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Abstract. Personalised robots have immense potential to enhance daily
life through tailored interactions, yet achieving efficient personalisation
remains challenging. This paper introduces a Multi-task Interactive Re-
inforcement Learning (MIRL) framework aimed at improving the effi-
ciency of interactive learning with evaluative feedback. We demonstrate
that pre-training the robot across diverse tasks significantly reduces the
learning steps required during fine-tuning, thereby enhancing sample effi-
ciency. Our approach effectively aligns robot behaviours with user prefer-
ences, as evidenced by experimental results. These advancements promise
to advance the usability and effectiveness of personalised robotics in di-
verse applications.

Keywords: Interactive Reinforcement Learning, Pre-training, Person-
alisation

1 Introduction

Personal robots have emerged as a highly promising technology for performing
interactive tasks in a variety of settings, including domestic, healthcare, and pub-
lic environments [17] [6]. These robots have the potential to significantly enhance
quality of life by assisting with daily activities, providing companionship, and
supporting individuals with special needs. A critical factor for the widespread
adoption and acceptance of these robots is their ability to achieve a high level
of personalisation, which allows them to be tailored to the specific needs, pref-
erences, and routines of individual users. Personalisation is essential for making
interactions with robots more natural and effective, ultimately leading to higher
user satisfaction and engagement [12] [5].

Achieving such a degree of personalisation, however, presents several chal-
lenges. One major challenge is enabling robots to learn from each user without
requiring the users to have any technical knowledge or expertise in programming
or robotics. This means the learning process must be intuitive and accessible to
all users, regardless of their background. Another challenge is the speed at which
the robot can learn; it is important that the robot adapts its behaviour to align
with the user’s intent swiftly. This is not only beneficial for the user’s experi-
ence, making the robot more immediately useful, but it also reduces the burden
on the user to continuously teach the robot, thereby lowering the overall effort
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required for personalisation. One effective method for enabling users to teach
robots is Interactive Reinforcement Learning (RL). In Interactive RL, the robot
learns through a process of trial and error, guided by feedback from the user [11].
The user observes the robot’s actions and provides evaluative feedback, such as
approval or disapproval, based on the correctness and desirability of the actions
taken [16]. This feedback is then used to adjust and improve the robot’s policy,
helping it to learn behaviours that align with the user’s preferences and goals.
Interactive RL has been successfully applied in various real-world scenarios, with
a potential to yield positive user experiences and favourable perception of the
robot [15].

However, Interactive RL approach requires a substantial amount of effort
from users, particularly during the initial stages of learning [3]. At the beginning,
the robot lacks any contextual understanding of the task and acts randomly. It
learns primarily through the user’s feedback, which means the user must provide
constant guidance and correction. This extensive teaching process can be time-
consuming and demanding, making it less feasible for users who may not have the
time or patience to engage in prolonged training sessions. Consequently, while
Interactive RL holds promise, its practicality and scalability for widespread use
in social robots remain limited by the high initial effort required from users.

To address the feedback efficiency of interactive RL models, previous stud-
ies have explored the incorporation of expert demonstrations provided by users
at the initial stages of the learning process [9]. These demonstrations allow the
robot’s policy to be initialized with some task-specific information, thereby pre-
venting the robot from starting with completely random actions. Users can pro-
vide demonstrations in two primary ways: through teleoperation or kinesthetic
teaching. In teleoperation, the user takes control of the robot remotely, guiding
it to perform the desired tasks. This method can be effective as it allows the
user to demonstrate complex actions precisely, however, it requires the user to
have a certain level of technical skill to control the robot accurately without
causing harm to the robot or the surroundings [10]. Kinesthetic teaching, on the
other hand, involves the user physically manipulating the robot’s joints to move
them into the desired positions. This hands-on approach enables the robot to
learn through direct physical interaction, making it easier to convey the specific
movements required for a task, however, the physical interaction with the robot
might be challenging for some users without the necessary strength, dexterity,
or familiarity with the robot’s mechanics [2].

