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Research Abstract

For both organisms and artificial agents, exploration is essential to continue
learning and avoid becoming trapped in suboptimal behaviours. Reinforcement
learning (RL) agents can also face exploration challenges in environments with
sparse feedback. Curiosity-driven exploration algorithms can help address these
challenges by providing intrinsic rewards based on the novelty of situations an
agent encounters. These intrinsic rewards are typically combined with extrinsic
rewards using a weighted sum with the parameter \. However, fine-tuning A for
each task across multiple environments can become computationally expensive.
We propose a meta-learning approach for automatic tuning of A using a re-
current neural network (RNN) that dynamically outputs A values. We call this
RNN the reward combiner. The reward combiner was trained using evolutionary
strategies on XLand-MiniGrid environments, where feedback is sparse. The fit-
ness function was the total extrinsic reward obtained during the training phase
of an agent. We used BYOL-Explore, a curiosity-driven exploration algorithm,
for intrinsic reward generation. The reward combiner takes normalised extrin-
sic and intrinsic rewards as input, along with actions that provide task-specific
context for A selection. Trained on Unlock and Empty-16x16 environments, the
reward combiner generalises across different grid sizes of the same task, out-
performing baselines when tested on DoorKey environments. It also generalises
across different tasks when tested on UnlockPickUp, where the objective differs
from the training environments. Our approach achieves higher extrinsic returns
at the end of training than curiosity-driven baselines across all test environ-
ments. Despite being tested only within XLand-MiniGrid environments, our
results indicate this approach has potential to eliminate costly hyperparameter
sweeps when switching to new tasks with similar mechanics.
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Chapter 1

Introduction

The field of artificial intelligence (AI) has seen rapid growth in recent years,
transforming numerous real-world domains [11], including healthcare [12], weather
prediction [13] and video games [14, 15]. One focus of Al is in developing general-
purpose agents as it has the potential to significantly grow the world economy
and improve the standard of living [11]. A general-purpose agent is informally
defined as an agent capable of achieving its goals across a wide range of envi-
ronments [16, p. 402]. In the field of AI, machine learning (ML) has become
a key approach for enabling such general-purpose capabilities. ML focuses on
designing computational systems that can learn patterns from data, where the
rules are inferred rather than explicitly programmed.

Within ML, there are three main branches: supervised learning, unsupervised
learning, and reinforcement learning (RL). Supervised learning involves training
models on labelled datasets to learn patterns and make accurate predictions
on unseen data. In contrast, unsupervised learning involves training models
on unlabelled data to uncover hidden structures or patterns, often resulting
in clustering. RL is about learning from interactions with an environment.
RL agents rely on feedback, or rewards, to determine which actions they took
were beneficial and which were not. An agent’s goal is to maximise the total
discounted cumulative reward, known as the return.

To illustrate these different ML categories, consider the following examples. In
supervised learning, one application is spam email detection. This is where you
train a model on emails labelled as spam or not spam. The model can then
be deployed to detect new spam emails and filter them out. In unsupervised
learning, a common application is customer segmentation, where the model
groups customers based on purchasing behaviour or other attributes without any
predefined labels. For example, a video game studio can use an unsupervised
learning algorithm to group customers by behavioural parameters. For example,
people with high engagement tend to buy more cosmetics from the video game
store than people who hardly play. Therefore, the company looks for ways to
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boost engagement. Finally, in RL, consider teaching an agent to play a video
game such as Space Invaders. In Space Invaders, the goal is to defeat the enemies
from space before they kill you or make their way down to Earth. The agent
receives a reward for every enemy killed, and the objective of the game is to
kill as many enemies as possible. Figure 1.1 shows a screenshot of the game,
where the agent controls the green laser cannon. Through repeated interactions
with the Space Invaders environment, the agent eventually learns that killing
the enemies before they harm it or make their way down maximises the return.

Figure 1.1: A screenshot of Space Invaders. Taken from [1].

It is important to notice that in the RL example above, we described the objec-
tive of Space Invaders as maximising the return. To do so, we made use of the
reward hypothesis. The reward hypothesis states that goals can be described
as maximising the expected value of the cumulative sum of a scalar signal (re-
ward) that the agent receives [17, p. 53] and serves as the cornerstone of RL.
This reward hypothesis, together with the informal definition of general-purpose
agents presented earlier, explains why RL, the primary focus of this thesis, is
considered a promising approach to developing general-purpose Al agents. One
challenge in RL is the control problem. Control in the RL context refers to
finding the optimal strategy to maximise cumulative rewards when interacting
with an environment.

In order to solve the control problem, RL relies on designing a reward function
that outputs a scalar signal, which is typically set up in such a way as to
encourage the agent to learn to act in a desired manner. In RL, agents must
often explore their environment to increase their knowledge and discover more
rewarding actions over time [17]. Exploration enables agents to expand their
knowledge about the environment and avoid suboptimal behaviours [18]. If the
reward function is dense, i.e., it provides frequent feedback, the agent is often
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able to solve the task and achieve the goal. For certain tasks, it is straightforward
to design a dense reward function. The video game Space Invaders is one such
task. In Space Invaders, the reward function is simply +1 for every alien killed.

However, in some cases, designing a dense reward function is challenging. Cer-
tain tasks or games only reward the agent in critical states that are far apart or
rare, or in terminal states of the environment. Such reward functions are known
as sparse. This means feedback comes at a low frequency. A simple example is
the game of chess where the agent only obtains feedback once the game is over:
+1 for winning, -1 for losing and 0 if it is a draw. But this feedback comes after
many moves have been performed, and so the agent does not know which of its
moves were beneficial, known as the credit assignment problem (CAP).

The CAP concerns learning to associate actions with distant future outcomes
[19]. Tasks involving the CAP have two important characteristics: they take a
long time to complete and the rewards are sparse. Solving the CAP requires
agents to learn efficiently in environments with sparse rewards, which is critical
for deploying RL in real-world applications where sparse rewards are common
[19].

The video game Montezuma’s Revenge is a more extreme example of a sparse
reward setting [20]. Figure 1.2 shows a screenshot of Montezuma’s Revenge. In
this game, the objective is to collect treasures scattered across multiple rooms
in a temple. To achieve this, the player must navigate through different rooms,
collect keys to unlock doors, and avoid traps and enemies while delving deeper
into the temple. In Montezuma’s Revenge, critical states include unlocking
doors and picking up keys. The agent receives rewards in these states. However,
obtaining a key often requires performing a sequence of actions, such as climbing
ladders and jumping over obstacles. Furthermore, reaching a door and unlocking
it requires the agent to perform a complex sequence of actions. As a result,
rewards in this environment can be spaced hundreds of steps apart, even when
the agent follows an optimal policy [20].
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Figure 1.2: A screenshot of Montezuma’s Revenge. Taken from [1].

When the reward function is sparse, the agent can struggle to achieve its goal. In
such sparse reward environments, agents particularly need efficient exploration
techniques, as the absence of rewards makes directed exploration essential [20].
Intrinsically motivated reinforcement learning (IMRL) is one approach that pro-
motes exploration by instilling intrinsic motivation into the agents. These meth-
ods are generally applicable across different tasks without requiring domain-
specific knowledge, making them more generalisable than hand-crafted reward
shaping techniques.

One way to instil intrinsic motivation is to use curiosity-driven exploration algo-
rithms. These algorithms reward the agent for being curious, which encourages
it to explore the unknown states of the environment. Such techniques have
led to significant progress in solving challenging sparse-reward environments,
including improved performance on Montezuma’s Revenge [6, 20], where agents
have managed to explore more rooms and achieve higher scores compared to
earlier approaches.

In curiosity-driven exploration, the agent receives two streams of rewards: the
intrinsic reward, r;, and the extrinsic reward, r.. The intrinsic reward is typ-
ically provided when the agent reaches a novel state in the environment, with
higher intrinsic rewards for more novel states. Extrinsic rewards, on the other
hand, come from the environment itself. The two rewards are usually combined
using a weighted sum:

T =17re+ Arj.

where A is a hyperparameter representing the relative weighting of the intrinsic
reward.
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Finding a suitable value for A that works well across different tasks is challenging,
as A typically remains fixed during the agent’s training. When switching to a
new environment, a hyperparameter sweep is usually required to determine an
appropriate A value for that environment. This process is time-consuming and
computationally expensive, especially when training agents on multiple tasks,
each requiring different A values for optimal performance.

This is even true for environments within the same domain such as grid-world en-
vironments. Grid-world environments are discrete navigation tasks with sparse
rewards where the agent must explore to achieve its objective. These envi-
ronments are sparse because the agent only receives extrinsic rewards upon
completing the task objective. Each environment can have different objectives
such as navigating to reach a goal position, navigating to pick up a key and un-
lock a door, or navigating to pick up an object. Even within grid-world tasks,
tasks with similar mechanics but different objectives, such as one task requiring
unlocking a door to reach a goal position versus another requiring unlocking to
pick up an object, still require different A values for optimal performance.

Meta-learning offers a potential solution to this hyperparameter tuning chal-
lenge. Meta-learning involves analysing how ML models perform across a variety
of tasks and leveraging that experience to enable faster learning on new, unseen
tasks [21]. Performing meta-learning in RL is known as meta-reinforcement
learning (meta-RL). Meta-RL focuses on training agents to learn components
of the RL algorithm, enabling generalisation to unseen tasks [22]. When the
meta-learner is learning part of the RL algorithm, for example learning intrinsic
reward weighting, it is common to provide the meta-learner with many episodes
or time-steps to adapt to unseen tasks [22]. This is known as many-shot meta-
RL.

Our research question is thus as follows:

Research Question: How does the performance of an agent that learns
to dynamically output intrinsic reward weightings (A\) compare to manually
fine-tuned curiosity-driven algorithms and standard PPO across grid-world
tasks involving navigation and/or door-key interaction mechanics?

To answer this research question, we focus on XLand-MiniGrid environments [§],
which are JAX implementations of MiniGrid environments [23], discrete grid-
world environments. These environments are well-suited for studying A\ gen-
eralisation as they are sparse-rewarded, requiring curiosity-driven exploration,
while being simple and quick to run. In particular, we focus on environments
involving navigation and/or door-key interaction mechanics. Our objective is
for the agent to generalise across different test tasks with navigation and/or
door-key interaction mechanics that were unseen during training, since various
environments within XLand-MiniGrid with similar mechanics require different
A values for optimal performance. By generalisation, we mean performing as
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well as the fine-tuned curiosity-driven baselines (in terms of episode return at
the end of training) in environments not seen during training.

We divide the research question into two key aspects of generalisation: across
tasks with varying grid-sizes, and across environments where the objective differs
from those seen during training. Therefore, we end up with the following sub-
questions:

Sub-question 1: How does the meta-learning agent’s performance com-
pare with fine-tuned curiosity-driven algorithms and standard PPO when
evaluating across different grid-world sizes on an unseen task?

Sub-question 2: How does the meta-learning agent’s performance com-
pare with fine-tuned curiosity-driven algorithms and standard PPO when
evaluating on an unseen task where the objective differs from those seen
during training?

We hypothesise that a neural network (which we refer to as the reward combiner)
can learn to dynamically output A values by observing normalised intrinsic and
extrinsic rewards along with agent actions during the training of the RL agent.
The reward combiner’s objective would be to maximise the cumulative extrinsic
rewards obtained across the RL agent’s training lifetime. Formally, our hypoth-
esis for each sub-question is as follows:

Hypothesis 1: The meta-learning agent will perform as well as the base-
lines when evaluating across different grid-world sizes on an unseen task
with navigation and/or door-key interaction mechanics.

Hypothesis 2: The meta-learning agent will perform as well as the base-
lines when evaluating on an unseen task with navigation and/or door-key
interaction mechanics where the objective differs from those seen during
training.

We will evaluate whether the agent generalises by comparing the mean episode
return at the end of training between agents trained with the reward combiner
and those trained with two curiosity-driven algorithms: random network distil-
lation (RND) [20] and BYOL-Explore [6], as well as a baseline agent without
intrinsic rewards.

Our contribution is demonstrating that a reward combiner can generalise across
tasks with similar mechanics within grid-world environments without retraining,
showing the potential for eliminating hyperparameter sweeps in new environ-
ments.

The roadmap for testing our hypotheses is outlined as follows: Chapter 2 covers
the background needed to understand our methodology, followed by Chapter
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3 which reviews related work. Chapter 4 details our methodology, Chapter 5
presents the experimental results, and discusses the implications of our findings
and limitations of our approach. Finally, Chapter 6 presents our conclusions
and future work.



Chapter 2

Background

The foundations needed to understand our methodology and the results are pre-
sented in this chapter. The chapter begins by covering tabular reinforcement
learning (RL) methods, concluding with Q-learning, as modern RL algorithms
build upon the ideas from tabular RL. The RL algorithm we make use of in
this project is the gated recurrent unit (GRU) [24] implementation of Proximal
Policy Optimisation (PPO) [25], a deep RL algorithm. Therefore, in the next
section we provide the necessary background to understand it by covering deep
RL. We start with value-based methods, beginning with the Deep Q-Network
(DQN) [26]. This is followed by a discussion of policy-based methods. The sec-
tion concludes with actor-critic methods, which combine value-based and policy-
based approaches. Our work involves curiosity-driven exploration algorithms,
which aim to improve the exploration capabilities of RL agents. Therefore, we
next cover intrinsically motivated RL and examine how researchers instil intrin-
sic motivation into agents. This is followed by a section on meta-RL, where
algorithms learn how to perform reinforcement learning. Since our approach
involves learning a component of an intrinsically motivated RL system, we rely
on ideas from meta-RL. Finally, we make use of evolutionary strategies (ES)
[27] to optimise our reward combiner. Therefore, we conclude with a discussion
of ES.

2.1 Reinforcement Learning

As mentioned earlier, RL is about learning through interaction with an envi-
ronment. It is based on the reward hypothesis, meaning the goal of RL is to
maximise the cumulative sum of rewards that the agent receives. RL differs
from other fields of machine learning, such as supervised learning, in that the
agent generates its own data as it learns from experience.

In this section, we begin by explaining the Markov Decision Process (MDP),
which provides a mathematical framework for agent-environment interaction in
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RL. Finally, we conclude with Temporal-Difference Learning, where we explore
how to approach the RL problem when the dynamics of the environment are
unknown.

2.1.1 Markov Decision Processes

Agent-Environment Interaction

Markov Decision Processes provide a mathematical framework for sequential
decision-making scenarios, whereby actions of the decision maker or agent in-
fluence not just the rewards but also the next states, and these next states in-
fluence the future rewards the agent receives. MDPs are the mathematical form
of the RL problem where we are able to make precise mathematical statements.
In MDPs agents interact with a environment, which is defined as everything
outside the agent itself. The agent-environment interaction occurs at discrete
time-steps, ¢. The agent interacts with an environment through actions and the
environment responds by providing new states. The environment also contains
a reward function which takes in the current state and action. This reward
function assigns numerical values, known as rewards, which the agent aims to
maximise as it interacts with the environment. At time-step ¢, let S; represent
the current state and A; the action the agent takes in that state. In the next
time-step ¢t + 1, the agent receives a reward r(S, A;) as a result of its action in
time-step ¢ and finds itself in a new state S;;1, where it then selects its next
action A;y1. This cycle of observation, action, and feedback repeats throughout
the agent’s interaction with the environment. This sequential process allows us
to define the trajectory up to time-step ¢, 7¢, as

Tt = {Si7 g, T(Si> ai)}ﬁ:o-

The trajectory, 74, is all the agent-environment interactions up to and including
the interactions at time-step t. Throughout this work, capital letters represent
random variables whilst lowercase letters indicate their outcomes. Figure 2.1
illustrates the agent-environment interaction.
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Figure 2.1: An illustration of an MDP. Adapted from [2].

Next we will define an MDP more formally. A MDP consist of the following
tuple, (S, A, P, r, 7). We now describe each element of this tuple in more detail:

o The state space is denoted by S. It is the set of all possible states that an
agent can occupy within the environment.

e The action space is denoted by A. This is the set of all possible actions
available to the agent in the environment. We assume that the available
actions do not vary by state.

e The transition probability function is denoted by P : & x A — A(S).
Here A(S) denotes the probability distribution over §. This function
P(s|s,a) denotes the probability of transitioning to state s’ given the
previous state, s and action a. It is important to note that the probability
of s’ only depends on s and a and not the states and actions that appear
before them. This is a restriction not on the action but rather the state.
The state should contain all the information needed to make a decision.
In other words, if we know the transition probability function then we
only need the current state to predict the next state and expected next
reward. This is known as the Markov property [17].

e The reward function is denoted by r : § x A — R. The reward function
r(s,a) gives the immediate reward for taking action a in state s. The re-
ward function can output a random variable whose distribution depends
on a and s. In our case we assume that the reward function is determin-
istic.

o The discount rate or discount factor is denoted by v € [0, 1]. This discount
factor determines how much the agent values future rewards compared to
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the immediate ones. In other words, a reward received k time-steps in
the future is weighted by +*, meaning its contribution diminishes with
each additional time-step into the future. The closer v is to zero, the
more myopic the agent is, i.e., the agent primarily considers only the
immediate reward and largely ignores future rewards. On the other hand,
as v approaches 1, the agent becomes more far-sighted, with future rewards
being valued almost as much as immediate ones.

In particular we focus on finite MDPs where S and A are finite.

Returns, Policies and Value Functions

Usually in RL, the agent-environment interaction breaks into sequences known
as episodes. Each episode has a standard starting state and a terminal state in
which the episode ends. It is important to note that the next episode begins
independently of how the previous episode ended. Each episode has a final time-
step T. The final time-step T" can vary from episode to episode. It is possible
that within an episode future rewards received may not be valued equally to the
reward obtained at the current time-step. Therefore, the future rewards can be
discounted using the discount factor, ~.

An agent’s objective in an episode is to maximise the return. Informally, the
return is simply the sum of future rewards possibly discounted. By doing so
should yield the desired behaviour. It is important that the reward function
truly captures what we wish for the agent to achieve.

With this we can formally define the return as,

T
Gii=>_ 7"'r(Sk, Ap). (2.1.1)

k=t

Note that « indicates how much the future rewards are discounted at the current
time-step. Now the returns satisfy an important property, where we can relate
Gy to Gyy1 as follows,

I
3 =
—

Sy, A) +7(Seq1, Avsr) + -+ 4T (St Ar)

T
= T(St,At) + Yy ( Z ’}’k_tT(Sk, A}C)>

k=t+1
= T(St,At) +7Gt+l- (212)

In order for the agent to maximise the episode return, it makes use of a value
function. A value function tells us the expected return given a state. Value
functions are defined with respect to policies. Policies are essentially the agent’s
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method for optimising its path through the MDP. It is a mapping from states
to a probability distribution over the action space and it is of the form:

7:8 = A(A).

