Sheffield
Hallam _
University

Learning while Sleeping: Integrating Sleep-Inspired
Consolidation with Human Feedback Learning.

TARAKLI, Imene and DI NUOVO, Alessandro <http://orcid.org/0000-0003-
2677-2650>

Available from Sheffield Hallam University Research Archive (SHURA) at:
https://shura.shu.ac.uk/33782/

This document is the Accepted Version [AM]
Citation:

TARAKLI, Imene and DI NUOVO, Alessandro (2024). Learning while Sleeping:
Integrating Sleep-Inspired Consolidation with Human Feedback Learning. In: 2024
IEEE International Conference on Development and Learning (ICDL). IEEE. [Book
Section]

Copyright and re-use policy

See http://shura.shu.ac.uk/information.html

Sheffield Hallam University Research Archive
http://shura.shu.ac.uk


http://shura.shu.ac.uk/
http://shura.shu.ac.uk/information.html

Learning while Sleeping:
Integrating Sleep-Inspired Consolidation with
Human Feedback Learning

Imene Tarakli
Sheffield Hallam University
Sheffield, United Kingdom

i.tarakli @shu.ac.uk

Abstract—Sleep plays a vital role in developmental learning.
It allows the brain to consolidate daily learning experiences by
replaying the memories accumulated throughout the day. In this
work, we take inspiration from sleep and propose the Inverse
Forward Offline Reinforcement Model (INFORM), a scalable
framework that first learns a set of behaviours from human
evaluative feedback, then consolidates the learning by applying
an offline inverse reinforcement learning to the memorised
trajectories. Experimental results demonstrate that INFORM is
a feedback-efficient method that effectively learns an optimal
policy that aligns with the intended behaviour of the human. A
comparative analysis shows that the learnt policies are robust to
dynamic changes in the environment and the recovered rewards
allow the robot to be autonomous in its learning. Project website:
https://sites.google.com/view/inform-framework

Index Terms—Developmental Robotics, Cognitive Robotics,
Interactive Agents

I. INTRODUCTION

From the joyous cheers greeting a baby’s first steps to the
reprimand following a misconduct, or the beaming pride after
an achievement, humans are consistently exposed to evaluative
feedback throughout their lives. This feedback is fundamental
for learning, as it helps individuals acquire new skills, make
informed decisions, and adapt to changes in the environment
[1].

Transferring this ability to learn from evaluative feedback to
robots is a natural transition toward smoother Human-Robot
Interaction (HRI). By emulating natural human interaction,
the teaching process becomes more intuitive and effective,
enabling individuals to guide robots using feedback in the
same manner they would with their peers. As the feedback
precisely tailors the robot’s learning, it allows users to easily
personalise the robot’s behaviour to their desired preferences
without needing specific technical skills.

Several studies investigated how to include human feedback
within the decision-making process of a robot, framing this
approach as Interactive Reinforcement Learning (RL). This
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framework has proven effective in various real-world appli-
cations, enabling users to shape the behaviour of robots by
providing feedback on each action of the robots. However,
humans do not consider evaluative feedback as a reinforcement
per se, but as a means to communicate the correctness of an
action, often favouring positive over negative feedback [2], [3].
This way of teaching creates positive-reward cycles — the agent
will repeatedly visit the same states to maximise the long-term
reward. Consequently, Interactive RL tends to focus on myopic
learning - the robot privileges immediate rewards over future
ones when making decisions. While this approach accelerates
learning by reducing the time spent exploring future rewards,
it can limit the robot’s understanding of the broader goal of
the task, potentially affecting the generalisation and robustness
of its performance [4].

In contrast, humans effectively learn from evaluative feed-
back and are capable of generalising and transferring the
knowledge to more complex tasks. However, this learning is
not straightforward. Humans do not acquire robust decision-
making skills directly from evaluative feedback; it involves
various steps, with sleep playing a crucial role [5]. Indeed,
studies revealed that deep sleep enhances learning by enabling
the consolidation and generalisation of knowledge [6]. Newly
acquired skills are initially stored in the short-term memory
within the hippocampus. During sleep, these memories are
processed and replayed, training additional neurons in the
cortex. This process maximises the information extraction
from each episode and stores it in the brain’s long-term
memory, facilitating the generalisation of learning [7].