In this study, we investigate a novel pre-training method aimed at enhancing
the efficiency of Interactive Reinforcement Learning (RL) from human evalautive
feedback. Specifically, our approach focuses on multi-task pre-training, wherein
the robot is initially trained to learn a general policy across a subset of pre-
defined environments. This initial training phase is designed to provide the robot
with a foundational understanding of various tasks, allowing it to develop an
adaptable and robust policy. By leveraging diverse tasks during pre-training, we
hypothesise that the robot can acquire transferable skills and knowledge that
can be easily personalized to new, unseen environments. While multi-task pre-
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training has been explored in previous studies, particularly in the context of
preference-based learning [7] [14], our objective is to assess its effectiveness in
improving the sample efficiency of Interactive RL through evaluative feedback.
In our approach, users provide feedback to the robot to fine-tune the pre-trained
policy, ensuring it aligns with their specific preferences and requirements without
the need to start from scratch. We hypothesise that this feedback mechanism
enables the robot to quickly adapt to individual user needs, enhancing both the
learning speed and the overall user experience.

1.1 Preliminaries

Reinforcement Learning (RL) aims to solve tasks that are modeled as Markov
Decision Processes (MDPs) [13]. An MDP is defined by the tuple < S,A, T,R, γ >,
where S represents the set of states and A represents the set of actions. The tran-
sition function T : S ×A → S specifies the probability of moving to a new state
given the current state and action. The reward function R : S ×A → R assigns
a reward for performing an action in a given state, and γ ∈ [0, 1] is the discount
factor that determines the importance of future rewards.

The objective in RL is to find policies π : S → A that maximize the
total expected discounted rewards over time. The expected return from each
state-action pair, known as the action-value and denoted by Q(s, a), is given
by Q(s, a) = Eπ [

∑∞
t=0 γ

tR(s, a)]. Optimal policies, denoted by π∗, are those
that maximize these returns, directing the agent to achieve the highest possible
rewards.

2 The MIRL Framework

To address the challenge of sample efficiency in existing interactive RL methods,
we propose the Multi-task Interactive Reinforcement Learning (MIRL) frame-
work. The framework consists of two phases, as illustrated in figure 1:

1. Multi-task pretraining: the robot is first pre-trained on a diverse set of
tasks with pre-define reward functions to acquire a generalised policy.

2. Fine-tuning with evaluative feedback: The users provide feedback to
personalise the behaviour of the robot, acquired in the previous stage, in
new, unseen environments.

2.1 Multi-task pre-training:

The initial phase of our model involves multi-task pre-training, which is designed
to provide the robot with a comprehensive representation across a variety of
tasks. During this phase, the robot is exposed to a diverse set of pre-defined
environments, each representing a different task within the same domain. These
tasks are selected to cover a broad spectrum of scenarios that the robot might
encounter in real-world applications. The goal is to enable the robot to develop
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Fig. 1: Illustration of the framework. (1) The robot first learns a basic policy
by performing a multi-task RL pretraining on different environments. (2) A
user then personalises the robot’s behaviour on a new task through evaluative
feedback.

a unified generalised policy, Q, that aims to maximise the long-term returns of
each environment. For each episode, the robot is randomly presented to a task
from among the predefined environments, allowing it to learn generalisable skills
across tasks.

2.2 Evaluative Feedback Finetuning

In this phase, the robot is introduced to new, unseen environments where it
needs to adapt its behaviour to align with the preferences and needs of individual
users. This fine-tuning is achieved through evaluative feedback provided by the
users. Specifically, we use the TAMER framework [8], where users provide their
binary feedback to assess the correctness of the action taken by the robot. The
feedback is then used to update the policy of the robot until it converges to a
behaviour aligned with the human’s intent. By initialising the robot’s behaviour
with a generalised policy obtained from the pre-training phase, the robot should
quickly adapt to new tasks, requiring less load on the user.

3 Experiments

3.1 Experimental setup

We structure the methodology to address the following research question: Does
multi-task pre-training accelerate learning from human feedback?