Hence the action taken at time-step ¢ is sampled from the policy. We can now
define value function more formally. The state value function V. defines the
value of state s following policy 7 and it is given by,

Va(s) :=E, [G|S: = s]. (2.1.3)

Similarly we have the state-action value function @), which defines the value of
selecting action a in state s and thereafter follow policy m:

Qr(s,a) :=E; [G¢|S: = s,Ar = al . (2.1.4)

The value functions also satisfy a recursive relationship similar to the return as
shown in (2.1.2). We start with the state value function,

Vi(s) := Eq [G¢|S; = 5]
= 3 wlals) X P15, ) [r(s.0) + 9B [GrealStan = o1

acA s'eS
= Z 7(als) Z P(s'|s,a) [r(s,a) + YV (s")]. (2.1.5)
a€A s'es

Equation (2.1.5) is the Bellman equation for the value-function [17]. The above
formula shows that the value of the current state is equal to the discounted
value of the next state plus the reward. Similarly we can obtain the Bellman
equation for the action-value function,

Qr(s,a) = E; [G|S: = s, A = d]
= Z P(s'|s,a)[r(s,a) +vQx(s',a")]. (2.1.6)

s'eS

Value functions allow us to compare different policies. They enable us to de-
termine whether policy 7 is better than policy 7. More concretely, a policy 7
is considered better than or equal to policy # if and only if V. (s) > Vi(s) for
all possible states in the state space. An important property of finite MDPs is
that there exists a policy that is at least as good as, if not better than, all other
policies. This is known as the optimal policy, denoted as 7*. Multiple optimal
policies may exist, but all optimal policies share the same state-value function,
V*, and action-value function, Q*. These are defined as follows:

V*(s):= max Va(s), (2.1.7)

and
Q" (s,a) == max Q(s,a), (2.1.8)
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for all possible states in the state space. We can also write the value functions
@, and V; in terms of each other. We express V, in terms of ), as,

Va(s) = Z m(als)Qx(s,a). (2.1.9)

acA

The value function V,(s) is the weighted sum of the action-value function
Qr(s,a), where the weights are the probabilities of taking each action a in
state s according to the policy m. The action-value function, Q. (s, a), in terms
of Vr(s) is,

Q(s,a) =r(s,a) + Z P(s'|s,a)yVr(s). (2.1.10)
s’eS

We can also do the same for optimal value functions. The optimal state-value
function in terms of the optimal action-value function is,
V*(s) = max Q" (s, a). (2.1.11)
acA
And the optimal action-value function in terms of the optimal state-value func-
tion is,
Q*(s,a) =r(s,a) + Y _ P(s']s,a)7V*(s). (2.1.12)

s'eS

2.1.2 Temporal-Difference Learning

“If one had to identify one idea as central and novel to reinforcement
learning, it would undoubtedly be temporal-difference (TD) learn-

ing.”

— Sutton and Barto, Reinforcement Learning: An Introduction

Let us consider a situation where our RL agent is given an MDP with unknown
state-transition functions. The agent must solve the MDP based solely on its
own experiences in the environment.

Temporal-Difference (TD) learning algorithms are specifically designed for this
scenario and are categorised as model-free methods. This means they do not
require knowledge of the state-transition function to evaluate the policy’s state-
value function or to improve it. TD learning allows agents to learn directly from
raw experience, making it highly practical in situations where the agent cannot
access a model of the environment.

Another important property of TD methods is that they can learn from incom-
plete episodes. This makes them suitable for environments where episodes may
not have a clear ending or are non-episodic. In this subsection, we focus on
how we can estimate or evaluate our value function and then improve upon our
policy.
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Temporal-Difference Prediction

Given that our agent is interacting with an environment where the state-transition
function is unknown, we now explore how it can evaluate the policy it is cur-
rently following. Suppose the agent is following a policy 7, and let V' represent
our current estimate of the true value function V.. The simplest TD update
rule for V is given by:

V(St) < V(Sy) + a[r(Se, Ar) + YV (Seq1) — V(Sh)]- (2.1.13)

In this equation, the term 7(S¢, A¢) + ¥V (S¢4+1) represents the new estimate of
the value of state S¢, or the return for the agent after taking action A;. The
parameter « is the learning rate, a constant that determines how much we adjust
our estimate of V(S;) based on new information. The difference between the
new estimate and the old estimate of V(.S;) is known as the TD-error, which is
defined as:

§t = T(St7At) + ’)’V(St+1) — V(St) (2114)

The TD-error measures how much the agent’s prediction of the value of S
changes after moving to state S;+1 and observing the immediate reward r (S, Ay).
This error only becomes available once the agent moves to the next state S;yi.

From equation (2.1.13), we see that the value function is updated immediately
after the agent takes action A; and transitions to the next state. This immediate
update process, based on new estimations of the value function, is referred to as
bootstrapping. Bootstrapping allows the agent to make continuous updates to
its value estimates without having to wait until the end of an episode or task.

This ability to update the value function after every step, based on partial
observations of the environment, makes TD methods highly efficient in practice.
TD learning enables the agent to learn as it interacts with the environment,
making it particularly useful in situations where it is not feasible to wait until
the episode ends to learn.

Temporal Difference Control: Q-learning

Now that we have seen how to improve estimate of the state-value function we
move onto how one can improve their policy using TD ideas. The algorithm
that we focus on in this subsection is known as Q-learning [28]. Q-learning has
a similar update rule to (2.1.13) except with the estimated action-value function

Q,

QS Ar) = QS A) +  [r(Si, Ar) + Y max Q(Si1,0) — Q(Sk, Ar)|
(2.1.15)
Another difference is that in the update formula we update the @ value using
the greedy action, i.e., the action that maximises the @ in state S;. We are
estimating the return of a greedy policy despite us not following that greedy
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policy. This is known as off-policy learning where we are learning about some
policy m while following some other policy 7’. Let 7 be our target policy and 7’
be our behaviour policy, the policy we are actually following. Q-learning allows
us to improve both the behaviour policy and the target policy. This allows us to
learn the optimal policy while following some exploratory policy. This is what
makes Q-learning so powerful. We are able to estimate the optimal action-value
function, @Q*, independent of the behaviour policy. Algorithm 1 presents the
Q-learning algorithm, taken from [17, p. 132],

Algorithm 1 Q-learning from [17]

Require: step-size a € (0,1] and an MDP
Ensure: The optimal policy 7*
1: Initialise @ for all states and actions in state and action spaces respectively.
Ensure that @ value for the terminal state is zero.
2: for each episode do
3 Initialise S, the state
4 repeat
5 Pick a from s using policy derived from @
6: Execute a and observe the reward r(s, a) and the next state s’
7
8

Qs @) ¢ Q(s,a) + @ [r(s,0) + ymax Q(s', ") ~ Qs a)
5+ s

9: until s is terminal
10: end for

With this, we have covered the essential elements of tabular RL methods. Mod-
ern RL algorithms make use of deep learning to handle large state spaces. The
algorithms in this project are examples of modern RL algorithms. We next
cover modern RL algorithms, including Deep Q-Network (DQN) and Proximal
Policy Optimisation (PPO).

2.2 Deep Reinforcement Learning

We are now ready to explore modern RL algorithms. Most of the problems we
wish to tackle using RL involve large state-spaces. Using the tabular methods
discussed in section 2.1, such as Q-learning, is not ideal. When dealing with
large state-spaces, our Q-table, Q(s,a), becomes extremely large. As a result,
the memory requirements and the amount of data needed to populate the table
are enormous. Another issue is that most of the states we encounter in such
problems will likely be states we have not seen before. There’s also the issue of
dealing with continuous spaces. One could discretise the continuous spaces to
apply the Q-learning algorithm, but binning the continuous values can lead to
loss of precision.

As an example, consider the cart-pole environment described by Barto et al.
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[29]. A pole is fixed to a cart travelling on a frictionless track. The objective is
to maintain the pole’s balance by applying forces in the left or right direction
onto the cart. Figure 2.2 shows a screenshot of the environment.

Figure 2.2: A screenshot of the cart-pole environment. Taken from [1].

The action-space is discrete; however, the state-space is continuous. The state-
space includes the cart position, the velocity of the cart, the pole angle and
the pole angular velocity. It would be beneficial to work with the continuous
state-space directly. Deep learning (DL) involves approximating functions us-
ing neural networks in high-dimensional problems, e.g., problems with large
state-spaces. Tabular RL methods can no longer find exact solutions for such
problems. Hence, deep reinforcement learning (Deep-RL) involves combining
Deep Learning and Reinforcement Learning.

Recall that in RL, we have a policy and a value function. In Deep-RL, neural
networks are used to approximate the policy and value functions in the hopes
of achieving generalisation. This combination gives rise to three main types of
algorithms in Deep-RL: value-based methods, policy-based methods, and actor-
critic methods (a combination of the first two).

2.2.1 Value-Based Methods: Deep Q Network

“The potential for off-policy learning remains tantalizing, the best
way to achieve it still a mystery.”

— Sutton and Barto, Reinforcement Learning: An Introduction

The Deadly Triad

Value-based TD methods, such as Q-learning, involve the agent learning either
the state-value function or the action-value function to generate a policy. In this
subsection, we will take a look at the Deep Q-Network (DQN) [26]. In simple
terms, DQN is an algorithm where we approximate the action-value function,
Q(s,a), with a neural network.
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However, by doing this, there is no guarantee that our policy will converge
and it could cause the parameters of the function to diverge. There are three
reasons for this: function approximation, bootstrapping, and off-policy learning
[17]. Sutton and Barto [17] note that an RL algorithm could diverge if all three
features are present in an algorithm, as they are in DQN. These reasons are
collectively known as the deadly triad.

Let us now see why these three features are known as the deadly triad. Function
approximation, such as neural networks, uses parameter sharing to output values
of all the states. Therefore, when we update the value of one state, we update the
parameters. This, however, changes the values of other states as the parameter
used to find the value of one state is used to determine the value of another
state. This is due to generalisation from function approximation [30]. This
parameter sharing can lead to divergence as these changes accumulate.

Bootstrapping is when we update our target Q-function with existing estimates.
This can lead to errors from previously calculated values carrying over as we
update our Q-function. In off-policy learning, we have a behaviour policy and
a target policy, the policy we are trying to optimise. Training is done on data
generated by the behaviour policy; however, if the difference between the target
policy and the behaviour policy is too large, the algorithm may diverge.

To illustrate how divergence can occur if we have the deadly triad, let us consider
a simple example. This example is taken from Tsitsiklis and Van Roy [31].
Assume we have two states: s; and s, described by a simple scalar feature
¢. We have that ¢(s1) = 1 and ¢(sy) = 2. In state s;, we have only one
action available, action a. In si, once we have taken action a, the state will
deterministically transition to state sy with a reward of 0. Since we have only
one action in state s, the state-value function and the action-value function are
the same.

Therefore, we will use the state-action value function in this example. We will
also use linear function approximation for the state-value function V', which has
parameters 6. The value function V is given by,

V(s;0) = ¢(s) - 0.
Recall equation (2.1.15), the update equation in Q-learning,
Q(S1, A) < Q(Sp, Ar) + a [r(Si, A) + Y max Q(Si41,a) — Q(Si, A1)

Therefore, we define the loss function as Qr(6),

Qu(0) = % (51, a) + 7V (525 6) — V(s1: 0] (2.2.1)

The gradient of the loss with respect to @ is,
VoQr = [r(s1,a) + vV (s2;0) — V(s1;0)] - VoV (s1;0).
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Substituting V' (s1;0) = ¢(s1)-0 =0, V(s2;0) = ¢(s2) -0 = 260, and r(s1,a) =0,
we obtain,

VoQr =726 — 0. (2.2.2)
When we update our parameter 6, we use the following formula:
0+ 0+ aVeQr, (2.2.3)
which in this case is,
00+ aly20—90]. (2.2.4)

Assume that the initial value is # = 10. Then the value of s; will be 10, and
the value of so will be 20, so the transition to sy will look good. However, if v
is near one, e.g., 0.999, then our parameter 6 will diverge and continue to grow
as we perform more updates. Figure 2.3 illustrates this example.

200000 y=0.999 10 y=0.1
8
150000
5 56
© 100000 S
) o 4
50000 2
0 0
0 200 400 600 800 1000 0 200 400 600 800 1000
Iterations Iterations

Figure 2.3: Illustration of parameter divergence in the presence of the deadly
triad. The plots show the evolution of # over 1,000 iterations using equation
(2.2.4), with initial # = 10 and learning rate o = 0.01. Left: With discount
factor v = 0.999, 8 diverges exponentially. Right: With v = 0.1, 8 converges to
zZero.

Now recall that DQN has all three members of the deadly triad, but in practice,
it seems to perform well. This is because of two features of the algorithm:
experience replay and the target @ network which we discuss next.

Solutions to the Deadly Triad

The first feature that helps DQN perform well is known as experience replay.
In RL, an agent’s actions and the current environment state influence which
future states it will encounter, making the states and rewards at each time-step
dependent on what happened in previous time-steps. Experience replay simply
stores past experiences in a memory buffer and selects experiences at random
for training. It stores the m most recent experiences the RL agent has gath-
ered. Once the memory is full, it discards the oldest experience. Experience
replay improves data efficiency, as every transition stored in memory can be
used multiple times when updating the network. Since the experiences are se-
lected at random, this reduces the correlation between experiences when they
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are sampled. This is needed as gradient descent optimisation techniques gen-
erally perform better and have stronger convergence guarantees when training
data is independent and identically distributed [32, 33]. This also avoids the
situation where the agent trains too much on a certain scenario, which could
lead to poor exploration of its environment [34, p. 77].

The second feature that helps with the deadly triad is the periodically updated
target network, Q Our @ function, which we update, is optimised based on the
target values output by Q If we update Q at every time-step, we end up with
a situation where the @) network is chasing a moving target. This can cause the
algorithm to diverge. The target network, Q, has the same architecture as our
@ network, and we update it every C' steps.

With all the elements presented, we now introduce the DQN algorithm [26].

Algorithm 2 Deep Q-Network (DQN) Algorithm taken from [26]

Require: Replay memory size N, minibatch size, step-size « € (0, 1], discount
factor -y, target network update frequency C, and an environment.
Ensure: The optimal policy 7*

1: Initialise replay memory D to capacity N

2: Initialise action-value function @) with random weights

3: Initialise target action-value function Q with weights 6~ = 6

4: for episode = 1 to M do

5: Initialise the environment and observe the initial state s;

6 fort=1to T do

7 Select an action a; based on Q(s¢, a; )

8 Take action a; and observe reward r; and next state s;41

9: Store transition (s, at, ¢, Se41) in D

10: Sample random minibatch of transitions from D

1. Set y; T ) ) if episo'de terminates at step j + 1
rj +ymaxy Q(sj41,a’;07) otherwise

12: Perform a gradient descent step on (y; — Q(s;, a;; 0))2 with respect

to 0

13: if t mod C == 0 then

14: Update target network: 6~ «+ 6

15: end if

16: end for

17: end for

18: return 6

2.2.2 Policy-Based Methods

We now tackle methods known as policy gradient methods. These are methods
where the policy does not consult the action-value when deciding actions. For
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example Q-learning and DQN involves looking at the estimated action value to
select an action.

In policy gradient methods, the policy is parametrised and the agent is defined
by a policy 7y, parametrised by €, which picks allows us to sample actions. The
policy is,

mo(als,0) = Pr{A; = a|S; =s,0; = 6}.

The policy is never deterministic so that exploration can take place, i.e., mg €
(0,1) for all states and actions. To learn the policy we use the gradient of a
scalar objective J(6). This scalar objective is given by,

J(0) = ]Eg [G0|80] .

The gradient of J(6) are with respect to the policy’s parameters. For policy-
based methods we make use of the Policy Gradient Theorem (see Appendix
A1 for more details) to find the gradient of J(#). From the Policy Gradient
Thereom the gradient of the objective is,

T

Vo (0) = Ex, | > 7' Qnr(St, Ar)Valog ma(Ar|Se)]s0. (2.2.5)
t=0

Policy parametrisation may take any form provided it remains differentiable
with respect to the policy parameters. In this subsection we focus on one policy
gradient method known as REINFORCE [35].

REINFORCE

REINFORCE [35] is the first algorithm we will examine that implements the
Policy Gradient Theorem. It makes use of Monte Carlo sampling to estimate
the state-action value function. We essentially sample trajectories and average
their returns to estimate )., therefore in practice we use the return G; as
an unbiased sample-based estimator of Q.. Algorithm 3 is the REINFORCE
algorithm taken from [32].
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Algorithm 3 REINFORCE Algorithm taken from [32]

Require: Learning rate o, maximum number of episodes MAX_ FEPISODE,
the discount factor v € (0, 1],and a policy network 7y with initial weights 6.
Ensure: Optimised policy 7*.
1: for episode = 0 to MAX_FEPISODE do

2: Sample a trajectory 7r = {so, ao, (S0, a0), - - -, sT,ar,7(sT,ar)} by fol-
lowing 7.
3: Set VQJ(Q) +~—0
4: for t =0to T do
5: Compute return using:
T
Gy = nyk*tr(sk.,ak)
k=t
Note: G; serves as an unbiased Monte Carlo estimate of Q(s¢, ar)
6: Compute gradient estimate using:
VoJ(0) < VoJ(0) ++'GiVologmg(as|st)
7 end for
8: Update policy parameters: 6 < 6 + aVyJ(0)
9: end for

10: return 0

2.2.3 Actor-Critic Methods

Actor-Critic Methods combine both policy-based and value-based approaches.
We have an actor that learns the parametrised policy, 7y, and a critic that learns
the state-value function, parametrised by ¢. In this subsection, we first discuss
why the need to learn the state-value function arises in policy gradient methods
by taking a look at the advantage function. Next, we cover the Advantage Actor-
Critic (A2C) method. Finally, we conclude with Proximal Policy Optimisation
(PPO), which improves the stability of training by ensuring that the new policy
does not deviate significantly from the old policy.

The Advantage Function

REINFORCE has high variance in its gradient estimates since it requires a full
trajectory for gradient estimation. Furthermore, because it depends on gener-
ating full trajectories, REINFORCE exhibits poor sample efficiency compared
to value-based methods such as DQN. However, one can reduce the variance by
introducing a baseline b(s) such that:

80] .

T-1
Vo J(0) = Exr, Z Y (Qr(Si, Ar) = b(Sy)) Vo (log mo(ASy))

t=0
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Subtracting the baseline reduces the variance while leaving the expectation with
respect to the action unaffected, i.e., no bias is introduced to the gradient es-
timate. For this to hold, b must not depend on the action, although it may
depend on the states.

Recall that E,, represents an expectation over all possible trajectories 7, sam-
pled from the policy my. However, this expectation is actually composed of two
expectations. For instance:

E,, [Q(s,a)] = /dﬂ(s)/ﬁg(ab)Qﬁ(s,a) dads.

Where d.(s) is the state distribution under policy = and is stationary. Follow-
ing the approach by Lehmann [36], we now demonstrate that if b satisfies this
condition, no bias is introduced to the gradient estimate:

80] =

T-1

Ery | 7" (0(S0) Vo (log mo(Ac|S.))
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What is a good choice for the baseline? The variance of a random variable X
is given by:

Var[X] = E[X?] — E[X]?.

The term E[X]? in the above equation is independent of our baseline. Therefore,
we will focus on the E[X?] term. We have:

/ 0(als)Vglogmg(als) dads
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T-1

~* (Qr(St, At) — b(St)) Vg (log ma(A¢]St))
t=0

arg min Var
b

T—l

7 (Qr(St, Ar) = b(S1)) Vo (logﬂa(AtISt))>

=argminlE,,
b
t:O

=argminE,,
b

Z Y (Qn(Se, Ar) = b(S1))” - (Vg (log mo(A¢]St)))?
t=0

In practice, it is often assumed that (Qr(S¢, A¢) — b(S;)) and Vg (log mg(A¢|St))
are independent, or that their dependence is negligible. Therefore:

T-1
arg min Er, lz 7 (Qr(St, Ar) = b(5)) - (Vo (log mo(Ar]51)))”
t=0
T-1

~argmin Y 1 Ex, [(Qr (St A1) = 0(S0))°] - En, (V0 (log mo(40150)))?] -
t=0
Thus, we should minimise the term:

) [(Qw(St,At) - b(st))z} .