Moreover, humans do not solely rely on human feedback
when learning. they infer the goal and intent of the teacher
based on that feedback and internalise the reward to enable
further learning on their own [8].

In this paper, we introduce INverse Forward Offline
Reinforcement Model (INFORM), a model for learning from
evaluative feedback that closely emulates how humans learn.
INFORM initially learns from evaluative feedback by using
a myopic forward interactive RL to predict the teacher’s
preferred actions, storing all trajectories in a replay buffer.
It then initiates a “sleep phase” by replaying these learning
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Fig. 1: Tllustration 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.

experiences in an offline mode. During this phase, Inverse RL
is applied with a high discount factor, allowing the model to
internalise the dynamics of the environment and thus learn a
robust policy and reward function from past experiences [9].

Our contribution can be summarised as follows:

o We introduce INFORM, a framework that combines in-
teractive and inverse RL to enable scalable learning from
human feedback.

e« We report that INFORM is the first successful instance
of learning a non-myopic policy from human feedback in
a model-free setting for discrete and continuous environ-
ments.

« We empirically prove that INFORM is robust to the
change of dynamics and distributional shifts in a diverse
set of environments.

« We show that the reward function recovered by INFORM
effectively captures the high-level goal of the task, en-
abling autonomous learning.

II. PRELIMINARIES

In this section, we review the relevant definition and
notations that are used in the rest of this work.

Reinforcement Learning. RL is a subset of machine
learning that aims to solve problems modeled as Markov
Decision Processes (MDPs) [10]. An MDP is defined as a
tuple < S, A, T, R,y > where S and A are respectively the
set of possible states and actions; 7" : S x A — S is the
transition function that gives the probability of transitioning to
another state given the actual state and action; R: Sx A — R
is the reward function which defines the received reward
when performing an action in a state, and vy € [0, 1] is the
discount factor that determines the sensitivity of the agent to
future decisions. RL aims to learn policies 7 : S — A that
improve the discounted sum of returns over time. The return
of each < s,a > pair is given by the action-value defined as:
Q(s,a) = Ex[>;27"R(s,a)]. Policies that maximise the
returns rewards are called optimal and are denoted by 7*.

Inverse Reinforcement Learning. In IRL, the problem
is modeled as an MDP/R tuple - MDP without any reward

function R [11]. Instead, we are given a set of trajectories
D = {(s1,a1), .., (Sn,an)} that are assumed to be samples
from an expert policy mg. The goal is to find a reward
function R that would make the agent reproduce the same
behaviour as the expert.

Myopic learning. It occurs when an agent prioritises imme-
diate rewards without considering the long-term consequences
of its actions. This approach may lead to suboptimal perfor-
mance in complex environments as the agent may not account
for the potential future rewards or penalties. In RL, a learning
approach is considered myopic if it uses a low discount factor
(typically, v <= 0.9) [4].

III. RELATED WORKS

Learning from human evaluative feedback. In interactive
RL, an agent improves its policy based on the scalar feedback
provided by a human teacher. This feedback, interpreted as ei-
ther a value [12]-[14] or advantage function [15], [16], is non-
stationary and inconsistent, making it distinct from standard
environmental rewards. Studies found that humans provide
more positive than negative feedback, resulting in positive-
reward cycles [2]-[4]. This is addressed by myopic learning;
however, this approach makes the learning less generalisable.
To address this, Knox et al. [4] developed VI-TAMER, a non-
myopic model that merges TAMER with a Value-Iteration
algorithm for robust learning. While this framework improved
the generalisation of the performance, it can only be used in
discrete environments with a known transition model, limiting
its broader applicability.

Sleep Inspired Reinforcement Learning Massi et al. [17]
proposed a neuroscience-inspired RL model incorporating a
hippocampal replay mechanism, which demonstrated faster
and more efficient learning through a replay buffer developed
based on neuroscience knowledge about the hippocampus.
Similarly, Tirumala et all. [18] proposed Replay across Experi-
ments (RaE), a framework that reutilises experiences from past
experiments, enhancing exploration and accelerating learning
by replaying diverse trajectories. While these studies showcase
the value of hippocampal-inspired offline learning, they focus
on scenarios with well-defined reward functions. Our research,



in contrast, focuses on learning derived from human feedback,
exploring a new aspect of consolidation learning.