Environment We consider the Fruit-Picking environment [1] [4], which consists
of a gridworld containing different types of fruits that the robot needs to collect.
Similar to previous work [1], during the multi-task pre-training phase, the robot
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learns to pick one type of fruit per task. This is represented with a reward
function that provides a positive reward if the robot picks the correct type of
fruit and a negative reward otherwise. In the personalisation phase, users teach
the agent a different task within the same domain. Specifically, we consider
a task where the robot must pick different types of fruits according to user
preferences (e.g., 60% preference for strawberries, 30% preference for apples,
and 10% preference for blueberries).

Implementation details We train the agent using a deep Advantage Actor-
Critic (A2C) architecture. Since the goal of this paper is to demonstrate the
feasibility of using multi-task pre-training to accelerate learning, we simulate
human feedback using a reward function that represents the intended fruit dis-
tribution. For the aforementioned distribution, the reward function is as follows:

R(s, a) =


0.6 if a = pick strawberry

0.3 if a = pick apple

0.1 if a = pick blueberry

0 otherwise

(1)

Baseline To evaluate the effectiveness of our model, we compare it against an
A2C agent without pre-training. This comparison helps to isolate the impact of
multi-task pre-training on learning efficiency and performance.

3.2 Experimental results
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6 Imene Tarakli et al.

Training Performance Comparison Figure 2a illustrates the training results
of an A2C agent in the Fruit-Picking environment, comparing the performance
with and without multi-task RL pre-training. Our approach (represented by the
orange line) achieves comparable performance to the baseline (blue line) using
8 times fewer environmental steps. This highlights the effectiveness of multi-
task pre-training in significantly enhancing the sample and feedback efficiency
of interactive learning with evaluative feedback.

Preferences distribution Figure 2b shows the preference distribution achieved
after training the robot to collect fruits based on user preferences. Initially, dur-
ing the multi-task pre-training phase, the robot demonstrates an equal collection
rate across all types of fruits. Subsequently, after training with simulated feed-
back, the robot learns a policy resulting in a collection distribution of 51.4%
strawberries, 27.3% apples, and 21.3% blueberries. This distribution closely ap-
proximates the intended distribution of 60% strawberries, 30% apples, and 10%
blueberries.

4 Discussion & Conclusion

The results presented in this study demonstrate the efficacy of multi-task pre-
training in enhancing the efficiency of Interactive Reinforcement Learning (RL)
with evaluative feedback within the MIRL framework. Our approach achieved
comparable performance to the baseline A2C agent while requiring significantly
fewer environmental steps (8 times fewer). This substantial reduction in training
steps highlights the capability of multi-task pre-training to accelerate the learn-
ing process, making it more sample-efficient. Multi-task pre-training enabled
the robot to develop a generalised policy across a diverse set of tasks during the
initial phase. This foundational knowledge provided the robot with a broader
understanding of the environment and tasks, facilitating quicker adaptation to
new, unseen tasks during the fine-tuning phase. By initialising the robot with
a general policy, derived from multi-task pre-training, we minimised the initial
learning curve and cognitive load on users. This approach is particularly advan-
tageous in applications where users may have limited time or expertise to guide
the robot extensively. Moreover, we showcased that MIRL had the ability to
align with the user’s intent. While a the robot first acquired a general policy
that allowed it to understand the dynamic of the environment, the subsequent
fine-tuning phase, allowed the robot to adjust its behaviour to achieve a collec-
tion distribution closely matching the intended user preferences. This adaptation
illustrates the effectiveness of interactive RL with evaluative feedback in person-
alised robot behaviour, allowing to adapt to the user needs without technical
programming. The findings of this study have several implications for the devel-
opment and deployment of personal robots in real-world settings. By enhancing
the sample efficiency and aligning with user preferences, our approach improves
the overall usability of interactive robots. This advancement could lead to more
seamless integration of robots into everyday environments, such as homes or
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healthcare facilities, where personalised assistance and interaction are crucial.
Future research directions could explore further optimisations and extensions
of the multi-task pre-training framework. Investigating the scalability of this
approach to more complex environments and tasks, as well as incorporating
real-time user feedback mechanisms, could enhance its applicability and adapt-
ability. Additionally, studying the impact of task opposition, where the final task
may require behaviours conflicting with those learned during pre-training, would
deepen understanding of adaptation dynamics.
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