To minimise the above equation, we use the following result [36]:

minE [(X —a)?] = E[X].
a
This implies that b(s) = E,, [Qx(s, A)] = Vz(s). With this, we are now ready
to define the advantage function, A, (s,a), as:

Ar(s,a) = Qr(s,a) — Va(s). (2.2.6)

The advantage function yields a low variance, even with our assumption of
independence [37]. The advantage function indicates that the action a is better
than the average action when A(s,a) > 0, and indicates that the action is
worse than average when A, (s,a) < 0. This allows us to adjust the policy by
increasing the probability of actions that are better than average and decreasing
the probability of actions that are worse than average. We can therefore rewrite
equation (2.2.5) as:

T
Vo (0) =Ex, | > 7 An(Se, A1) Vo log ma(As|St)|s0 (2.2.7)
t=0
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Generalised Advantage Estimation (GAE)

Actor-Critic methods make use of equation (2.2.7) to calculate the gradient of
the objective. In order to obtain this gradient, we need to estimate the advan-
tage function, which requires learning the state-value function. One popular
method for estimating the advantage function is Generalised Advantage Esti-
mation (GAE) [37].

Recall that in Q-learning, we focused on one-step estimates of the @ function.
We can adopt a similar approach for the advantage function:

Aﬁl) =r(st,ar) + YV (st41) — Va(st).

However, we are not restricted to just one-step estimates; in general, we can use
n-step estimates of the advantage function:

A = 1 (s, a0) 97 (ser1, @rpr) A" (0501, Gpne)F Vi (8640) = Vi (1)

As n — o0, our estimate of the advantage function becomes unbiased but ex-
hibits high variance. Conversely, as n — 1, the estimate becomes more biased
but has lower variance [36]. Instead of choosing a single value of n, we can take
an exponentially weighted average of all n-step estimates of the advantage.

First, let:

(515 = Agl) = ’]"(St,at) + ’yV,T(sHl) — Vﬂ—(st).
Next, observe that:

AP =1+ yren 92V (s142) — Visy)

=T+ Y1 + 72V(5t+2) = V(st) + 7V (st41) — vV (5641)
(Tt +9V(s¢41) — V(St)) + ’Y(Tt+1 + 7V (st42) — V(8t+1))
= Agl) + 7Ag’_)1.

We can generalise this to say:

This allows us to derive a simple expression for GAE, the exponentially weighted
average:

AGap(sta) = Y (YA depa- (2.2.9)
l

~

I
=

Here, X is the exponential decay coefficient, with A € [0,1]. The closer A is to
0, the more biased the estimate becomes, while the closer A is to 1, the higher
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the variance of the estimate. The variable A allows us to control how much
variance and bias we want in our estimates. The advantage with the GAE is
that it allows contributions from both high-variance estimates and low-variance
estimates.

Advantage Actor-Critic (A2C) Method

Advantage Actor-Critic (A2C) is a foundational actor-critic algorithm. The
A2C method makes use of entropy regularisation, which is commonly used in
actor-critic methods. The purpose of entropy regularisation is to encourage
exploration. Higher policy entropy is associated with more uniform policy dis-
tributions [32]. If the policy is more uniform, the actions it selects will be more
diverse. The entropy term is added to the loss function of the RL agent. A
constant § > 0 determines the weight assigned to this regularisation term. The
algorithm uses separate policy (actor) and value (critic) networks. The critic
evaluates the current policy, and the actor updates it. It improves the policy
using estimated advantage values. The complete A2C algorithm, as described
in [32], is provided in Appendix B.2.

2.2.4 Proximal Policy Optimisation (PPO)

One of the main issues with A2C is that it suffers from performance collapse.
The gradient of the objective tells us which direction we should move in order
to update our parameters. However, this is only local. If we step too far in a
direction, i.e., if the step size is too large, we could end up with a suboptimal
policy.

This is not ideal, as the data we now use to update our parameters comes from a
suboptimal policy, resulting in poor data. If the new policy is very different from
the old policy, this can destabilise training and lead to performance collapse.
Unlike supervised learning, the data and the performance are dependent on each
other.

Now, if we examine how A2C works, we: 1) estimate the advantage of our
current policy, and 2) use that advantage to derive an improved policy. This
somewhat resembles the steps we perform for Generalised Policy Iteration Algo-
rithm (see Appendix B.1 for more information): 1) evaluate the value function,
and 2) use that value function to update our policy.

However, in GPI, we are guaranteed that our new policy will match or exceed
the performance of our current policy, thanks to Theorem B.1.2. We aim to
achieve something similar for Actor-Critic methods by ensuring that the new
policy does not deviate significantly from the old policy, and by having some
assurance that the new policy will at least match the performance of the old
policy.

Proximal Policy Optimisation (PPO) [25] achieves this. To see how, we first



Deep Reinforcement Learning 26

define the PPO objective, demonstrate how it enforces stability, and conclude
by examining the algorithm in detail.

The Surrogate Clipped Objective

In order to see whether the new policy, 7/, we obtain after the update is better
than our current policy 7, we need to change our objective. Assume that =
has parameters 6 and that 7’ has parameters 6’. Now let us take a look at the
following expression:

J(O') - J(6).

If we have J(0") > J(6), then this indicates that our new policy 7’ is better than
our old policy w. This expression will help us obtain monotonic performance
improvement during optimisation. Now let us see what this expression is equal
to:

J(0) ~ J(6) =B,

thA“(st,at)] : (2.2.10)

t=0

We will now show that equation (2.2.10) is true following the approach by
Graesser and Keng [32]:

T
ETHB/ Z 'ytATrg (Sta at)]
t=0
rT
=E., Z’yt([r(st, at) + YVr(st41)] — Va(st))|  (the definition of the advantage function)
Lt=0
. T T
_ t t+1 t
= ]EW(;/ Z’y (s, ar) + Z’Y Vi (st41) — ZW Vi (st)
L t=0 t=0 t=0
- T T
= ]Eﬂ_;/ z:,ytT(St7 at) + ]Eﬂ.;/ [Z ,yt+lvﬂ—(5t) - Z’YtVTr(st)
L t=0 t=0 t=0
T T
=J(®)+ Eﬂ;, Z’YHlVN(st-s-l) - Z’thﬂ(st)
t=0 t=0
=J) - Ex, [V (50)]
=J(0) — J(H).

One issue with equation (2.2.10) is that it requires us to take trajectories from
the new policy, 7’. However, the new policy is only available after we perform the
update. To deal with this, we make use of Importance Sampling. Importance
Sampling is when we estimate an unknown distribution using samples drawn
from a known distribution [32]. Using Importance Sampling, we obtain the
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surrogate objective::
T

Z’YtAwe(St,at)W] (2.2.11)

T (0) = Er
0 =0 T (at ‘St)

~J(0') = J(0) = Eq,

T
Z ’YtAW(St’ at)
t=0

The superscript CPI stands for conservative policy iteration. However, JCPT ~
J(0")— J(0) only if 7’ is close to . One can use Total Variation to measure the
difference between the old policy and the new policy; however, it is difficult to
work with in practice. It is computationally expensive. The KL divergence is a
more popular choice, as it has tractable expressions, to measure how different
and how similar two distributions are. The KL divergence allows us to place a
constraint. We therefore have the following optimisation problem:

max JEPL(6) (2.2.12)

T
subject to E, Z [K L(m (at]st) || mo(st, ar))] < e.
t=0
Only policies in the neighbourhood around policy 7 are considered. This neigh-
bourhood is called the trust region [32]. The parameter e limits how large the
KL divergence can be and must be tuned when performing experiments.

One issue with the constraint is that the KL divergence can be difficult to work
with on complex problems. In practice, one often uses the Taylor Expansion
of the KL divergence, and this leads to us calculating second-order derivatives,
which can be computationally expensive. If we take a look at the ratio between
the old policy and the new policy, one can see that if 7’ = 7, then the ratio
is one. Once we start to deviate from the old policy, the ratio changes; it can
either be greater than one or less than one. For instance, if the new policy
assigns a higher probability to an action than the old policy did, the ratio will
be greater than one; if it assigns a lower probability, the ratio will be less than
one. Perhaps we can do something simpler to measure how different the two
policies are by simply looking at the ratio between the old policy and the new
policy.

Proximal Policy Optimisation [25] (PPO) does this by using a simpler objective
and takes the expectation over a single time-step. This objective is known as
the surrogate clipped objective and is given by equation (2.2.13):

/ /
JOUP — B, |min MAt, clip M, 1—e14¢€)Ar)|. (2.2.13)
mo(at|st) mo(a¢|st)

The hyperparameter € defines the clipping neighbourhood. This neighbourhood
is,

o (at|st)
mo(at|st)

—1‘§e.
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The clipped objective restricts the ratio between the old policy and the new
policy, ensuring that the new policy does not deviate too much from the old
one. This restriction also limits how much influence a single state-action pair can
have when updating the policy’s parameters. Notice how we take the minimum
between the original value of the ratio multiplied by the advantage and the
clipped version. This approach is often described as being pessimistic in the
policy update. PPO prioritises stable policy updates to avoid overestimating
the potential benefit of large policy changes, which could otherwise lead to
performance collapse.

The objective also does not involve second-order derivative calculations and is
thus easy to implement in practice and more efficient. With this, we can now
introduce the PPO algorithm, which prevents performance collapse and serves
as our algorithm of choice in this work.

PPO Algorithm
Algorithm 4 is the PPO algorithm taken from [32, p. 177]:
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Algorithm 4 Proximal Policy Optimisation (PPO) Algorithm taken from [32,
p. 177

Require: Entropy regularisation weight 5 > 0, clipping parameter ¢ > 0,
number of epochs K, number of actors N, time horizon T, minibatch size
M < NT, actor learning rate iy > 0, critic learning rate ac > 0, initial
parameters 64 (actor), 8¢ (critic).

Ensure: Optimised actor 7y, and critic Vp,,.

1: Randomly initialise actor and critic parameters 64, 6¢.

2: Initialise the “old” actor network 04 ., + 04.

3: fori=1,2,... do

4: Set 04, < 0a4.

5

6

old

for each actorn =1,2,...,N do
Run policy mg,  in the environment for T time-steps and collect

trajectories.
7: Compute advantages Ai,..., Ar using 04,,,.
8: Calculate V15" . using 6 and/or trajectory data.

9: end for

10: Combine collected trajectories, advantages, and target V-values into a
batch of size NT.

11: for epoch =1,2,..., K do

12: for minibatch m in batch do
13: Compute probabilities ratio 7, (6.4):
Tm(tg ): 7TQA(amLSm)

T0a, 14 (amlsm)
14: Compute clipped surrogate objective JSUF (6,4):

JCUP (04) = By, [min (rpm (04) Am, clip(rm(04),1 — €, 1+ €)A)] .

15: Compute entropy regularisation term H,,, using actor network 6 4.
16: Compute policy loss:

Epolicy(eA) = 7JSLLIP(0A) + ﬂHm

17: Compute predicted value V(sm) using critic network 0¢.
18: Compute value loss using the MSE loss:

1 M R 2
Evalue(eC) == M Z (VTELarget - V(Sm; 90)) .

m=1

19: Update actor parameters using gradient descent:
Oa < 04— aaVo, Lpoticy(0a)-
20: Update critic parameters using gradient descent:

QC — QC - acvﬁc L:valuc(eC)~

21: end for
22: end for
23: end for

24: return 64, ¢
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From Algorithm 4, there are key features we should mention. The first is that
we can see that PPO uses N actors. In our case, PPO makes use of a vectorised
architecture. This means that it takes a step in IV independent, identical envi-
ronments simultaneously.

Another key element is that we do not train the agent based on the number
of episodes. This is because episodes can have varying numbers of time-steps.
This means that in some environments it can take a long time for an agent to
reach a certain objective, which can be computationally expensive.

Having covered the main categories of deep RL algorithms, we now examine a
challenge fundamental to all of them: exploration. Exploration is essential for
agents to expand their knowledge about the environment and avoid suboptimal
policies [18]. Without effective exploration, agents risk converging to local op-
tima and failing to discover better strategies. In the following subsection, we
discuss the exploration challenge in RL.

2.2.5 Exploration in RL

RL agents often face a dilemma at every time-step: whether to take the best
action given current information (exploitation) or to gather more information
about the environment (exploration). This is known as the exploration-exploitation
dilemma [17]. The dilemma arises because neither exploration nor exploitation
can be pursued excessively without failing at the task.

As an example, assume the RL agent is playing a first-person shooter game
on the PlayStation 5 where it is given random weapons but allowed to switch
weapons. Exploiting would mean using its current weapon to kill every enemy
it encounters. Exploring would mean dropping the weapon and picking up
another weapon that could potentially cause more damage, allowing the agent
to kill enemies faster and therefore obtain more rewards. Essentially, exploration
is needed to escape suboptimal policies and search for more optimal ones. Of
course, it is entirely possible that in this situation the weapon the agent switches
to is worse than its current weapon. However, exploration can allow the agent
to form long-term strategies to maximise rewards in the long run.

The most basic exploration strategy is known as e-greedy. We simply add noise
to a greedy policy, i.e., a policy that always picks the action that maximises its
value function. For example, Algorithm 2, which shows the DQN algorithm,
can be modified such that there is some probability e that the agent takes a
random action. This probability can decay as the agent explores more.

Actor-critic methods such as PPO, whereby the output is a probability distribu-
tion over the possible actions, make use of entropy regularisation to encourage
exploration. At the start of training, one would expect high entropy, where all
actions have an equal chance of being selected. But as the agent interacts with
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the environment, it should gradually reduce exploration and increase exploita-
tion.

In sparse-reward settings, exploration is particularly critical, as without feed-
back the agent has nothing to exploit [38]. The issue with exploration methods
such as e-greedy and entropy regularisation is that they do not work well in
environments with sparse rewards such as Montezuma’s Revenge [20]. More
effective exploration is needed in such cases. Our next section, intrinsically
motivated RL, will cover how one can incorporate intrinsic motivation into RL
agents in order to help them explore their environments more efficiently.

2.3 Intrinsically Motivated Reinforcement Learn-

ing

Humans are motivated to explore their environment and increase their knowl-
edge due to curiosity. This type of motivation, known as intrinsic motivation,
can be formally defined as follows [39, p. 56]:

“Intrinsic motivation is defined as the doing of an activity for its
inherent satisfactions rather than for some separable consequence.
When intrinsically motivated, a person is moved to act for the fun or
challenge entailed rather than because of external prods, pressures,
or rewards.”

For example, one might enjoy playing video games with their siblings simply
because they find it fun. In this case, the individual is intrinsically motivated.

On the other hand, humans are also motivated by external rewards or outcomes,
known as extrinsic motivation. We use the definition provided by Ryan and Deci
[39, p. 60]:

“Extrinsic motivation is a construct that pertains whenever an ac-
tivity is done in order to attain some separable outcome. Extrinsic
motivation thus contrasts with intrinsic motivation, which refers to
doing an activity simply for the enjoyment of the activity itself,
rather than its instrumental value.”

For example, a child might play video games with their sibling to avoid being
scolded by their parents for not spending enough time together. In this second
example, the individual is motivated by external factors, such as the desire to
avoid parental disapproval.

Intrinsically motivated behaviour is essential for intellectual growth, as it enables
individuals to expand their knowledge and develop new skills [39]. It is because
of this that researchers have attempted to instil intrinsic motivation into RL
agents.
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2.3.1 The extended view of RL

Figure 2.1 is our standard view of RL, but as indicated by Sutton and Barto
[17], this view is misleading. This view implies that the boundary between the
agent and environment is the same as the boundary between an organism’s body
and the outside world. This may not be the case. In RL, anything that the
agent cannot change arbitrarily is considered the environment.

For example, if a human were an agent, then one could consider the skeleton
and muscles of the individual as part of the environment. This means that in
RL, there two types of environments: the internal environment and the external
environment. This allows us to expand our standard view of RL.

External Environment

Reward Function

Actions Sensations
Extrinsic Rewards

Internal Environment

Reward Function

Decisions Intrinsic Rewards States

Agent

Entity

Figure 2.4: An illustration of the extended MDP. Adapted from [3].

Figure 2.4 illustrates the extended view of the agent-environment interaction.
Note that we now have a reward function inside the agent’s internal environment
as well. The internal environment contains the agent’s motivational system,
which should ideally not be redesigned for different problems. The standard
view of RL implies that the rewards the agent obtains are objects or events that
encourage returning to the states where those rewards were obtained. However,
rewards in RL can be viewed as reward signals.

For humans, these reward signals are produced by neurons in the brain. Further-
more, in Figure 2.4, the agent’s outputs are labelled as “Decisions” indicating
that the agent’s actions, which affect the external environment, are made by the
agent’s decisions in its internal environment, such as moving a particular mus-
cle. Note that when we refer to the environment, we refer to both the external
and the internal environment.
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We have two reward streams in RL, one from the internal and one from the
external environment. In RL, we define extrinsic rewards as rewards provided
by the external environment. For example, the agent obtains a reward of +1
for completing a maze. We define intrinsic rewards as rewards from the internal
environment. These are rewards that are not tied to any external goal or reward.
For example, the agent receiving an intrinsic reward of +1 for satisfying its
curiosity by exploring its environment. We now dive into how one can instil
intrinsic motivation into RL agents by using curiosity.

2.3.2 Curiosity-Driven Exploration

In this subsection, we address the question of how one might approach this
concept. Jirgen Schmidhuber [40] highlighted that one becomes curious when
encountering unknown aspects of their environment. Therefore, curiosity or
intrinsic rewards are often linked to predictive errors. For example, when an
RL agent’s world model predicts the next state siy; from s, the prediction
error is the intrinsic reward.

This approach is known as curiosity-driven exploration. The intrinsic rewards
diminish as the agent gains more knowledge of its environment. As the world
model becomes proficient at predicting what will happen in a specific state, the
agent becomes less inclined to visit that state again. We describe this as the
agent becoming “bored” of that state, as the intrinsic reward there is low. The
agent will only return to that state if the extrinsic rewards are sufficiently high.

To illustrate how curiosity can be implemented in practice, we will now examine
three notable algorithms. The remainder of this section on Curiosity focuses
on three specific curiosity algorithms: Intrinsic Curiosity Module (ICM) [4],
Random Network Distillation (RND) [20] and BYOL-Explore [6].

Intrinsic Curiosity Module

Intrinsic Curiosity Module (ICM) [4] is the first modern curiosity algorithm we
will discuss. It has two subsystems: the RL agent and the intrinsic reward
generator, known as ICM.

The RL agent’s task remains the same as always: to maximise the sum of
rewards it obtains. The ICM’s task is to output the intrinsic reward. ICM
comprises two submodules, both of which are neural networks: the inverse dy-
namics model, g with parameters 8y, and the forward dynamics model, f, with
parameters 0.

Since the intrinsic reward is a prediction error, it is generally preferable to avoid
making predictions based on raw observations. This is due to the increased diffi-
culty in identifying which aspects of the environment can be modelled effectively.
To illustrate this challenge, consider the following example. An RL agent is at-
tempting to make a stew that requires boiling. The agent observes bubbles
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forming during the cooking process. Predicting the exact location of bubbles
after they pop is highly challenging and irrelevant for the agent, as this detail
does not impact its task. We do not want the agent to become curious about
such inconsequential details.

To address this, Pathak et al. [4] divided the agent’s observations into three
cases: 1) aspects that the agent can control; 2) aspects the agent cannot control
but which affect the agent; and 3) aspects the agent cannot control and which
do not affect the agent. The formation of bubbles in the earlier example falls
into case 3. To ensure that ICM focuses on generating rewards based on cases
1 and 2, it must transform raw observations into a feature representation that
emphasises these aspects.