IV. THE INFORM FRAMEWORK

In this section, we present the INverse Forward Offline
Reinforcement Model (INFORM), a framework that scalably
learns generalised policies and reward functions from human
feedback. As depicted in Fig. 1 , the model consists of two
phases :

(1) A Forward model: In this initial phase, we use a
myopic interactive RL based on human feedback to train
a preliminary, low-level policy.

(2) An Offline Inverse model: Subsequently, we revisit all
the trajectories generated by the previous phase and apply
a non-myopic offline IRL to derive a policy and reward
function that more accurately captures the task’s high-
level objectives.

A. The Forward Model

The forward model allows a human trainer to tailor the
policy of a robot to a specific behaviour. Initially, the robot
follows a random policy. The human then provides binary
feedback, denoted as f, to assess the correctness of each
< state, action > pair, and guide the policy update H of the
robot toward the desired behaviour by optimising the learning
objective:

L(0n) =E(sa,m~p HH (s,a;0m) — H(s, a)H2 (D

During this phase, we use the TAMER model, a widely used
framework that effectively learns from evaluative feedback
[12].

At the end of each episode, the robot assesses the success
of its performance based on the environmental return, which
is derived from observations rather than the traditional reward
function. It then stores the trajectories with a success or failure
tag in a replay buffer for use in the next phase.

B. The Offline Inverse Model

Although the forward model efficiently learns the intended
behaviour of humans from evaluative feedback, the resulting
policy might not generalise well due to the short-slightness of
fully myopic learning with a high discount factor (v = 0). In
this setting, the robot only cares about immediate actions and
relies entirely on human feedback which results in immediate,
short-term learning that can limit the robot’s understanding of
the environment and the task.

To overcome this limitation, we propose to emulate the sleep
phase which allows the brain to consolidate the learning by
sorting and reinforcing newly encoded memories and transition
them into the more abstract, generalised type of memory by
training additional neural network [19].

This mechanism is built in the same way as inverse RL, in
which policies are derived from given trajectories. Specifically,
we take an interest in IQ-learn [9], a dynamic-aware imitation
learning model that effectively learns a Q-function from a few

demonstrations and uses it to derive both a policy and a reward
function. While successful results were obtained in different
environments, the method relies on expert demonstrations
and, in more intricate continuous environments, necessitates
direct interaction to capture dynamic information about the
environments.

However, sleep occurs offline without access to optimal
expert trajectories. To align inverse learning with this process,
we modify the IQ-learn objective function to learn from
successful trajectories of the forward model rather than expert
ones. Additionally, we substitute online interaction with the
environment, with samples from the replay buffer of the first
phase, regrouping both successful and unsuccessful trajecto-
ries.

* _ , B P
165125)2(‘7 (Q) = IE:(s,a,s ) ~success [Q(S, a) 4 (S )]
- E(s,a,s’)w replay [Vﬂ— (S) - ,va (S/)] (2)

with V*(s) =log ), expQ(s,a).

From the learnt policy, a reward function, encoding the high-
level goal of the task and enabling autonomous learning, can
be recovered as follows:

r(s,a,8") = Q(s,a) = V7 (s') 3)

Algorithm 1 Pseudocode of the INFORM Framework
=== Forward Model ===

1: Initialise parameters of Hy, 74, and a replay buffer D
2: for each episode do
3: Initialize a temporary buffer 7
4: for each step do
5: 5 +— observation
6: Select action a:
(Q-learning) a = argmax(Hy(s))
(actor-critic) @ = 7 (- | s¢; @)
s’ < executing a
h < human feedback
: Store in temporary buffer 7 < 7 U (s,a, s’, h)
10 Perform a gradient step for 8y using Equation 1
11: (only with actor-critic) Perform a gradient step for ¢,
using the following equation:
L (¢W) = E(s,a,ﬂ)N’D [H(S, CL) - IOg W(a‘s; ¢)]
12: end for
13: Assess success of trajectories > success € {0 or 1}
14: Store labeled trajectories in replay buffer D < D U

(T, success)
15: end for

=== Inverse Model ===
16: Initialise parameters of (Jp and optionally 7y
17: for each step do

18: Get batch from replay buffer ~ D[(s, a, ', success)]
19: Perform a gradient step for 6 using Equation 2

20: (only with actor-critic) Perform a gradient step for ¢
21: end for

22: Recover reward function using Equation 3
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Fig. 2: Griwrold and Pusher-V4 environments are used to
assess the performance of INFORM.

