groups, aiming to further understand and
improve robots learning from human advice.
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