ICM takes observations s; and s;41 and outputs feature representations ¢(s;)
and ¢(sty+1). These feature representations are then inputted into the inverse
dynamics model, g, which predicts the action the agent took to transition from
@(st) to P(s¢11). We aim to find a function g defined as:

dr = g(B(st), d(st41); 1) (2.3.1)

where dy is the predicted action. The parameters 6; are trained to minimise the
loss:

r%iInLI(dt,at). (2.3.2)
Here, L; measures the discrepancy between the actual action a; and the pre-
dicted action d;. For instance, if the action space were discrete, the loss would
be the Negative Log-Likelihood (NLL).

We now turn to the forward dynamics model f. This model takes ¢(s;) and
the actual action a; as input and predicts the feature representation of the next

state, @(si41):

O(st41) = f(d(s1), ar; O ). (2.3.3)
The forward dynamics model aims to minimise the following loss Lp:
~ 11~ 2
Lie(é(s1), b(st1) = 5 [(se1) = dlsee)| - (2:3.4)
The intrinsic reward that the agent receives is given by:

ri = vLp(¢(se), p(se11)), (2.3.5)

where v is a positive scaling factor and r¢ is the intrinsic reward at time-step t.
Figure 2.5, taken from [4], illustrates the ICM procedure.
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Figure 2.5: An illustration of the ICM procedure. The algorithm encodes states
st and s¢11 into feature representations ¢(s;) and ¢(s¢4+1), which are fed into
the inverse dynamics model to predict action a;. The feature representation
o(s¢) and the actual action a; are then fed to the forward dynamics model to
predict the next state features ¢(s;41). The difference between predicted fea-
tures ¢(s;11) and actual features ¢(s,41) generates the intrinsic reward. Taken
from [4].

Looking at Figure 2.5, we see that ICM encodes s; and sy into their feature
representations ¢(s;) and ¢(s;11), respectively. These feature representations
are then fed into the inverse dynamics model, which predicts the action taken
by the agent. The feature representation ¢(s;) and the action a; are inputted
into the forward dynamics model, which attempts to predict ¢(s;+1). The scaled
prediction error between ¢(s;11) and @(s;11) serves as the intrinsic reward. The
total reward that the agent receives is:

re =14 (2.3.6)

where r{ is the extrinsic reward. The feature space does not need to encode
observations that fall into case 3 (aspects the agent cannot control and that
have no effect on the agent), ensuring that the agent does not receive rewards
for attempting to predict the unpredictable.

The Noisy-TV Problem

Imagine, for a moment, that we have an agent in a maze attempting to find a
particular room. During its path, the agent encounters a room with a noisy TV.
This TV can change channels, either due to the agent’s actions or randomly,
without any intervention from the agent. If the agent is driven by intrinsic
curiosity through an Intrinsic Curiosity Module (ICM) acting as its intrinsic
reward generator, it is possible for the agent to become overly attracted to
the noisy TV and essentially become a “couch potato.” The agent continues to
receive high intrinsic rewards by attempting to predict the TV’s next channel
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change. This scenario highlights a significant weakness of curiosity-driven agents
based on prediction error: they can become fixated on sources of randomness
in their environment.

The issue outlined above is referred to as the Noisy-TV Problem. It describes the
tendency of curiosity-driven agents to be drawn towards unpredictable, random
elements in their environment. Burda et al. [41, Figure 6] demonstrated that
adding sources of randomness to an environment can significantly slow down
the learning process for agents using ICM. The Random Network Distillation
(RND) method was designed to address this problem.

Random Network Distillation

Random Network Distillation (RND) [20] was designed to overcome the Noisy-
TV Problem. Over time, the term Noisy-TV problem has come to encompass
any environment with some degree of stochasticity. Traditionally, RND has
been combined with Proximal Policy Optimisation (PPO) to address complex
exploration challenges, but it can also be used with other deep RL algorithms. In
RND, we have two neural networks: a predictor network, f with parameters 6,
and a randomly initialised neural network called the target network, f, whose
parameters, ¢, stay fixed. The target network’s sole purpose is to output a
feature representation of a given input state. The predictor network’s task is
to try and predict the output of the target network, with the prediction error
serving as the intrinsic reward to the agent. Importantly, this prediction task is
not related to environment dynamics. Figure 2.6 illustrates the RND procedure.

i
T
I
_/ ;
.// 1
Target Network Predictor Network
1 1
St4+1 St+1

Figure 2.6: An illustration of the RND procedure. The state s;y; is fed into
both a fixed Target Network and a trainable Predictor Network. The intrinsic
reward is calculated as the squared L2 norm of the difference between their

, R 2
outputs: r; = Hf(5t+1) - f(st+1)H2. Taken from [5].

Looking at Figure 2.6, we can see that both networks receive state s;;1. The
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intrinsic reward, r}, at time-step ¢ is then,

ry = Hf(5t+1) - f(&eﬂ)Hj . (2.3.7)

The key idea with RND is that, unlike ICM, we are not predicting the feature
representation of the next state. Instead, we aim to predict the output of a
fixed, randomly initialised network, i.e., the output of a deterministic function.

In RL, we treat extrinsic rewards as episodic, meaning that the agent focuses on
achieving goals within each episode. It does not optimise for goals beyond the
episode, as returns are reset upon episode termination. Practically, there is a
variable called done that signals when an episode has concluded. This variable
is used to truncate the return. We aim to treat extrinsic rewards as episodic
because, as Burda et al. [41] argue, treating extrinsic rewards as non-episodic
could leak information about the true reward function. For example, if a game
progressively increases in difficulty, the agent could potentially exploit rewards
by restarting the episode deliberately to continue earning easy rewards from the
start.

Burda et al. [20] argue that intrinsic rewards should be treated as non-episodic,
as this promotes better exploration. For instance, consider an RL agent playing
a video game: it may want to explore a risky move to defeat an enemy efficiently.
The move could be risky enough to end the episode if it fails, but if intrinsic
rewards were episodic, future intrinsic rewards would reset to zero at the end of
the episode. Thus, the agent might avoid this potentially rewarding exploration
strategy, missing new and valuable tactics for future episodes.

When intrinsic and extrinsic rewards are treated as non-episodic and episodic,
respectively, it is not immediately clear how to combine them. The solution is
to use two value heads: Vg for extrinsic value and V; for intrinsic value. Thus,
the total value, V, is simply,

V=Vg+V. (2‘3.8)
The total return, R, is then,
R = Rg + Ry, (2.3.9)

where Rpg is the extrinsic return and R; is the intrinsic reward.

However, since we have two value heads, one for the extrinsic reward and one
for the intrinsic reward, we actually have two advantages: Ag and Aj. Here,
Apg is the advantage of the extrinsic reward, and A; is the advantage of the
intrinsic reward. To compute the total advantage, we use a weighted sum of
these two advantages:

A=3-Ag+x-Ar

Here, A is the total advantage, and 5 > 0 and x > 0 are hyperparameters that
control the weighting of the extrinsic and intrinsic advantages, respectively.
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The final component in RND is observation and intrinsic reward normalisation.
Note that only the observations for the target and predictor networks are nor-
malised. We normalise observations by subtracting the running mean, dividing
by the running standard deviation, and clipping between —5 and 5. We ini-
tialise observation parameters by running a random agent in the environment
before training the RL agent. Normalisation ensures the variance of the target
network’s embeddings isn’t excessively low, allowing the predictor network to
detect novel states more easily. Low variance in embeddings could make new
states appear almost identical to previously visited states, thereby hindering
exploration.

Normalising intrinsic rewards is also essential, as they can vary significantly
across training stages and environments. To ensure hyperparameters work con-
sistently across environments, intrinsic rewards are normalised at the batch level
by dividing them by the running estimate of the standard deviations of the in-
trinsic returns.

BYOL-Explore

BYOL-Explore is based on a self-supervised representation learning algorithm
called Bootstrap Your Own Latent (BYOL) [42]. Similar to RND, BYOL-
Explore includes a network that predicts the output of a target network. Specif-
ically, there is an online network with parameters € and a target network with
parameters ¢. The online network comprises an encoder, a closed-loop recurrent
neural network (RNN) cell, an open-loop RNN cell, and a predictor, whereas
the target network consists solely of an encoder. We will now discuss the archi-
tecture of the online network in more detail. Figure 2.7 [6, Figure 1] shows the
architecture of the online network.
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Figure 2.7: The architecture of BYOL-Explore. Taken from [6].

The online network takes in the raw observation, o;, and passes it through
its encoder fy to output the feature representation. Next, there is a closed-
loop RNN cell, denoted by h§. Assume that at time ¢, hj outputs by, which
is a representation of the history it has seen so far. The output of fy, the
agent’s previous action, a;—;, and the prior history representation, b;_;, are
then fed into h§ to produce the next history representation b;. In other words,
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by = hé(btfh at—1, fa(Ot))'

This history representation b; is subsequently fed into the open-loop RNN cell,
hg, along with the current action, a;. The open-loop RNN cell outputs future
history representations, (bt,k)le, where by, = h§ (by k-1, ar+x—1), and K is the
open-loop horizon. Here, b; o = b;. The open-loop RNN generates future history
representations based on previous representations and forthcoming actions. It
learns how the history representation will change in response to the actions
taken.

The output from hj is then fed into the predictor, go, which outputs a prediction
of the feature representation of the next state. The output from our predictor,
9o(be ), represents our prediction at time ¢ + k.

The target network consists solely of an encoder, fy, which outputs the fea-
ture representation of the observation at time ¢, o;. In this case, we focus on
predicting only the next state, so K = 1. Unlike RND, the target network’s
parameters are updated via the exponentially moving average (EMA) of the
online network’s encoder. Thus, the target network’s parameters are updated
as ¢ < a¢p + (1 — a)f. The output from the target network, fy(o;), serves as
the target that the online network’s predictor aims to match.

We now focus on the loss function for the online network. Assume our agent has

7-1\ B-1
obtained a batch of experience, <(0{, ai) ) , where B € N is the batch
t=0 ) .
7=0
size, and T € N is the trajectory length. The loss function of the online network
is given by:

2
_ #B L= f¢(0t-+1)
s G, ol "

Equation (2.3.10) represents the average error over the batch acquired by our
RL agent. We next discuss how the intrinsic reward is obtained at time-step t.

We begin with:
2

go (b{,l) B fo (0{+1)
lao®erP e [ gy,
2

1 = (2.3.11)

This is the prediction error associated with the transition (0{, a{, 0{ 41)- We

\T-2\ 51
normalise the prediction errors of the batch, ((l{) ) , by dividing them
=0 ) ;g
by the EMA estimate of their standard deviation, o,.. The final step in obtaining
intrinsic rewards is to apply reward prioritisation.

Reward prioritisation operates by directing attention towards environment re-
gions where intrinsic rewards are high, whilst neglecting areas with low intrinsic
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rewards. This approach allows the agent to focus on environmental features it
understands the least. As training progresses, areas previously overlooked due
to low intrinsic rewards gradually become prioritised. The implementation uses
the EMA mean relative to successive batches of normalised prediction errors,
denoted by p/o,, as a clipping threshold to distinguish between low and high
prediction errors. The intrinsic rewards in a batch are then given by:

) Y
rl, = max <t . 0) : (2.3.12)

Or Or

Here, rg’t represents the intrinsic rewards. To obtain the total reward, we apply
a weighting A € (0, 1] to the intrinsic rewards and add it to the extrinsic rewards,
77 ;- The total reward in a batch is therefore given by,

vl =7l + M, (2.3.13)

After examining ICM, RND, and BYOL-Explore, we’ve seen how adding intrin-
sic motivation enables RL agents to explore sparse reward environments by using
curiosity to provide an internal signal to guide agents. However, even with these
improvements, RL algorithms are still sample inefficient, i.e., the algorithms re-
quire thousands if not millions of time-steps to solve a task. This limits their
real-world application as the algorithms cannot adapt quickly enough to new
tasks. Our next section, meta-reinforcement learning, addresses this challenge.

2.4 Meta-Reinforcement Learning

“The upside of reinforcement learning is that if you want to do well
in an environment, you’'re free to overfit like crazy. The downside
is that if you want to gemeralize to any other environment, you’re
probably going to do poorly, because you overfit like crazy.”

— Alex Irpan, Deep Reinforcement Learning Doesn’t Work Yet

Meta-reinforcement learning (meta-RL) is about designing RL agents that learn
how to reinforcement learn. Meta-RL is attractive to researchers because it is
promising to addressing the sample inefficiency issue with RL algorithms [22].
By this we mean that RL algorithms require many time-steps to train on an
environment and this often limits their real-world application use especially
when the agent is faced with a new task that requires fast adaptation.

As an example, imagine we have an RL agent designed to learn different first-
person shooter games on a PlayStation 5. Each game varies in its controls. One
game uses the R2 button to shoot, while another uses the R1 button. However,
many core skills, such as taking cover or reloading after shooting an enemy,
are generalisable across games. Ideally, the RL agent should quickly adapt to
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the different controls without needing to re-learn these fundamental skills from
scratch each time it encounters a new first-person shooter game.

Training the RL agent from scratch every time it encounters a new game would
be too time-consuming and inefficient, especially for skills that are transferable,
like taking cover. We don’t want to waste resources on relearning behaviours
that can be applied across multiple first-person shooter games. Instead, we can
train the RL agent on a distribution of first-person shooter games, each with its
own unique control scheme. This way, it learns to adjust quickly to new games,
even if the controls differ.

The primary trade-off with meta-RL algorithms is that they require more train-
ing time initially, as they must learn across multiple tasks or environments.
However, this investment pays off because the meta-RL agent is more sample-
efficient at test time, allowing it to adapt more quickly and effectively. This
approach is especially beneficial when efficient adaptation is frequently needed.

Meta-RL’s potential lies in it improving upon the sample efficiency of RL al-
gorithms by learning RL algorithms or components of RL algorithms to allow
adaptation to new, unseen environments or tasks. In this subsection we discuss
the definition of meta-RL as well as its problem categories and finally conclude
with the optimisation issues in meta-RL.

2.4.1 Definition

The Meta-RL Process

The core idea of meta-RL is that the agent learns the entire or parts of an
RL algorithm, which we denote as f. In RL, f is designed to output a policy,
whereas in meta-RL the agent learns f, which then outputs the policy.

We refer to the algorithm that learns f as the outer-loop, and the learned f
as the inner-loop. Whilst learning occurs in both loops, adaptation is handled
by the inner-loop, and meta-training is performed by the outer-loop. Once the
inner-loop is obtained, it is assessed during meta-testing.

The inner-loop should adapt to a new MDP, M, and so meta-training requires
access to a distribution of MDPs or tasks, denoted as p(M). It is common for
all tasks or MDPs within the distribution to share the same action space, A,
and the same state space, S [22]. Tasks typically differ in their reward functions
and state-transition probability functions.
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Figure 2.8: The meta-RL process. Taken from [7, Figure 1].

The meta-training process is illustrated in Figure 2.8, taken from [7, Figure 1].
The process involves sampling a task from p(M), allowing the inner-loop to
attempt solving it, and optimising the inner-loop such that policy performance
increases. The lifetime is the interaction between the inner-loop with the task.
Adaptation occurs during this interaction.

The Meta-RL Objective

Next, we define the objective in meta-RL. Recall that a trajectory 7, is given
by:
Tt = {SU Ai7 T(Si> AZ)}E:O

Assume we are working with an MDP where T is the last time-step of an episode.
Let D denote all of the data collected during a lifetime. If the lifetime contains
H episodes, we express D as:

D= {TT}hH:0~

Let the inner-loop f be parameterised by 6, where 6 represents the meta-
parameters. In standard RL, the objective is to maximise the episode return.
In meta-RL, the performance of the agent is usually measured using the returns
obtained over its lifetime on tasks sampled from p(M). The objective can vary
depending on what needs to be achieved. In general, we define the meta-RL
objective as:

J(0) = Erginpm) |Ep

> 6

Tr €D

f(TT;e),MH . (2.4.1)

This objective represents the performance of the meta-RL agent across all tasks
in the task distribution. The outer expectation, E i p(aq), €valuates the per-
formance across tasks, while the inner expectation, Fp, considers the adaptation
performance of the inner-loop on a specific MDP, M°.
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Problem Categories

Recall that the lifetime contains H episodes, which represents the number of
episodes the agent has to adapt within a task. This is also known as the task
horizon.

Meta-RL is categorised based on the length of the task horizon H and the
training distribution. If H is short (few episodes are needed to solve the task),
then it is considered few-shot meta-RL, and if H is long (hundreds of episodes
or more are needed to solve the task), it is many-shot meta-RL. If the training
distribution contains multiple tasks, it is classified as multi-task meta-RL, and
if it contains only a single task, it is classified as single-task meta-RL. Therefore,
meta-RL can be categorised into the following categories [22]:

e Multi-Task Many-Shot Meta-RL
e Multi-Task Few-Shot Meta-RL
o Single-Task Many-Shot Meta-RL
¢ Single-Task Few-Shot Meta-RL

In the Multi-Task Few-Shot setting, the agent has a few episodes to adapt to
the new MDP that is sampled from p(M), which was used to train it.

However, sometimes the agent faces a challenge where it needs a long task
horizon to solve the problem. The inner-loop may require hundreds or thousands
of episodes to adapt to a new task. This is Multi-Task Many-Shot Meta-RL.

Meta-RL also deals with cases where the task distribution contains a single task.
For Single-Task Many-Shot Meta-RL, we are concerned with whether we can
somehow improve the sample efficiency without relying on training on similar
tasks.

The last problem setting is few-shot single-task meta-RL. This describes a hypo-
thetical meta-learner capable of learning a single task more efficiently without
transfer from similar tasks. This is unlikely, as the inner-loop will not have
enough time to adapt to the task in a data-efficient way [22].

2.4.2 Optimisation Issues in Many-Shot Meta-RL

Recall from Chapter 1 that our objective is to learn a reward combiner that
is able to generalise across different tasks in Xland-MiniGrid using many-shot
meta-RL. This will therefore be the focus for the rest of this section. Many-shot
meta-RL refers to cases where the inner loop has a long task horizon to solve
the task.

In many-shot meta-RL, we aim to improve the sample efficiency or maximise
the final performance of existing RL algorithms by introducing meta-learned
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components. In our case, this involves replacing the static A value with a neural
network that outputs A at each time-step.

Optimisation in the many-shot setting is difficult because the inner loop per-
forms hundreds or thousands of policy updates during adaptation. As a result,
backpropagation is not practical for calculating the gradient, as it requires a
large amount of memory, making the computational cost high [43, 22]. The
main reason for these costs is that backpropagation needs to compute gradients
over the agent’s entire lifetime, which is often not feasible. To address this,
researchers often truncate the backpropagation window [44], meaning the gra-
dient is only computed over a small segment of the lifetime instead of the full
duration. This window is usually much smaller than the total number of steps
in the agent’s lifetime.

This truncation leads to the emergence of short-horizon bias. Wu et al. [45]
define short-horizon bias as the tendency of backpropagation-based optimisa-
tion methods in meta-RL to optimise their objective function over a short time
horizon.

An alternative to backpropagation is Evolution Strategies (ES), which avoids
this issue. ES allows the agent’s entire lifetime to be used for optimisation
without requiring additional memory [44, 9]. By not truncating the lifetime, ES
eliminates short-horizon bias and ensures the optimisation process takes long-
term dependencies into account. This makes ES a practical option in many-
shot meta-RL settings where the cost of backpropagation is too high. The next
chapter focuses on ES, in particular the ES algorithm developed by Salimans
et al. [27].

2.5 Evolutionary Strategies

Evolutionary Strategies (ES) are a class of black-box optimisation techniques
that are heuristic search procedures often used to optimise non-differentiable
functions [27]. In ES, we have some function F(6) which we aim to optimise
with respect to the parameters of the model . ES makes no assumption about
the structure of F' and is commonly known as the fitness function.