V. METHODOLOGY

We structure our methodology to address the following
research questions:

o Can INFORM effectively learn a high-level policy from
past experiences?

« How robust is the consolidated policy learned by IN-
FORM?

o Is the reward function retrieved by INFORM in alignment
with the teacher’s intended outcomes?

A. Environments

We evaluate INFORM in two distinct scenarios: a discrete
task and a continuous task.

In the discrete setting, we employ the 30-cell gridworld
maze (Figure 2a) from [4]. The agent’s objective is to navigate
from the ’S’ cell to the G’ cell in as few steps as possible,
choosing from four directional actions: up, down, left, or right.
A trajectory is deemed successful if the goal is reached in
under 30 steps. This environment, while straightforward, pro-
vides a comprehensive platform for a detailed and observable
evaluation of our framework.

For the continuous task, we use the Pusher-V4 task from
Mujoco Gymnasium [20], where a robotic arm with multiple
joints aims to move a cylinder to a target position using its
end effector (Figure 2b). In this environment, a trajectory is
considered as successful if the cylinder is within 0.08 units
from the target position. The increased complexity of this task,
compared to the gridworld maze, enables a more thorough
assessment of the performance of INFORM in complex sce-
narios.

B. Simulated Feedback

This study aims to enhance learning from evaluative feed-
back, not through direct improvements from the feedback, but
by consolidating knowledge derived from human interactions.

For the direct learning from evaluative feedback, we apply
established models that have been previously validated with
human participants [12]. Therefore, to simplify the experi-
mental process and reduce reliance on human feedback, we
implement an oracle to simulate evaluative feedback, facilitat-
ing a comprehensive assessment of the INFORM framework.

Similar to Zhang et al. [21], we use a fully trained model as
the oracle. For each given state, s, the learning agent selects

an action, a, based on its current policy while the oracle
simultaneously selects an action, a*, based on its optimal
policy. The oracle is then used to calculate the state-action
value for both actions. When the learning agent’s action
produces a Q-value close to Q(s,a*), t it is considered a
successful action, leading to positive feedback. In cases where
Q-values significantly differ, no feedback is given. This design
aims to replicate the positive feedback bias observed in human
interactions [22].

1 if > *

Fls,a) = {+ if Qs ) 2 aQ (5,07
0 otherwise

where « is a variable that increases over time to modelize

the diminishing return of human evaluative feedback.

C. Implementation

In our implementation of INFORM, we use a Deep Q-
Network (DQN) [23] for the discrete gridworld environment
and a Soft Actor-Critic (SAC) [24] for the continuous task. We
adapted the CleanRL codebase [25] to align with Algorithm 1,
and selected hyperparameters based on the recommendations
of Garg et al. [9]. Detailed implementation specifics are
available on the project’s website.

VI. RESULTS & DISCUSSION
A. Consolidating learning from human feedback

We assessed whether INFORM could effectively consolidate
learning from human feedback by developing a non-myopic,
high-level offline policy from previous experiences, without
additional interaction with the environment.

We evaluated the framework on the two environments:
gridworld and Pusher-V4. For both tasks, we first learnt a low-
level policy from the oracle feedback using TAMER. INFORM
then consolidated the myopic learning by applying offline
inverse RL to the past trajectories with a high-discount factor.

Figure 5 shows the obtained results. INFORM (orange line)
rapidly aligns with the performance of TAMER, representing
the myopic policy derived from human feedback (blue line),
and matches the expert performance (dashed line).

This demonstrates that the learning objective of INFORM
successfully integrates learning from both successful and un-
successful trajectories to consolidate knowledge by learning a
high-level policy for each task.

B. Robustness to dynamic changes

We assessed whether the high-level policy obtained with
INFORM is robust against changes in environmental dynam-
ics.

Following the methodology of Eysenbach et al. [26], we
modified the Pusher-v4 task by introducing an obstacle along
the perpendicular bisector between the puck’s initial posi-
tion and the goal. This obstacle comprises three axis-aligned
blocks, each 3 cm wide, located at (0.32, -0.2), (0.35, -0.23),
and (0.38, -0.26). The modified environment is illustrated in
figure 4b.
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are better in Gridworld. INFORM effectively recovers non-
myopic policies, matching TAMER’s performance.
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Fig. 4: Perturbation in environmental dynamics. (a) A wall is
added in Gridworld to block the optimal path. (b) The optimal
trjaectory is obstructed with an obstacle.