In each generation or iteration, a population of parameters is perturbed and
their fitness evaluated. The best performing parameters are recombined to
form the next generation, and this process continues until the fitness function
is optimised [27]. This process can be completely gradient-free. Despite ES
being capable of completely gradient-free operation, researchers also make use
of ES to estimate the gradient and then apply gradient descent to optimise the
parameters of a neural network instead of using backpropagation to obtain the
gradient. The ES algorithm introduced by Salimans et al. [27] is an example of
such an ES algorithm.
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Salimans et al. [27] approach involves maximising the expected fitness of the
parameters, 6. The search distribution of # is assumed to be an isotropic mul-
tivariate Gaussian where the mean is 6, the current set of parameters, and the
covariance matrix is o2I. The covariance matrix is fixed and I is the identity
matrix and o is the standard deviation.

The sampled solution 6 is then drawn from AN(0,02I). This is equivalent to
[46],
0=0+o0e,e~N(0I).

With this we can write our objective J(6) as,
J(0) = Ecopno.nF(0 + oe). (2.5.1)
Next, we need to determine the expression for the gradient of J(0).
VoEcno.nF (0 + oe)

=Vy /p(e)F(é + o€)de

Here p(e) is a multivariate Gaussian, p(e) = (2m) "% exp(—3e ' ¢€). Continuing,

Vo /p(e)F(é + oe€)de

—/vg( () F (9+06))de
/Vge (0+06)}d

Now if we use the log-likelihood trick we can rewrite V. (p(e€)) as V. log(p(e)) -
p(e). Continuing,

/ Ve [ve (p(e)) - F(O + 06)} de

€

= [ Vo [V108(0(0) - ple) - PG +00)] e
— [p(Voe [V 10g(p(e)) - F(B+ 00)] de

€

n 1 A
= IEew./\f(O,I) |:Ve <1Og ((277)_5) + —2€T€) : F(Q + 0'6) - Ve
1 A
=Ecn,1) [(—6) (O_> F(O+ ae)}

Note that € = 9%9. Now the negative sign in (—e¢) can be absorbed into the
gradient descent step and we finally obtain,
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VQEGNN(OJ)F(é + oe)

=Een(o,1) [(—6) (i) F(0+ 06)}
=Ecun(o,1) [(6) (i) F(O+ 06)] :

The above expression is estimated with samples. In order to reduce the variance
in the gradient estimate it is common to make use of antithetic sampling. Instead
of generating samples we generate pairs where one is the negative of the other.
For example instead of just sampling € ~ A(0, ) we sample —e as well. With
antithetic sampling the gradient estimate becomes,

VoJ(0) = %EGN NOD [(e) (i) [F(é +oe)— F(f - ae)H . (2.5.2)

We now present the ES algorithm introduced by Salimans et al. [27]. For the
remainder of this work, whenever we refer to ES, we specifically mean the Evo-
lution Strategies algorithm proposed by Salimans et al. [27].

Algorithm 5 Evolution Strategies (ES) [27] with Antithetic Sampling

Require: Learning rate o > 0, noise standard deviation o > 0, number of
samples n, initial parameters 6y and fitness function F'.
Ensure: Optimised parameters 6*.
1: Initialise parameters 6y randomly.
2: fort=20,1,2,... do
Sample perturbations €1, ..., e, ~ N(0,T).
4 Generate antithetic perturbations: for each ¢;, include —¢;.
5: for i =1ton do
6 Compute fitness function evaluations:

w

Ff =F(0; +o¢), F =F(0 —o¢)

2 ?

7 end for
8: Compute the gradient estimate using antithetic pairs:
1 n
A + —
9= 990 «(F; —F;)
=1
9: Update parameters:
Gt — 9t —ag
10: end for

11: return 6,
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In this chapter we have now laid the foundation needed to understand our
methodology by discussing traditional RL methods such as GPI and Q-learning.
We then proceeded with exploring modern RL algorithms by examining value-
based methods, policy-based methods and actor-critic methods, which leads
us to PPO, our selected RL algorithm. Next we presented curiosity-driven
exploration algorithms and how they are implemented to encourage exploration.
To understand how researchers have aimed to improve the sample efficiency of
RL algorithms, we looked into meta-RL. Following this, we introduced ES [27], a
black-box optimisation technique used to estimate gradients of fitness functions.
Finally, we concluded by outlining the LSTM and GRU architecture.

Before proceeding to our methodology, it is important that we examine existing
work that has addressed similar questions. This includes research on meta-
learning intrinsic rewards and on using meta-RL with ES to develop general-
purpose RL algorithms, and how our work departs from these approaches.



Chapter 3

Related Work

Recall from Chapter 1 that our research question examines how well a reward
combiner can dynamically output appropriate intrinsic reward weightings ()
across different environments without requiring retraining or fine-tuning. Our
approach falls into the many-shot category of meta-RL and the reward combiner
is optimised using ES [27]. Therefore, this chapter reviews literature relevant
to our approach, focusing on two main research areas:

1. Meta-learning of intrinsic rewards and reward combination.

2. Applications of ES to optimise meta-learned components in RL algo-
rithms.

We structure this review around these two areas, which most closely relate to
our approach. By examining these areas, we contextualise the work done in this
thesis within the existing literature and highlight the distinguishing aspects of
our approach.

3.1 Meta-learning of intrinsic rewards and re-
ward combination

LIRPG: Learning Intrinsic Rewards for Policy Gradient

As stated in Chapter 1, learning in sparse reward environments is challenging.
Intrinsic motivation is seen as a way to improve performance in these environ-
ments, but the algorithms that output intrinsic rewards are often hand-designed.
Recognising this limitation, Zheng et al. [47] proposed Learning Intrinsic Re-
ward for Policy Gradient (LIRPG), which replaces hand-designed rewards with
a learnable intrinsic reward function for a single-task setting.

In their work, the intrinsic rewards are given by a neural network parameterised
by v. The authors denote this neural network by r;, and refer to it as the intrinsic
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reward module. This neural network takes in the current state and action and
then outputs the intrinsic reward. LIRPG can be used with any policy gradient
method or actor-critic method, such as PPO or A2C. The agent’s policy is
parameterised by 6, and the authors denote its policy by 7. In this work, the
objective of 7¢ is given by the expected extrinsic return. The RL agent aims
to maximise the expected cumulative sum of extrinsic and weighted intrinsic

rewards:
T

Jo =Ey Zwt (rf + Ml (se,a0)) | - (3.1.1)
t=0
In the above equation, A is the relative weight of the intrinsic reward, r¢ is the
extrinsic reward at time-step ¢, and T denotes the final time-step of the episode.
The policy parameters 6 are updated via gradient ascent.

The LIRPG agent was tested and trained on a set of 15 Atari games. In the
Atari experiments, the LIRPG was used with A2C. The baselines were a stan-
dard A2C agent and an A2C-bonus agent. The A2C-bonus agent received a
constant live bonus of 0.01 at each time step to encourage the agent to live
longer so the chances of it receiving extrinsic rewards increase. For these exper-
iments, they explored values for the intrinsic reward weighting coefficient A and
selected the best-performing value for each game individually. This required
separate hyperparameter tuning for each environment. This approach becomes
less practical when scaling to larger numbers of tasks. The LIRPG agent out-
performed the A2C baseline agent on all 15 games. However, the LIRPG agent
only outperformed the A2C-bonus agent in 13 out of 15 games. In particular,
it obtained lower episode returns on Asterix and Space Invaders environments.
This suggests that in games where extended survival directly correlates with
higher scores, as in Asterix and Space Invaders, even a simple constant bonus
can be effective.

Zheng et al. [47] conducted experiments on the MuJoCo environments as well.
In particular, they conducted experiments on the Ant, Hopper, Walker2d, Half-
Cheetah, and Humanoid. This time PPO was the algorithm of choice and so
the baselines were standard PPO and PPO-bonus. However, for the PPO-bonus
they explored the values 0.001, 0.01, 0.1, and 1, and used the domain-specific
best-performing choice. These experiments also included another agent that
was just trained on the intrinsic reward provided by the intrinsic reward module
known as PPO-Rj,.

For the MuJoCo experiments, they took a different approach to the weight-
ing parameter, fixing A = 1.0 across all environments and instead scaling the
extrinsic rewards by 0.01 for the LIRPG agent. To create a more challenging
learning scenario, they implemented a reward delay mechanism where the ex-
trinsic rewards were accumulated for 20 time-steps before being provided to the
agent. This delay created a more sparse reward setting. The LIRPG agent
outperformed standard PPO and PPO-bonus in all tasks except Ant. PPO-
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Rin achieved higher episode returns than the LIRPG agent in the Half-Cheetah
environment, and achieved similar performance in the Ant, Walker2d and Hu-
manoid environments. This shows that the intrinsic reward module successfully
captures more than the bonus given to the PPO-bonus agent at each time-step
due to its objective being the extrinsic episode return.

Learning during Practice: Extending LIRPG

To extend learned intrinsic rewards beyond individual episodes, Rajendran et al.
[48] explored how such rewards could guide learning during practice periods
separate from actual task performance. During practice, the agent does not
have access to extrinsic rewards and must rely on rewards generated by 7¢.
The RL agent alternates between practice and matches (the actual task) during
training. Humans often have practice sessions in sports or video games. These
practice sessions can differ significantly from the actual match. For example,
football players may focus on specific skills like shooting or free kicks. These
practice sessions should ideally improve performance in actual matches. The
aim is to replicate this for RL agents.

The objective that agents aim to maximise during a match is the expected
extrinsic return. During practice, the RL agent’s objective is the expected
cumulative sum of the weighted intrinsic rewards. The objective of the intrinsic
module is the same as the RL agent’s match objective. Its parameters are
updated during the practice session.

Rajendran et al. [48] evaluated their method on three environments: 1.) A grid-
world containing a corridor of length 8. The objective is for the agent to take
the trash from the leftmost side of the corridor to the bin on the rightmost side
of the corridor. 2.) The Atari game Pong. 3.) The Atari game Pac-Man.

In the simple grid-world environment, there was no difference between the prac-
tice setting and the match setting. This is to isolate the effect of learned intrinsic
rewards from environmental differences. The authors employed REINFORCE.
The agent was trained for 200 matches. The length of the match and prac-
tice session varied between 45 and 50, which were sampled uniformly. Practice
occurred after every match. During the training, progressive improvement in
episode returns is seen. The agent progressed from achieving single trash deliv-
eries (+1 reward) to completing multiple cycles (+2 reward) per episode.

In the Atari experiments, the match setting differed from the practice setting.
In Pong, the practice session involved the agent hitting the ball against a wall
instead of an opponent. In Pac-Man, the practice environment involved the
same magze but with no ghosts. The authors compared their approach against
several baselines, including agents that learned only during matches and agents
using either fixed random intrinsic rewards or intrinsic rewards predicted from
extrinsic rewards during practice.
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The results demonstrated that learning during practice improved sample effi-
ciency compared to match-only learning. Their proposed solution outperformed
the baseline approaches, indicating that meta-gradients are important for im-
proving intrinsic rewards.

Our approach differs from these prior works in several key ways. First, both
prior works learn intrinsic rewards through neural networks, whereas our method
makes use of hand-designed curiosity algorithms (RND and BYOL-Explore) and
focuses on learning how to combine them with extrinsic rewards. Second, their
approaches operate within single-task meta-RL frameworks, requiring retraining
for each new environment, whilst our work addresses multi-task meta-RL within
grid-world environments with navigation and/or door-key mechanics, aiming
to generalise across different tasks with similar mechanics without retraining.
Third, neither prior work investigated meta-learning the combination weights
between intrinsic and extrinsic rewards: Zheng et al. [47] required environment-
specific hyperparameter tuning for A, whilst Rajendran et al. [48] relied solely on
intrinsic rewards during practice periods. Fourth, whilst Rajendran et al. [48]
demonstrated faster convergence in match performance, the overall training time
including practice sessions may offset these gains. Finally, both works make use
of backpropagation for gradient computation of intrinsic reward modules during
training, updating parameters concurrently with policy updates. In contrast,
our approach considers the agent’s entire training lifetime and makes use of ES
to optimise the reward combiner.

Lifetime Intrinsic Reward Learning

Both LIRPG and its practice extension optimised for individual episode returns
rather than considering the agent’s entire training lifetime. Zheng et al. [49]
aimed to see if one can learn intrinsic rewards that encourage exploration across
multiple episodes in an agent’s lifetime. The authors extend LIRPG by con-
sidering the entire lifetime return of the agent across multiple episodes, as this
allows exploration across episodes during training. LIRPG considered a single
task in a single lifetime using the episode return as the intrinsic reward mod-
ule’s objective. To capture long-term temporal dependencies across episodes,
they parametrise their intrinsic reward function using an LSTM architecture.
The objective of the reward function is the expected extrinsic return over the
agent’s lifetime, averaged across the distribution of tasks (MDPs). Another key
difference is that the reward function, r,, parameterised by v, takes in the entire
trajectory, where:

Tt = SO,GO,T(SO, aO); dOa c ooy Sty Ay, T(Sta G/t), dt'

Here, the variable d; is a binary value that indicates whether an episode has
terminated.

In LIRPG [47], the agent aimed to optimise a weighted sum of intrinsic and
extrinsic rewards, with the intrinsic reward being output by the intrinsic reward
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module, 7},. In this case, the intrinsic reward function takes in 7, and outputs
an intrinsic reward, and the RL agent aims to maximise the sum of the intrinsic
rewards.

Calculating the gradient for the intrinsic reward moduleis infeasible as it requires
backpropagating throughout the agent’s lifetime. To address this, Zheng et al.
[49] update the intrinsic reward function every N policy updates using the
estimated lifetime return of the agent. The estimation of the lifetime return
is given by a neural network V, which takes in the same inputs as r,. The
neural network V4 is updated at the same time as r,.

To test their intrinsic reward model r,, Zheng et al. [49] trained the model
on various grid-world tasks including goal-finding, object selection, and non-
stationary reward scenarios. For each environment, a separate intrinsic reward
model was trained across multiple lifetimes on variants of that specific task,
with each model learning to generalise across the natural variation within its
respective environment.

The authors compared their approach against several baselines including stan-
dard episode-based and lifetime-based extrinsic reward training, count-based ex-
ploration, and ICM. The intrinsic reward approach consistently outperformed all
baselines, demonstrating the model’s ability to encourage appropriate exploration-
exploitation behaviour and adapt to environment changes within a lifetime. This
showed that the intrinsic reward model could successfully carry information
across episodes during the agent’s lifetime.

Like Zheng et al. [49], our work focuses on grid-world environments, specifi-
cally using the XLand-MiniGrid framework. However, what distinguishes our
approach is that we learn the intrinsic reward weighting X rather than learning
the intrinsic reward function itself. Their learned intrinsic reward model di-
rectly outputs reward signals that combine intrinsic and extrinsic components,
whereas our approach learns the weighting parameter for combining curiosity-
driven intrinsic rewards with extrinsic rewards. Additionally, our work focuses
on multi-task learning, where the learned weighting generalises across differ-
ent grid-world tasks with navigation and/or door-key mechanics within XLand-
MiniGrid, whereas they trained separate intrinsic reward models on variants of
the same environment. While both approaches optimise over agent lifetimes, a
key difference in our methodology lies in our optimisation strategy. We use a
black-box approach with ES, whereas they employ backpropagation. Because of
the computational cost of backpropagating through entire lifetimes, they can-
not use the actual lifetime return and must rely on bootstrapped estimations,
whereas our ES approach enables direct optimisation of the actual lifetime re-
turn.
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Meta-learning Curiosity Algorithms

The works we have discussed have relied on optimising neural network weights to
learn the intrinsic reward. Therefore, the learned intrinsic rewards are often used
in very similar environments ( same state and action space). Alet et al. [50] took
a different and unique approach to the works we have discussed so far. Instead of
optimising neural network weights, they meta-learned pieces of code. In other
words, the meta-learning occurred in the space of programs and operations.
These operations are similar to those used in hand-designed curiosity algorithms.
They used these operations to form a domain specific language. The reason for
this was to design a curiosity module, C, that achieves generalisation across
vastly different environments with different action and state spaces.

This module had two components working together. Component Z calculates
the intrinsic reward, while component y combines the extrinsic reward, intrinsic
reward, and current normalised timestep of the agent’s lifetime to output 74,
which feeds into the RL agent. Meta-learning these pieces of code resulted in
two new interpretable algorithms for component Z: Fast Action Space Transition
(FAST) and Cycle-Consistency Intrinsic Motivation (CCIM). These algorithms
were found using the grid-world environment, where the objective is to find the
goal position. The authors conducted a systematic search through their domain-
specific language (DSL) in the grid-world environment, using the number of
distinct cells visited as their optimisation metric.

However the main flaw of these algorithms is that the intrinsic reward did not
decrease during training [51].

The component y, used to combine the intrinsic reward and extrinsic reward,
was found using the Lunar Lander environment. This is an environment with
a dense reward function and was the reason why the authors selected it. The
intrinsic rewards were provided by an ensemble variant of RND. The authors
searched through 2500 possible reward combiners and selected the best perform-
ing one in the lunar lander environment. The formula discovered was:

P (147 —t/T)-ri+re-t)T
- 147 ’

(3.1.2)

Here, T is the number of timesteps in the agent’s lifetime.

The authors evaluated their meta-learned curiosity algorithms across multiple
environments: Acrobot, and two MuJoCo environments (Ant and Hopper). Us-
ing PPO as their base RL algorithm, they compared their approaches against
several baselines: agents receiving constant intrinsic rewards (-1, 0, 1) and Gaus-
sian noise, as well as published curiosity algorithms including RND, ICM. Im-
portantly, they used the same fixed reward combiner (Equation (3.1.2)) across
all environments and algorithms. Their results showed that meta-learned cu-
riosity algorithms performed statistically comparable to the published curios-
ity methods and statistically outperformed the constant-bonus baselines. This
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demonstrated that their automatically discovered algorithms could generalise
effectively across environments with vastly different state and action spaces,
despite being initially discovered only in the simple grid-world task.

In contrast to our approach, Alet et al. [50] attempted to generalise across
vastly different domains (from grid navigation to continuous control tasks like
MuJoCo), whereas we focus on generalisation within XLand-MiniGrid environ-
ments involving navigation and/or door-key interaction mechanics. Another
difference lies in our methodologies: while they search through a space of pro-
grams to discover curiosity algorithms and a reward combiner, we optimise
neural network weights using ES to learn an adaptive reward combiner. For
intrinsic rewards, they meta-learn the curiosity algorithms themselves, whereas
we employ established methods like BYOL-Explore. Regarding reward com-
bination, we utilise a simple weighted sum with a learned A parameter, while
they propose Equation (3.1.2). However, as noted by Ziki [51], their discov-
ered curiosity algorithms do not exhibit diminishing intrinsic rewards over time.
Furthermore, one of their baselines, the agent receiving zero intrinsic reward
but still using their reward combiner formula, results in extrinsic rewards being
scaled by normalised time (¢/T - 7). This baseline agent receives diminished
rewards at the beginning of training, gradually increasing to full rewards only
at the end.

The works reviewed in this section demonstrate various approaches to address-
ing the challenge of sparse rewards through intrinsic motivation, yet each faces
computational efficiency limitations when applied across multiple environments.
LIRPG required environment-specific hyperparameter searches to determine op-
timal A values. This process becomes computationally expensive when scaling to
numerous tasks. The practice-based extension addressed some limitations but
introduced uncertainty about whether the additional training time in practice
sessions justifies the performance improvements. The lifetime learning approach
made progress by considering longer horizons but was constrained by truncation
issues and focused primarily on variants within the same task rather than gener-
alisation across different environments. Alet et al. [50] demonstrated promising
cross-domain generalisation capabilities, but their approach applied the discov-
ered reward combiner across all methods and baselines, making it challenging to
isolate the specific contribution of adaptive reward combination. Our work takes
a different angle, focusing specifically on learning the intrinsic reward weighting
parameter A using multi-task meta-learning with ES. This approach aims to
eliminate the need for hyperparameter sweeps across new grid-world tasks with
similar mechanics by training a reward combiner that can dynamically output
appropriate A values, thereby addressing the computational efficiency challenges
highlighted in Chapter 1.
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3.2 Applications of ES in many-shot meta-RL

Zheng et al. [49] highlight a key challenge: backpropagating through entire agent
lifetimes is computationally expensive. This motivates our approach of ES as an
alternative optimisation approach that can directly optimise lifetime returns. In
this section we review works which make use of ES when the objective involves
the lifetime of the RL agent.

Learning Objective Functions

In RL we often distinguish between value-based methods (all of which can be
seen as instances of Generalised Policy Iteration) and policy-gradient methods
(many of which use trust-region constraints, as in PPO). Q-learning is a classic
value-based (i.e. GPI) algorithm. TRL is a framework in which the focus is on
restricting policy updates to ensure stability and prevent performance collapse.
PPO somewhat falls into the TRL framework, as it constrains policy updates
and is designed to prevent performance collapse. However, it uses a clipped
surrogate objective, essentially constraining policy updates in an approximate
way. Therefore, despite being one of the most successful RL algorithms, it lacks
theoretical guarantees [52].

Kuba et al. [52] introduced a new framework called Mirror Learning, which
unifies algorithms that fall into GPI and TRL. Algorithms within the Mirror
Learning framework come with monotonic improvement properties and conver-
gence guarantees. It even provides theoretical guarantees for PPO!

Mirror Learning achieves this by providing a drift function D, (7|s), which
measures the difference between policy 7, and policy w. The drift function
possesses important properties. It should be non-negative, and its derivative
with respect to 7, must be zero. With these properties, we achieve monotonic
improvement in our policy updates.

It is because of the theoretical guarantees of Mirror Learning that Lu et al. [53]
focused on discovering new RL algorithms within this framework. The authors
focused on improving PPO by having a neural network with parameters 6 learn
the drift function. This algorithm is known as Learned Policy Optimisation
(LPO). LPO was trained on a single environment, the Ant task from the Brax
environments [54]. LPO was trained using ES, where its fitness function, F'(9),
was

F(0) =E[J(r)].

Here, J(7) is the expected discounted return of policy 7 discovered by LPO. To
ease learning, the drift network was also initialised close to PPO’s drift function.

By analysing the drift function at the end of training LPO, Lu et al. [53] were
able to obtain a closed-form version of LPO. This closed-form variant is known
as Discovered Policy Optimisation (DPO).



Applications of ES in many-shot meta-RL 56

Lu et al. [53] proceeded to test LPO and DPO on the other Brax environ-
ments where standard PPO algorithm served as the baseline. LPO and DPO
outperformed PPO on most environments which indicate that LPO and DPO
generalise to unseen environments.

Jackson et al. [9] built upon LPO by including a temporal component into
the input of the drift network. The authors highlight that humans adapt and
change their strategy based on time. For example, a football team behind on the
scoreboard may adopt more aggressive tactics as time runs out in an attempt
to win. In particular, they included the normalised time step in the input of
the drift function. This allows LPO to be conditioned on the agent’s lifetime.
This version of LPO is known as Temporally-Adaptive LPO (TA-LPO).

Jackson et al. [9] trained TA-LPO on the MinAtar version [55] of the Space
Invaders environment. The baselines were LPO (trained on Space Invaders as
well) and standard PPO. The authors then proceeded to test TA-LPO on the
other MinAtar environments and the Brax environments. TA-LPO was able to
outperform the baselines on all the testing MinAtar and Brax environments,
highlighting its generalisation capabilities given that it was only trained on
Space Invaders.

Similar to the works by Lu et al. [53] and Jackson et al. [9], our method em-
ploys ES for meta-optimisation. However, our approach differs in several key
aspects. Whilst both LPO and TA-LPO perform single-task meta-RL, our
method employs multi-task meta-RL for generalisation across XLand-MiniGrid
environments with navigation and/or door-key mechanics. Additionally, rather
than meta-learning drift functions, our approach meta-learns intrinsic reward
weighting parameters. We adopt the multitask ES approach from [9] (detailed
in Chapter 4). Since our objective function evaluates lifetime return, gradient-
based meta-optimisation would require truncation due to computational con-
straints, leading to the short-horizon bias identified by both authors.

Having reviewed the relevant literature, we have covered works that have at-
tempted to meta-learn intrinsic rewards and reward combiners, as well as ap-
plications of ES within many-shot meta-RL for optimising meta-parameters.
However, none of the existing works have attempted multi-task ES specifically
for learning reward combination across different environments. This represents
the gap our research addresses: Developing a reward combiner that can dy-
namically output appropriate \ values across multiple tasks without requiring
retraining or hyperparameter tuning for each new environment. In the next
chapter, we detail our methodology, including our training process, the XLand-
MiniGrid environments used in our experiments, and the specific experimental
setup designed to answer each of our research sub-questions.
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Methodology

Having obtained the necessary background, the steps for answering the re-
search question can now be detailed. All code implementations are available at
https://github.com/Ziksby/MetalLearnCuriosity. Recall that fine-tuning A
for curiosity-driven baselines can be expensive across many environments. The
research question was thus:

Research Question: How does the performance of an agent that learns
to dynamically output intrinsic reward weightings (A\) compare to manually
fine-tuned curiosity-driven algorithms and standard PPO across grid-world
tasks involving navigation and/or door-key interaction mechanics?

We conduct all experiments in the XLand-MiniGrid environments [8]. These
environments are discrete grid-world tasks with sparse rewards, therefore re-
quiring exploration to solve the tasks as the extrinsic reward is only provided at
the end of the episode. The reward combiner (RC) took in the normalised extrin-
sic and intrinsic rewards as well as the actions. The actions in XLand-MiniGrid
provided context for what the goal of the task is. For example, obtaining the
extrinsic reward after unlocking a door to pick up an object in the next room
signalled to the RC that the actions unlocking and picking up were important
to solving this environment.

The research question was divided into two sub-questions:

Sub-question 1: How does the meta-learning agent’s performance com-
pare with fine-tuned curiosity-driven algorithms and standard PPO when
evaluating across different grid-world sizes on an unseen task?
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Sub-question 2: How does the meta-learning agent’s performance com-
pare with fine-tuned curiosity-driven algorithms and standard PPO when
evaluating on an unseen task where the objective differs from those seen
during training?

Our hypotheses for each sub-question were as follows:

Hypothesis 1: The meta-learning agent will perform as well as the base-
lines when evaluating across different grid-world sizes on an unseen task
with navigation and/or door-key interaction mechanics.

Hypothesis 2: The meta-learning agent will perform as well as the base-
lines when evaluating on an unseen task with navigation and/or door-key
interaction mechanics where the objective differs from those seen during
training.

This chapter explains the methods used to answer the sub-questions and test
the hypotheses. The RC was trained on Unlock and Empty-16x16 environments
using multi-task ES. The fitness function was the cumulative sum of the extrinsic
rewards of the RL agent it trained. The RC was then tested on DoorKey (on all
its grid sizes) and UnlockPickUp. The RC was compared to the curiosity-driven
baselines: RND and BYOL-Explore, as well as standard PPO. Their episode
return at the end of training was compared. In the training environments, the
optimal A value for RND and BYOL-Explore was searched for.

The chapter begins with a discussion of the implementation details of the al-
gorithms, the RC, the hyperparameter search used to fine-tune the curiosity-
driven baselines, and the reward normalisation scheme for both the baselines
and the RC. The XLand-MiniGrid framework is then described, including its
state-space representation, action-space, and the specific environments used for
training and testing the RC. Following this, the training procedure of the RC
is outlined, with a focus on how multi-task ES is used for training. Finally,
we present the experiments conducted to answer the sub-questions and test the
hypotheses.

4.1 Implementation Details

The implementation details of the algorithms are now presented. The purpose
of this section is to outline the algorithms and the hyperparameter search for
the optimal A, which defines the relative weighting of the intrinsic reward. For
specific hyperparameter values, refer to Appendix D.

PPO Implementation The standard PPO agent was based on the imple-
mentation provided by Nikulin et al. [8] and Lu et al. [53]. The PPO agent
employed an RNN architecture with three main components: an observation
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embedding layer, a GRU, and two output heads. Observations, previous re-
wards, and previous actions were received as input by the PPO agent. For more
information about the GRU architecture please see Appendix C.

The observation embedding consisted of a single feed-forward layer with 256
neurons and ReLU activation. Previous actions were embedded using a discrete
embedding layer with 16 dimensions for the 6 possible actions. The embed-
ded observations, embedded previous actions, and previous rewards were then
concatenated and passed into a single-layer GRU with 64 hidden neurons to
capture temporal dependencies. Two separate output heads processed the GRU
output. The actor head was comprised of two feed-forward layers (64 neurons
with tanh activation, followed by a layer matching the action space dimension)
and output the distribution over the actions. The critic head was comprised of
two feed-forward layers (64 neurons with tanh activation, followed by a single
output neuron) and output the estimated value function.

BYOL-Explore Implementation BYOL-Explore built upon the PPO ar-
chitecture and shared the same hyperparameter values for common parameters.
BYOL-Explore extended PPO by calculating intrinsic rewards that were com-
bined with the extrinsic rewards. BYOL-Explore contained a target network
and an online network. The target network was a 2-layer feed-forward neural
network (dense layer with ReLU activation followed by a dense output layer)
that took in the current observation and output the feature representation. The
online network consisted of an encoder (2-layer feed-forward neural network with
ReLU activation), a closed-loop GRU cell, an open-loop GRU cell, and a predic-
tor network (2-layer feed-forward neural network with ReLU activation). The
difference between the target network and the online network served as the in-
trinsic reward; see equation (2.3.12). The intrinsic rewards were normalised at
batch level by dividing them by the EMA estimate of their standard deviation
and using reward prioritisation. The EMA parameter had a value of 0.99. For
detailed hyperparameter specifications, see Appendix D.

RND Implementation RND also built upon PPO and shared common hy-
perparameter values. RND comprised a predictor network and a target network,
both using feed-forward neural networks that took in the current observation
and output feature representations. The target network was a 2-layer feed-
forward neural network (dense layer with ReL.U activation followed by a dense
output layer). The predictor network was a 3-layer feed-forward neural net-
work with ReLLU activations between layers. The intrinsic reward was given by
the difference in outputs; see equation (2.3.7). The intrinsic rewards were nor-
malised at batch level by dividing them by the running estimate of the standard
deviations of the intrinsic returns. For detailed hyperparameter specifications,
see Appendix D.
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Reward Combiner Implementation

The RC network extended the BYOL-Explore architecture by replacing the
static A parameter with a dynamic neural network output. The RC was selected
to use BYOL-Explore over RND to provide intrinsic rewards because BYOL-
Explore achieved superior performance on the training environments. The RC
network employed a GRU-based architecture to handle long-term dependencies,
as the reward combiner required the history of inputs over the course of training
the RL agent to adjust A appropriately. The value of A depended on how the
agent was performing during training, requiring a network capable of capturing
long-term temporal dependencies. A GRU was selected over an LSTM because
an LSTM had more parameters, hence it would take longer to train than a GRU.

The RC network took three inputs: normalised extrinsic rewards, normalised
intrinsic rewards from BYOL-Explore, and the agent’s actions. Actions were in-
cluded as input because they provided task-specific context for what the agent
was attempting to solve, enabling the reward combiner to adjust A\ accord-
ingly for different task types. For example, when the reward combiner observes
non-zero extrinsic reward following specific actions (e.g., picking up objects vs.
unlocking doors), it can adjust A accordingly for that task type.

The discrete actions were embedded using an embedding layer (6 actions em-
bedded to 16 dimensions), whilst rewards were embedded using a feed-forward
neural network (16 neurons with ReLU activation). These embeddings were
then concatenated and passed through a GRU cell. The GRU output was then
passed through a feed-forward neural network (64 neurons with ReLU activa-
tion) before passing through a sigmoid activation function to ensure the output A
remained between 0 and 1. Figure 4.1 illustrates the complete RC architecture.

Both intrinsic and extrinsic rewards were normalised at the batch level by di-
viding them by the EMA estimate of their standard deviation, with an EMA
parameter value of 0.99 for both. For intrinsic rewards, reward prioritisation was
applied as in BYOL-Explore, whilst for extrinsic rewards, reward prioritisation
was not applied.



Implementation Details 61

RelLU
Activation

Feed-forward Hidden State

Layer

(Ext Reward,
Int Reward)

Sigmoid
Activation

RelU
Activation

GRU Cell

Embedding
Layer

=]~

Figure 4.1: Reward Combiner (RC) architecture showing the flow from in-
puts (extrinsic rewards, intrinsic rewards, and actions) through embedding lay-
ers, GRU cell, and feed-forward layers to output A. The discrete actions are
embedded via an embedding layer, whilst rewards are embedded through a
feed-forward layer with ReLU activation. The concatenated embeddings pass
through a GRU cell, followed by a feed-forward layer and sigmoid activation to
ensure A € [0,1].

Hyperparameter Search for A\

For the curiosity-driven baselines, the extrinsic and intrinsic rewards were com-
bined using a weighted sum,
F=7r¢+ A\t

Where 7 was the total reward. The algorithms used a single value head for
the total reward as the intrinsic reward and extrinsic reward were treated as
episodic. Treating the intrinsic reward as episodic (unlike the approach de-
scribed in Section 2.3.2) allowed us to use a single value head for the total
reward, which simplified fine-tuning as we only needed to perform a hyper-
parameter sweep over the single A parameter rather than searching over two
weighting parameters (8 and x) as required when using separate advantage
functions.

These A values were selected based on ranges reported in prior curiosity-driven
RL work [47] and expanded the range through empirical testing. When optimal
A values occurred at the boundaries of our initial search range, the range was
extended to ensure we had not missed better values. The A\ values over which
we searched were

X € {0.0001, 0.0003, 0.0005, 0.0008, 0.001, 0.003, 0.005, 0.01,
0.02,0.03,0.05,0.1,0.2,0.5,0.8, 1.0}

In all experiments, 30 random seeds were used, to obtain the mean performance
for each algorithm. However, running 30 random seeds for each A value for each
task was quite computationally expensive. Therefore, to perform the hyperpa-
rameter sweep, the method outlined by Patterson et al. [56] was used. For each
A value, N = 10 random seeds were used. The episode returns at the end of
training for each agent were then obtained. Next, sampling with replacement
was performed of N of those N runs and the average performance from the
sampled set was computed. This procedure of sampling N of those N runs and
calculating the mean was repeated M = 1000 times. The M x N sampled runs
were used to obtain the average episode return for each X for that specific task.
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The A value with the highest average episode return was then selected as the A
value for that specific task.

4.2 Environment Details

XLand-MiniGrid environments [8] are the JAX [57] equivalent of the MiniGrid
environments [23]. These are discrete grid-worlds with different tasks on var-
ious grid sizes. In this section, the observation space and action space of the
environments are covered, as well as the reward function. The discussion then
moves to specific environments used for training and testing the RC.

XLand-MiniGrid Overview

XLand-MiniGrid environments consist of rectangular grid-worlds where each cell
represents a discrete state. The agent can perform six actions at any time-step:
move_forward, turn_left, turn_right, pick_up, put_down, and toggle.

The agent receives a partial observation of the environment through a forward-
facing 7 x 7 view centred on its current position and orientation. Figure 4.2
illustrates the observation of the agent in the Empty-16x16 environment, where
the gray area represents the observable region within the agent’s view.

Figure 4.2: The agent’s point of view in the Empty-16x16 environment, show-
ing the 7 x 7 partial observation centred on the agent’s current position and
orientation. The red triangle represents the agent, the green square represents
the goal position, and the gray area represents the observable region within the
agent’s field of view, whilst the black areas are outside the agent’s observation
space. Taken from [8].

Each cell in the observation is encoded using two values: a tile ID and a colour
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ID. The tile ID indicates the tile type (e.g., walls, doors, keys, goals), whilst
the colour ID specifies its appearance. The agent cannot move through walls
or closed/locked doors, and can only pass through open doors. Objects such as
keys can be picked up, but the agent cannot occupy the same cell as an object
unless it picks up that object first. The grid-world size includes the boundary
walls.

The agent’s view can be obstructed by walls and closed or locked doors. When
the agent cannot see beyond these obstacles, the occluded cells are filled with
empty tiles. Similarly, if the dimensions of the grid-world are smaller than
7 x 7, the observation is padded with empty tiles to maintain the consistent
observation size. The final observation is therefore a 3D array of shape (7, 7,
2), where the last dimension contains the tile ID and colour ID for each cell in
the agent’s view.

Within XLand-MiniGrid, the reward function remains the same across all tasks.
The reward for completing a taskis1 - 0.9 * (step_count / max_steps) for
success and 0 for failure, meaning agents receive higher rewards for faster task
completion. The variable step_count represents the number of steps the agent
has taken. The variable max_steps represents the maximum number of steps in
an episode, which depends on the grid-world size and is given by the following
formula: max_steps = 4 * (height * width), where height and width are
the dimensions of the grid-world.

The agent only receives a reward upon completing the task. This results in
sparse rewards in XLand-MiniGrid, with larger grid-worlds requiring more steps
to reach the goal. Therefore, the agent goes through longer periods of not
obtaining extrinsic rewards, i.e., feedback. This makes the task more difficult
and the agent has to explore longer to solve it. These environments are ideal
for testing the exploration capabilities of RL algorithms. Additionally, they are
well-suited for meta-RL, as they are relatively computationally inexpensive to
run, all tasks share the same action space and observation space, and so they
provide an ideal setting for evaluating generalisation.

Experimental Environments

Next, the environments used within XLand-MiniGrid experiments are discussed.
The discussion begins with the Empty grid-world.



Environment Details 64

Figure 4.3: The Empty grid-world. The red triangle represents the agent and
the green square represents the goal position. Taken from [8].

Figure 4.3 illustrates the Empty grid-world. The task is to reach the green cell,
which represents the goal position. The RL agent’s starting position varies at
the beginning of each episode. This environment has 4 different sizes: 5x5, 6x6,
8x8, and 16x16.

The Unlock environment involves key-door mechanics. This environment only
comes in one size: 6x11.

Figure 4.4: The Unlock grid-world. The red triangle represents the agent, the
green cell represents the door, and the yellow object represents the key. Taken
from [8].

Figure 4.4 depicts the Unlock environment. In this environment, the RL agent’s
goal is to obtain the green key by using the action pick_up and unlock the door
using the action toggle. At the start of each episode, the position of the door,
agent and key position can change, however, the agent always appears on the
same side of the door as the key.

Building on the key mechanics from Unlock, the UnlockPickUp environment re-
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quires that the agent unlock the door to pick up the object. It is an environment
with a single size of 6x11.

Figure 4.5: The UnlockPickUp grid-world. The red triangle represents the
agent, the green triangle represents the target object, the blue cell represents
the door, and the yellow object represents the key. Taken from [8].

Figure 4.5 illustrates the UnlockPickUp environment. In this environment, the
task is to obtain the blue key and unlock the blue door. The agent then makes
its way to the green object and picks it up. At the start of each episode, the
positions of the agent, key, door, and the object to be picked up by the agent
can vary. For example, the agent could be tasked with picking up a ball instead
of a different object.