We initially trained TAMER and INFORM in the original
environment and then tested them in the environment with
altered dynamics over 100 episodes each, for three runs. To
ensure consistency, the same initial state was used in all
episodes. The robustness of each model was evaluated based
on the distance between the final position of the object and
the target’s position.

Figure 5b depicts the success rate of both models in the
original and perturbed dynamics. We notice the high-level
policy obtained with INFORM significantly moves the object
to its target closer than the low-level policy obtained with
TAMER, p < 0.0001, despite the presence of the obstacle.
As observed in figure Sa, the policy obtained with INFORM
is more likely to go around the obstacles and reach the goal
than TAMER. We posit that the high discount factor enables
the model a more accurate representation of the dynamics of
the environment, which can contribute to the robustness of
the model. In contrast, a myopic policy, primarily oriented
towards the optimal trajectories, may underperform when
deviating from these trajectories. However, it’s important to
acknowledge that despite INFORM’s robust policy, there was
significant variance in performance across various seeds. This
variability suggests that INFORM could be further improved
to enhance the consistency of the results.

Original dynamics Perturbed dynamics

Perturbed dynamics

N7

Distance

02 03 04 05 02 03 04 05
X Position X Position

TAMER

TAMER —— INFORM @ Goal INFORM
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Fig. 5: Robustness evaluation. (a) Comparison of TAMER
and INFORM trajectories on both original and perturbed
environments. (b) Comparison of distance from target over
3 runs. INFORM significantly moves the object closer to the
goal compared to TAMER, learning a high-level policy that
more effectively navigates around obstacles.

C. Reward evaluation

In this experiment, we aimed to evaluate the reward function
recovered through INFORM. For that, we modified the training
environment to render the policy learned with human feedback
suboptimal. This modification ensures that the reward function
recovered by INFORM captures the high-level goal of the task,
rather than merely mimicking optimal behaviour. Similarly to
[4], we modify the gridworld environment by blocking the
optimal path with a wall (Fig. 4a). We first trained INFORM
in the original gridworld and recovered a reward function
using equation. Using this recovered reward function, we
trained new agents in the modified environment, without any
human feedback. These agents were trained using tabular Q-
learning across 300 episodes for ease of implementation. To
compare the performances, we train similar agents using the
environmental reward (+1 for reaching the goal, O otherwise).

Figure 6 illustrates the learning performance in this modified
environment. The results show that the agents learning with
INFORM reward effectively converge to the optimal policy,
paralleling expert performance, and more rapidly than agents
learning with the environment reward. Further analysis of the
reward function revealed the one recovered from INFORM is
denser than the environmental reward, providing agents with
more information about the environment, which allows a faster
convergence of the policy.

In contrast, when evaluating TAMER-trained policies in this
modified setting (without further training), it was observed
that they uniformly failed to achieve the goal. These policies,
developed from direct human feedback, did not incorporate
adjustments for the new wall, requiring additional human
guidance to adapt to these environmental changes.

VII. CONCLUSION

In this study, we presented a sleep-inspired framework
that consolidates learning from human feedback. Initially,
our model learns a myopic policy through human feedback,
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blocking the optimal path. Agents learning with INFORM
reward successfully and rapidly learn an optimal policy

then employs offline inverse reinforcement learning (RL) on
past experiences to simulate sleep consolidation and enhance
learning.

Our comparative evaluation of benchmark RL environments
demonstrated that INFORM effectively acquires high-level
optimal policies in both discrete and continuous tasks, show-
casing its robustness against dynamic changes. Moreover,
the reward function retrieved by INFORM aligns with the
high-level objectives of tasks, enabling scalable autonomous
learning.

This research lays the groundwork for future exploration
in consolidation learning from human feedback. Subsequent
studies could validate the framework further by testing live
human-robot interaction and examining the influence of human
irrationality in providing feedback on INFORM'’s effective-
ness. Furthermore, future works should investigate the impact
of the quality and amount of data available during learning
with humans for the consolidation to be effective.
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