The DoorKey environments combine navigation challenges with key mechanics.
This environment has the same sizes as the Empty environment: 5x5, 6x6, 8x8,
and 16x16.

Figure 4.6: The DoorKey grid-world. The red triangle represents the agent, the
yellow cell represents the door, the green cell represents the goal position, and
the yellow object represents the key. Taken from [8].
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The objective of this environment is to obtain the yellow key and unlock the
yellow door. The agent then makes its way to the goal position. At the start
of a new episode, the position of the agent, door and key can change. However,
the goal position cannot change.

In the experimental setup, Empty and Unlock served as training environments
for the reward combiner, whilst UnlockPickUp and DoorKey were used as test
environments to evaluate generalisation capabilities. With the task environ-
ments defined, how the reward combiner was trained using multi-task ES is
next described.

4.3 Training of the reward combiner

The RC’s task was to output A values at each time-step to determine the ap-
propriate intrinsic reward weighting. In order to do this, the RC was designed
to consider the lifetime of the RL agent. This was similar to Zheng et al. [49],
where the authors also made use of the lifetime return in training their model.
The research question falls under many-shot meta-RL. As discussed in section
2.4.1, backpropagation cannot be used to obtain gradients in this setting due to
computational constraints. Therefore, ES was used to train the RC.

Each individual in the population trained a single RL agent. Therefore, the
objective of the RC during training was to maximise,

T
Jre = D 7%, (4.3.1)
t=0

Here, T is the total number of training steps to train the RL agent. In other
words, the RC was attempting to maximise the sum of extrinsic rewards that
the RL agent received during training. This encouraged the RC to output A val-
ues that helped the RL agent explore effectively across multiple episodes during
its lifetime, rather than optimising for individual episode performance. As dis-
cussed in Section 3.1, considering the agent’s entire lifetime enables exploration
strategies that carry information across episodes [49].

To achieve generalisation across different tasks, the RC was trained on multi-
ple XLand-MiniGrid environments. Algorithm 5 describes how one can train
a neural network using ES. However, this assumes that every individual in the
population is being trained on the same task. However, extending this to multi-
task training presents challenges. Training every individual in a generation on
every task in the task distribution is computationally expensive. Simply alter-
nating between tasks and training the population on a single task per generation
is not ideal, as this introduces bias by focusing each gradient update entirely on
a single task [9].

Therefore, to train the RC, the multi-task ES approach introduced by Jackson
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et al. [9] was used. In multi-task ES, N perturbations are first sampled and
their negations (antithetic pairs), where N is the number of individuals in the
population. Each antithetic pair is then tested on a randomly sampled task
from the task distribution. Then, for the individual in the pair that performs
the best, i.e., the one with the higher Jgc, a fitness of 1 is assigned and the other
individual receives a fitness of 0. In other words, a rank transform, F', is applied
to the fitness of each individual in the antithetic pair. This rank transformation
normalises the fitness across tasks and as pointed out by Jackson et al. [9] it
leads to more stable training. F' is defined as:

1 ifx>y

i (4.3.2)
0 otherwise.

F(Qﬁ,y) :{

This rank transformation is applied to all N antithetic pairs.

Therefore, the gradient update becomes [9],

%EENN(O,I) [Em~p(M) [6 . (F(GT)'L (9 + 06)7 Gm (9 - 0'6)) - F(G’m(a - 0'6), Gm (9 + 06)))]] ’
(4.3.3)

where p(M) is the task distribution, m is the sampled task, G, () is the cumu-

lative extrinsic reward obtained by training an RL agent with RC parameters 6

on task m, and 6 is the current set of parameters. Once the gradient estimate

is obtained using equation (4.3.3), the Adam optimiser [58] is used to update

the parameters of the RC. Algorithm 6 details how the RC is trained. Figure

4.7 provides a comprehensive overview of the complete multi-task ES training

process across a single generation.
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Algorithm 6 Multi-task ES for Reward Combiner Training

Require: Task distribution p(M), noise standard deviation o > 0, population

size N, initial RC parameters 6, training steps 7', number of generations M

Ensure: Optimised RC parameters *

1
2
3
4
5:
6
7
8
9

10:

11:
12:
13:
14:
15:
16:
17:
18:

: Initialise RC parameters 6y randomly
. Initialise Adam optimiser with learning rate «
: for generation =1 to M do
Sample perturbations €1, ..., ex ~ N(0,1)
Generate antithetic perturbations: —eq,..., —€n
for:=1to N do
Sample task m; ~ p(M)
Randomly initialise BYOL-Explore agent parameters ¢;
Train BYOL-Explore agent from ¢; with RC(6+ o¢;) on task m; and
obtain cumulative extrinsic reward G},
Train BYOL-Explore agent from ¢; with RC(6 — o¢;) on task m; and
obtain cumulative extrinsic reward G,
Apply rank transformation:
F' « F(G}..G)
F7 « F(G,, ,G})
end for
Compute gradient estimate: § = 73— vazl &(Fm—F))
Update parameters: 6 < Adam(6, §, @)
end for
return 60

With the training methodology for the reward combiner established, the discus-
sion now turns to the experimental design for evaluating its performance against
baseline algorithms.
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Figure 4.7: Multi-task ES [9] training process for the reward combiner (RC)
across a single generation. The process begins by sampling N perturba-
tions €1,...,€, ~ N(0,I) where o is the fixed standard deviation, and tasks
mi, ..., My, from the MDP distribution p(M) (training environments). For each
antithetic pair, two separate RL agents are trained: one using RC parameters
0 + oe; and another using parameters 6 — o¢;, where 6 represents the current
RC parameters. Both agents train on the same task m; using the detailed pro-
cess shown for Task m;. The inner loop demonstrates how the RC combines
extrinsic rewards r¢ and intrinsic rewards r from BYOL-Explore to produce
A-weighted rewards (r§ + Art) for the PPO algorithm. After T training steps,
each agent produces a return G = ZZ;O rf (sum of extrinsic rewards). These
returns undergo rank transformation F' (Equation 4.3.2) to compute fitness val-
ues, which are used to estimate the gradient §. The RC parameters 6 are then
updated using the Adam optimiser with learning rate «. This process repeats
for a user-specified number of generations.
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4.4 Experiments

This section details the experiments conducted. Each experiment varied in the
environment used. For each experiment, to compare the different algorithms,
their average episode return at the end of training was used.

In the experiments, the following labelling convention was used:

« BYOL-Explore and RND: When mentioned in the context of a specific
environment, these refer to the algorithms using the optimal A value found
through hyperparameter search within that same environment.

o BYOL-Explore-[Environment]: This refers to the BYOL-Explore al-
gorithm using the optimal A value found in [Environment] but applied
to a different target environment. For example, if experiments are con-
ducted in Unlock, then BYOL-Explore refers to using the optimal A value
discovered in Unlock, whilst BYOL-Explore-Empty-16x16 refers to using
the optimal A value found in Empty-16x16 but applied to the Unlock
environment.

¢ RC-NoAction: This refers to the RC that does not take actions as input
but just the normalised rewards. RC-NoAction was trained on Unlock
and Empty-16x16.

Experiment 1: Fixed )\ Generalisation The first experiment was con-
ducted to examine how one A found on one task generalised to another task
and to demonstrate the limitations of fixed A\ values across tasks. In this ex-
periment, the focus was on BYOL-Explore since this was the algorithm used
to provide intrinsic rewards to the RC. In particular, how the A optimised for
the Empty-16x16 grid-world performed on the Unlock grid-world was exam-
ined. The performance of BYOL-Explore was compared to BYOL-Explore-
Empty-16x16 and to the base performance of PPO. A similar experiment was
conducted in the reverse direction, comparing BY OL-Explore-Unlock to BYOL-
Explore and standard PPO in Empty-16x16. The purpose of this experiment
was to examine how well different A values optimised for specific tasks gener-
alised to other tasks. The reason for conducting the reverse direction was to
determine if the environment chosen for the hyperparameter sweep was impor-
tant.

Experiment 2: Cross-size Generalisation The second set of experiments
aimed to determine whether the reward combiner could generalise across dif-
ferent grid-sizes, i.e., whether the RC could adapt to different levels of reward
sparsity. This experiment addressed Sub-question 1. The focus was on the
DoorKey grid-world environment. The RC was tested on all four sizes of the
DoorKey environment against the curiosity-driven baselines, BY OL-Explore and
RND, as well as standard PPO.
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Experiment 3: Cross-task Generalisation In the next set of experiments,
Sub-question 2 was addressed. The RC was tested on UnlockPickUp. This
experiment tested whether the RC could generalise to tasks where the reward-
associated action differed from those seen during training. Unlike the training
environments where navigation-based actions led to rewards, UnlockPickUp re-
quired the pick_up action to achieve the extrinsic reward.

Experiment 4: Ablation Studies The final experiment was conducted
to test different input variants into the reward combiner on all the DoorKey
grid sizes and the UnlockPickUp environment. From the above experiments, it
was observed that to test generalisation across different tasks, the action was
inputted into the reward combiner as well, along with the normalised rewards.
To determine if including action inputs was necessary, the performance of RC
and RC-NoAction in the test environments was compared.

Statistical Analysis

The statistical analysis procedures used to determine statistically significant
differences when comparing algorithms are now described. The average episode
return is the metric used to compare the algorithms. 30 random seeds were used
for each algorithm to obtain the average episode return at the end of training.
To capture the certainty of the mean episode return, 95% confidence intervals
were calculated. The confidence intervals were calculated using the percentile
bootstrap method with 10,000 resamples.

Agarwal et al. [59] and Patterson et al. [56] recommend against using p-values
when comparing algorithms because they are often misinterpreted. As high-
lighted by Patterson et al. [56], it is common to view the p-value as the proba-
bility that the null hypothesis is true (there is no difference between algorithm
A and algorithm B) when it actually represents the probability of observing the
data given that the null hypothesis is true, and it does not indicate whether the
null hypothesis is true.

Patterson et al. [56] suggest using confidence intervals on the difference. This
approach was used when comparing two algorithms. For example, when two
algorithms A and B each with 30 random seeds are compared, each algorithm
uses the same initialisation key to create the same set of 30 random seeds.
Element-wise differences are calculated between the algorithm results (A; — B;
for each random seed ¢) to obtain 30 difference values. The confidence interval
of the difference is then calculated using the same percentile bootstrap method
with an error rate of € between A and B to obtain a range of their performance
difference and the uncertainty of that range. If this confidence interval excludes
zero, a statistically significant difference between the algorithms is concluded.
The significance of the difference is then reported along with the certainty of
the difference between the algorithms.

In the experiments, multiple comparisons were performed. In experiment 1, all
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pairwise comparisons were performed between algorithms, whereas in Experi-
ments 2 and 3, the RC was compared to each baseline individually. Experiment
4 involved a single comparison between RC and RC-NoAction. Each comparison
was treated independently, but this means the error rate across all comparisons,
k, grows. Therefore, the Bonferroni correction was performed [60]. k was tar-
geted to remain at 0.05 across all comparisons within each experiment. To
ensure that it remained at this level when performing multiple comparisons, it
was ensured that the confidence interval of a single comparison had an error
rate of  where n is the number of comparisons performed.

In each experiment, x was targeted to remain at 0.05. Experiments 1 to 3 each
contained 3 comparisons. Therefore, the error rate of a single comparison was
5. Therefore, the confidence intervals of a single comparison in experiments
1 to 3 were 98.33%. Experiment 4 only contained a single comparison, so no

correction was needed.

With the experimental design and implementation details now established, the
next Chapter presents the experimental results.



Chapter 5

Results and Discussion

This Chapter presents the empirical findings from our experiments evaluat-
ing how an agent that learns to dynamically output A performs compared to
manually fine-tuned curiosity-driven algorithms and standard PPO across grid-
world tasks involving navigation and/or door-key interaction mechanics. We
conducted the experiments in XLand-MiniGrid environments and address our
two sub-questions about generalisation across different grid sizes and different
task objectives. We also present plots of the RC’s A output in the DoorKey-5x5
environment.

We also examine the implications of our experimental findings and place them
within the broader context of the literature. We do this by analysing why fixed
A values fail to generalise across environments, and how the empirical findings
validate the necessity of environment-specific A tuning observed in prior work.
Additionally, the minimal improvements observed from curiosity-driven base-
lines over PPO on test environments are discussed. To understand how the RC
was able to generalise, its behaviour observed in the DoorKey-5x5 environment
is examined. The discussion also covers how ES enabled optimisation over the
full agent lifetime. Finally, the limitations of this approach are presented.

5.1 Experiment Results

Experiment 1: Fixed A Generalisation

Before evaluating the RC’s performance, we first demonstrate the limitations
of using fixed A\ values across different environments. In Experiment 1, we
performed pairwise comparisons between all algorithms using letters to indicate
whether the difference in performance is significant. In Figure 5.1 algorithms
sharing the same letter mean that the difference in performance is not significant,
whilst algorithms with different letters mean that the difference in performance
is significant. Recall from Section 4.4 that we determine whether the difference is
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significant by checking whether the 98.33% confidence intervals of the differences
in performance contain zero or not.

Figure 5.1a shows the performance of PPO, BYOL-Explore, and BY OL-Explore-
Empty-16x16 in the Unlock environment. Whereas, Figure 5.1b shows the per-
formance of PPO, BYOL-Explore, and BYOL-Explore-Unlock in the Empty-16x16
environment. Notably, the optimal A values differ substantially between envi-
ronments, with A = 0.001 for Unlock versus A = 0.01 for Empty-16x16. This
demonstrates that these environments require very different intrinsic reward
weightings for optimal performance.

In the Unlock environment, both BY OL-Explore and PPO significantly outper-
form BYOL-Explore-Empty-16x16, showing that fixed A values do not always
generalise well across environments.
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Figure 5.1: Average final episode return at the end of training across 30 agents
with 95% confidence intervals. (a) Unlock environment. (b) Empty-16x16 envi-
ronment. BYOL-Explore uses the optimal A value found in the respective envi-
ronment, whilst BY OL-Explore-Empty-16x16 uses the optimal A value found in
Empty-16x16 but applied to Unlock, and BYOL-Explore-Unlock uses the op-
timal A value found in Unlock but applied to Empty-16x16. Optimal A values
shown above algorithm names. Letters indicate statistical significance groups:
algorithms sharing the same letter do not have a statistically significant differ-
ence in performance, whilst algorithms with different letters have a statistically
significant difference.

However, in the Empty-16x16 environment, we observe better transfer from
BYOL-Explore-Unlock. Although BYOL-Explore outperforms BY OL-Explore-
Unlock, the difference in their performance is not significant. BYOL-Explore-
Unlock achieves higher mean performance than PPO, though this difference
is not significant. These results highlighted the difficulty in finding optimal A
values that work well across different environments within XLand-MiniGrid.
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Experiment 1 demonstrated why per-environment A\ optimisation is necessary
in practice. The results from this experiment indicated that the A value found
in one environment does not always transfer well to another. The Empty-16x16
results suggest that one might find an environment to identify a A\ value that
works reasonably across environments, though not optimally. However, how one
identifies such an environment remains unclear.

Transferring A values between environments can result in significant perfor-
mance degradation. Experiment 1 provides empirical support for the approach
used by Zheng et al. [47]. As mentioned in Section 3.1, Zheng et al. [47] op-
timised A separately for each training environment. As the number of envi-
ronments increases, this per-environment tuning becomes computationally ex-
pensive. This motivates the need for a dynamic approach that can adapt A
automatically across different tasks.

Experiment 2: Achieving Generalisation Across Different Grid Sizes

Experiment 2 was designed to test if the RC could generalise across different sizes
of the DoorKey environment, which addresses sub-question 1. In this experiment
we compared the RC to each of the baselines: PPO, RND and BYOL-Explore.
Figure 5.2 shows the macro-performance across all DoorKey grid-world sizes,
calculated by averaging episode returns across all 120 agents (30 agents x 4 grid-
sizes). The X values for BYOL-Explore and RND were optimised for each grid-
world size. The RC outperformed all baselines not only in macro-performance
but also on each individual grid-world size, as shown in Figure 5.2 and the
individual plots in Appendix E. The difference between the RC and each of the
baselines is significant, confirming our hypothesis.
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Figure 5.2: Macro-performance comparison across all DoorKey grid-worlds,
showing the average final episode return across 30 agents with 95% confidence
intervals for different algorithms.

These results support Hypothesis 1. The RC not only meets the expectation
of performing as well as the baselines when generalising across different grid-
world sizes but actually outperforms both manually fine-tuned curiosity-driven
algorithms and standard PPO.

Experiment 3: Achieving Generalisation Across Different Tasks

This experiment addresses sub-question 2 by comparing the RC’s performance
against baselines when generalising to an unseen task with a different objective
from training. Figure 5.3 shows the average episode returns of the baselines and
the RC in the UnlockPickUp environment. In the UnlockPickUp environment
the agent is tasked with picking up an object to obtain the extrinsic reward.
The RC did not see the pick_up action associated with extrinsic rewards dur-
ing training. During training, the RC observed extrinsic rewards associated
with navigation actions (move_forward) in Empty-16x16 and unlocking doors
(toggle) in Unlock. However, in UnlockPickUp, the extrinsic reward is ob-
tained when the agent unlocks the door and picks up the object.
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Figure 5.3: Average final episode return at the end of training in the
UnlockPickUp grid-world, across 30 agents with 95% confidence intervals. Re-
sults are presented using a logarithmic scale. Optimal A values shown above
BYOL-Explore and RND.

Figure 5.3 highlights that the RC again achieves a higher average episode return,
and that the difference is significant. The performance difference is substantial,
with the RC achieving returns approximately two orders of magnitude higher
than the baselines. These results support Hypothesis 2. The RC not only meets
the expectation of performing as well as the baselines when generalising to an
unseen task where the objective differs from training but actually outperforms
the baselines.

The results from Experiments 2 and 3 showed that the RC can dynamically
output appropriate A values across unseen environments with navigation and
door-key mechanics. This successfully addresses our main research question.
The RC outperformed manually fine-tuned baselines across both different grid-
world sizes and different task objectives.

These results are particularly noteworthy as neither DoorKey nor UnlockPickUp
were included in the RC’s training environments. The RC’s ability to generalise
across both different grid sizes and different task objectives within environments
sharing navigation and door-key mechanics supports both our hypotheses and
highlights the potential for eliminating environment-specific A searches when
deploying curiosity-driven RL across multiple environments.
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Minimal Improvements from Curiosity-Driven Baselines

The results from Experiments 2 and 3 showed that RND and BYOL-Explore
did not demonstrate statistically significant improvements over PPO. This re-
sult is surprising, as one would expect curiosity-driven baselines to significantly
improve performance in sparse reward environments.

The UnlockPickUp and DoorKey environments are more challenging than the
Unlock and Empty training environments, as in our initial experiments we saw
that PPO did not perform as well on the test environments compared to the
training environments. Despite this, we used the same training duration of 5 mil-
lion time-steps for both the training and test environments. We hypothesise that
with more time-steps, we could potentially observe the curiosity-driven base-
lines provide statistically significant improvements over PPO. Interestingly, the
RC achieved statistically significant improvements over PPO and the curiosity-
driven baselines, despite also training for only 5 million time-steps.

Experiment 4: Ablation Studies

This experiment was designed to see how important action inputs were to the
reward combiner generalising to unseen tasks. In this experiment we compared
the RC to RC-NoAction on the testing environments. RC-NoAction simply
obtained the normalised intrinsic and extrinsic rewards as input.

Table 5.1: Ablation study results in UnlockPickUp environment: Average final
episode return across 30 agents with 95% confidence intervals (CIs).

Algorithm Mean Episode Return (95% CI)
RC 0.284 (0.193, 0.389)
RC-NoAction 0.000* (0.000, 0.000)

* Statistically significantly different from the RC.

Table 5.1 and Table 5.2 highlight that the RC achieved a higher average episode
return and that the difference was significant. RC-NoAction completely fails to
generalise. This highlights that using rewards alone is insufficient for generalis-
ing to unseen tasks. The action inputs are crucial and allows the RC to adjust
A accordingly.

Table 5.2: Ablation study results across all DoorKey grid-world sizes: Average
final episode return across 30 agents with 95% confidence intervals (CIs).

Algorithm Mean Episode Return (95% CI)
RC 0.533 (0.460, 0.605)
RC-NoAction 0.012* (0.010, 0.014)

* Statistically significantly different from the RC.

The ablation study highlighted that actions are crucial to the RC performing
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well on the test environments. We believe that actions provide task context to
guide the RC in determining A, i.e., the actions indicate what the agent is trying
to achieve and what the task is. RC-NoAction lacks this context and cannot
distinguish between different types of environments and adjust A accordingly.

Having demonstrated the RC’s superior performance and the importance of
action inputs, we now examine the RC’s output i.e., the A values. The focus
is on the A values output in the DoorKey-5x5 environment, where we observed
the most interpretable plots.

5.2 The RC’s Output

The RC’s Episode-level Output

In analysing the RC’s output in certain episodes, we noticed that it output high
A values at the door position in the DoorKey-5x5 environment. This trend was
not as noticeable in the larger grid-world sizes of DoorKey and UnlockPickUp,
hence the focus is on the DoorKey-5x5 environment.

Figure 5.4 shows a split heatmap from a particular episode where the RC output
high A\ values at the door position. The heatmap shows average metric values
in each grid-world cell that the agent visited during this episode. The heatmap
displays the grid-world layout with walls shown in grey and floor tiles in lighter
colours. Each grid cell splits into two halves: the bottom half shows the nor-
malised intrinsic rewards, whilst the top half shows the A values. Emojis mark
the key and door positions for clarity, and a checkered flag indicates the goal
position with the extrinsic reward value (Ext: 0.96) obtained when the task was
solved. The goal position appears white because the environment automatically
resets upon reaching the terminal state, meaning no A\ or reward statistics are
recorded at this position.

In this particular episode, the RC outputs a A value of 0.98 at the door posi-
tion, which represents the highest value observed in this episode. There were
instances where A\ values remained near zero throughout the entire grid-world.
This occasional but pronounced trend at door positions led us to investigate how
A and normalised intrinsic rewards evolve at specific positions over training.



The RC’s Output 80

0.04

0.03

-
1)
b
Y

(91e35 bo|

0.02

pIeM3Y DISULIU| PISI|RWION

0.01

0.00

Figure 5.4: Split heatmap showing average normalised intrinsic rewards (bottom
half of each cell) and average A values (top half of each cell) from a single episode
in DoorKey-5x5 for a single RL agent. Values represent averages across all visits
to each cell during the episode. Grey areas represent walls, white areas represent
cells not visited by the agent, emojis indicate key and door positions, and the
checkered flag marks the goal position. The extrinsic reward value (Ext: 0.96)
shows the extrinsic reward obtained when the task was completed. The goal
position appears white because the environment automatically resets upon task
completion, preventing recording of statistics at this terminal position.

The A Values and Intrinsic Reward at Different Grid Positions

We investigated the average A value at the door position and compared that
to the average A\ value at an ordinary floor tile position. The Figures in this
section use data from a single RL agent, where each update step represents the
average across all parallel environments in PPO’s vectorised architecture. We
applied a Simple Moving Average (SMA) with a window size of 30 to smooth
the data.

Figure 5.5 shows the average A value and the normalised intrinsic reward at
the door position over the course of training. The figure highlights that the A
values output by the RC appear to increase as the normalised intrinsic rewards
decrease. Despite some initial fluctuations, the general trend shows A increasing
from approximately 0 to 0.08 over the training period, whilst the normalised
intrinsic rewards decrease, plateau, and then decrease to zero.
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Figure 5.5: Simple Moving Average (window size 30) of the average A and the
average normalised intrinsic reward at the door position from one RL agent in
DoorKey-5x5.

Figure 5.6 shows the weighted normalised intrinsic reward and episode return
at the door position over the course of training. We observe that the weighted
normalised intrinsic reward initially increases, then dips, increases again, but as
the episode return plateaus near optimal performance, the weighted normalised
intrinsic reward begins to decrease.
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Figure 5.6: The weighted normalised intrinsic reward (Ax normalised intrin-
sic reward) and episode return at the door position from one RL agent in
DoorKey-5x5.

We also plotted the average A\ value and the normalised intrinsic reward at
ordinary floor positions over the course of training in Figure 5.7. In contrast
to the door position, the A values at floor positions show a different trend: an
initial increase followed by a decrease that eventually plateaus at a lower level,
ranging from 0 to approximately 0.03. The normalised intrinsic rewards at floor
positions decay faster compared to the door position.
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Figure 5.7: Simple Moving Average (window size 30) of the average A and the
average normalised intrinsic reward at floor positions from one RL agent in
DoorKey-5x5.

Figure 5.5 and Figure 5.7 also show that the normalised intrinsic reward decays
more slowly compared to an ordinary floor position. We suspect this occurs
because when the agent reaches the door position, it can now see the room
that the door was hiding, causing the tile IDs to change from being classified
as empty to being classified as a floor or the goal position. This sudden change
in the observable environment makes it harder to predict what happens at the
door position, which we suspect explains why the intrinsic rewards (based on
prediction error) decay more slowly there.

Figures 5.5 and 5.7 raise an intriguing question: how does the RC know it is at
the door position if it doesn’t receive state information as input? We hypoth-
esise that the RC learns to recognise specific action sequences, particularly the
sequence of toggle (to unlock the door) followed by move_forward, as indica-
tors of contextually important moments. Further research would be needed to
validate this hypothesis.

Figure 5.8 shows the weighted normalised intrinsic reward at ordinary floor
positions, which exhibits a simpler plot compared to Figure 5.6. The weighted
normalised intrinsic reward plateaus briefly before gradually decreasing to zero
over time.



The RC’s Output 83

—— A x Normalised Intrinsic Reward ~—— Episode Return

< 00175 10
=
®
5 0.0150 08
2 .
2 0.0125
E=1 0.6
£ 0.0100 2
= -
" 2
g 0.0075 048
2 £
= 2
E 0.0050 )
5 0.2
Z 0.0025
X
~ 0.0000 0.0

0 80 160 240 320 400 480 560

Update Step

Figure 5.8: The weighted normalised intrinsic reward (Ax normalised intrinsic
reward) and episode return at floor positions from one RL agent in DoorKey-5x5.

Comparing Figure 5.5 and Figure 5.7 reveals distinct temporal trends at different
position types. The door position shows a sustained increase in A values reaching
higher magnitudes (up to 0.08), whilst floor positions exhibit more modest A
values (up to 0.03) with an eventual plateau. We observed this specific trend
primarily in the DoorKey-5x5 environment and not consistently across other
test environments.

The trend of the weighted normalised intrinsic reward at the door position in
Figure 5.6 is noteworthy as it aligns with what we might expect from intrinsic
motivational systems. As the agent is learning, the intrinsic rewards increase.
However, when performance nears optimal levels, the intrinsic rewards diminish.
This behaviour avoids the agent becoming fixated on intrinsic rewards, which is
what occurs in the Noisy TV Problem [41].

These behavioural patterns provide important insights into our main research
question. The observation that the RC exhibits different A patterns at different
positions (higher values at doors vs. lower values at floor tiles) shows that it
dynamically outputs appropriate intrinsic reward weightings rather than learn-
ing a static strategy. However, it is important to note that these trends were
only clearly observable in the DoorKey-5x5 environment and were not consis-
tently observed across other test environments. Therefore, we cannot establish
generalised behavioural trends for the RC based on these observations alone.

Optimising the Lifetime Return with ES

Our results from UnlockPickUp and DoorKey environments demonstrate that ES
is a viable approach for optimising lifetime return objectives in many-shot meta-
RL. Unlike prior work on lifetime intrinsic rewards [49] which required bootstrap
estimates due to backpropagation constraints, our ES approach enabled direct
optimisation of complete agent lifetimes, demonstrating that full lifetime returns
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can be effectively optimised in practice.

In preliminary experiments, we found that applying the rank transformation
from Jackson et al. [9] provided stable training, consistent with their findings in
multi-task ES settings.

Limitations

While our approach shows promise for reducing computational expense in hy-
perparameter tuning, it has several limitations that need addressing.

First, we focused on XLand-MiniGrid environments with navigation and/or
door-key mechanics. It remains unclear how well the RC generalises to other
mechanics within XLand-MiniGrid, such as Memory environments where agents
must remember initial objects, or more complex door-key scenarios like
BlockedUnlockPickUp where objects block doors.

Second, the RC requires environments to share the same action space. This
constraint becomes apparent when considering domains such as Brax [54], where
robotic agents have different numbers of limbs and joints, resulting in varied
action spaces. This limitation aligns with observations by Alet et al. [50] and
Hospedales et al. [43] that meta-learning neural network weights approaches
often face challenges when generalising across environments in different domains.

Third, our training environment selection relied on heuristic assessment rather
than principled guidelines. We selected Unlock and Empty-16x16 based on ob-
served navigation and door-key mechanics that appeared relevant to our target
test environments (DoorKey and UnlockPickUp). However, we lack systematic
methods for determining which training environments enable optimal generali-
sation to new tasks.

Finally, our implementation was not end-to-end in JAX [57]. While individual
RL agent training with the RC was implemented in JAX, we could not imple-
ment the task distribution sampling component in JAX, which likely reduced
computational efficiency during the RC training.

These results demonstrate the RC’s performance across all test environments
and provide insight into its A output in the DoorKey-5x5 environment. The find-
ings answer both research sub-questions and support our hypotheses, showing
that the RC can generalise across different grid sizes and task objectives while
consistently outperforming manually fine-tuned baselines. In the next Chapter
we conclude our work.



Chapter 6

Conclusions

This journey began with highlighting that in RL, it is not always possible to
design environments with dense reward functions. There are environments with
sparse reward functions where RL agents often struggle to learn effectively. In
such sparse reward environments, agents need to explore in order to solve the
task, but they struggle to explore efficiently in these environments. Curiosity-
driven exploration algorithms are designed to help agents explore efficiently
by providing an additional reward known as the intrinsic reward to the RL
agent. The intrinsic reward and extrinsic reward are typically combined using
a weighted sum given as:
T =re+ Ar;

where A is the intrinsic reward weighting.

However, the A value is a hyperparameter that often requires a hyperparameter
sweep to find the optimal value. When changing tasks, this process must typi-
cally be repeated for each new environment. This remains true even when tasks
are within the same domain, such as grid-world tasks. We decided to focus on
XLand-MiniGrid, which is a collection of discrete grid-world environments that
are sparse rewarded and implemented in JAX.

We first demonstrated this problem empirically, showing that A values opti-
mised for one environment (A=0.01 for Empty-16x16) performed significantly
worse when applied to different environments (Unlock), and that the differ-
ence in performance was significant. While the reverse direction (Unlock to
Empty-16x16) also showed performance degradation, the difference was not sig-
nificant, suggesting some environments may enable better transfer than others.
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This motivated our main research question:

Research Question: How does the performance of an agent that learns
to dynamically output intrinsic reward weightings (A) compare to manually
fine-tuned curiosity-driven algorithms and standard PPO across grid-world
tasks involving navigation and/or door-key interaction mechanics?

To address this question, we developed a reward combiner (RC), a recurrent
neural network, that dynamically outputs A\ values by observing normalised
intrinsic rewards, extrinsic rewards, and agent actions. We trained the RC
using multi-task ES on Unlock and Empty-16x16 environments, with the fitness
function being the sum of extrinsic rewards during the agent’s training lifetime.

We divided this main research question into two sub-questions to test gener-
alisation across different aspects: adapting to different grid sizes of an unseen
task, and adapting to a task with a different objective from those encountered
during training. The first sub-question and hypothesis are given below.

Sub-question 1: How does the meta-learning agent’s performance com-
pare with fine-tuned curiosity-driven algorithms and standard PPO when
evaluating across different grid-world sizes on an unseen task?

Hypothesis 1: The meta-learning agent will perform as well as the base-
lines when evaluating across different grid-world sizes on an unseen task
with navigation and/or door-key interaction mechanics.

Our experiments on the DoorKey environments across all grid sizes (5x5, 6x6,
8x8, and 16x16) showed that the RC outperformed the manually fine-tuned
BYOL-Explore, RND, and standard PPO, and the difference in performance
was significant. The RC achieved superior performance not only in macro-
performance across all grid sizes but also on each individual grid size. This
exceeded our hypothesis because the RC not only performed as well as the
baselines but outperformed them, with the difference in performance being sig-
nificant across all comparisons.

We then moved to the second sub-question and hypothesis.

Sub-question 2: How does the meta-learning agent’s performance com-
pare with fine-tuned curiosity-driven algorithms and standard PPO when
evaluating on an unseen task where the objective differs from those seen
during training?
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Hypothesis 2: The meta-learning agent will perform as well as the base-
lines when evaluating on an unseen task with navigation and/or door-key
interaction mechanics where the objective differs from those seen during
training.

Our experiments on the UnlockPickUp environment demonstrated that the RC
successfully generalised to a task with a different objective (pick-up the object)
from those observed during training. The RC outperformed all the baselines,
and the difference in performance was significant. This exceeded our hypothesis
because the RC substantially outperformed the curiosity-driven baselines and
standard PPO.

Additional findings from our ablation studies revealed that action inputs are
crucial for generalisation. We developed RC-NoAction, which is the RC trained
without action inputs. RC-NoAction completely failed to generalise to unseen
tasks, highlighting that the RC relies on action sequences to identify task-specific
contexts and adjust A accordingly. Our behavioural analysis revealed interest-
ing trends in the DoorKey-5x5 environment, where the RC output higher A
values at door positions compared to ordinary floor positions. When examin-
ing the weighted intrinsic reward at door positions, we observed trends that
align with expected intrinsically motivated system behaviour, as the weighted
intrinsic reward began decreasing when performance plateaued near optimal lev-
els. However, these interpretable trends were not consistently observable across
other test environments, and so we could not establish generalised behavioural
trends.

Despite these promising results, our approach has several limitations. We fo-
cused on XLand-MiniGrid environments with navigation and/or door-key me-
chanics, and it remains unclear how well the RC generalises to other mechanics
within XLand-MiniGrid or to entirely different domains. Our approach requires
environments to share the same action space, limiting applicability to domains
like Brax where different environments have varying action spaces. Addition-
ally, our training environment selection relied on heuristic assessment rather
than principled guidelines, and our implementation was not end-to-end in JAX,
particularly the task distribution sampling component, which limited computa-
tional efficiency.

Future Work

Several future research directions emerge from this work’s limitations. First,
implementing task distribution sampling in JAX would enable fully end-to-end
optimisation, addressing the computational efficiency challenges we encountered
and accelerating the meta-learning process significantly.

Second, developing a more systematic approach to selecting training environ-
ments. This is particularly important when attempting to generalise across a
large range of environments, and represents a crucial methodological improve-



Chapter 6. Conclusions 88

ment for determining which training environments enable optimal generalisation
to new tasks.

Third, expanding the approach to cover broader task types within XLand-
MiniGrid would test whether reward combination can generalise across the full
domain rather than just navigation and door-key mechanics. This could include
memory-based tasks and other mechanics within the environment suite. Addi-
tionally, evaluating the RC with other curiosity algorithms such as RND would
determine whether our approach can work with any curiosity-driven exploration
algorithm.

Fourth, conducting detailed computational cost analysis comparing our ap-
proach against traditional hyperparameter sweeping would quantify the practi-
cal efficiency gains our method enables.

Finally, investigating how to handle environments with different action spaces,
such as in Brax, represents the next challenge for expanding beyond grid-world
domains. This would require addressing the fundamental constraint that our
approach currently requires environments to share the same action space.

All in all, the limitations of our approach highlight that there is still work to
be done before we can eliminate the need to perform hyperparameter searches
across different environments. However, our results provide promising evidence
that there is potential in our methodology for addressing this computational
challenge.
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Appendix A

Proofs and Derivations

A.1 Proofs of Theorems

Thereom 3

Proof of Theorem 8.

Va(s) < Qn(s,m(s))

[ (St At) + YV (Ses1) | St = 5, Ay = 7'(5)] (*)
(St 7' (S1)) + Vi (Ses1) | Si = 5]
< ]Ew/ [r(Si, 7' (St)) + 7Qu (r(Se41, 7' (Se41))) | St = 5] (**)
=Eq [r(S6, 7' (Se)) + 7 (Se41, 7 (Seq1)) + 7V (Siya) | St = 5]

=V (s).
O

Note that (*) from the above proof is from equation (2.1.6) and (**) is from
equation (B.1.2). For this proof we repeatedly made use of (B.1.2) until we
arrived at Vi (s).

The Policy Gradient Theorem

Recall that for policy-based methods our objective is to change the policy param-
eter in such a way that ensures the performance of the agent improves. However,
the performance of the agent just doesn’t depend on the actions selected but
the state distribution. So the policy parameters affect both of these things. The
actions of the agent directly affect rewards hence the performance. However it
is not clear how the policy’s parameters affect the state distribution [17]. The
change in the state distribution is often unknown and complex. Therefore in
order to calculate the gradient of the objective when the gradient depends on
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the unknown effects of the state distribution we make use of the Policy Gradi-
ent Theorem. The Policy Gradient Theorem allows to find an expression of the
gradient of objective with respect to the policy’s parameters and this expression
does not involve the derivative of the state distribution. We consider the Policy
Gradient Theorem in the episodic case, i.e, the agent-environment sequences
are divided in to episodes with a clear end and start. In this case we define the
objective as,

In the above equation sq is the state that every episodes starts in. With all this
we can now state the Policy Gradient Theorem taken from [61, Lecture 9].

Theorem 1 (The Policy Gradient Theorem (episodic)). For any differentiable
policy mp(s,a), let so be the non-random starting state for each episode. Then
the policy gradient of J(0) is

T
Vo (0) = Ex, | > 7' Qnr(St, Ar)Volog ma(Ar|Se)|s0. (A1.2)
t=0

where Qr(s,a) = E, [G|S: = s, Ay = a] (see equation (2.1.4) ) and T is the final
time-step in the episode.

Before we go into the proof, let use first define some terms. The expectation
E,, represents an expectation over all possible trajectories 7, sampled from the
policy mg. The probability of a trajectory 7r = (So, Ao, S1, A1, ..., 57, Ar)
under the policy my is defined as,

T
Pr(7]0) = [ [ mo(AelS) P(Sis1]Sh, Ay), (A.1.3)

t=0
where mg(A¢]S;) is the policy, and P(S¢y1|St, A¢) is the transition probability

function.

Proof. Recall our definition of the return from equation (2.1.1),
Gy = YRt (S, Ag).

Notice that the return actually depends on the trajectory 7r,

T = 507 AO; T‘(SO7 AO); e 7ST7 AT7T(ST7 AT)
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Therefore,
VQJ(G) = VgEﬂ-e [G0|So]

= Vy / Pr(m]0) - Godr: (using the definition of the expectation)

= / VoPr(10) - Godry  (using the product rule and the fact that Gy does not depend on 6)

P 0
- / VgPr(Tt|0)-G0~P§EZ:9§th
_ ngr(Ttle)
= 5 Pr(Tt|9) GO PI'(’Tt|9)th

= / VologPr(m|0) - Go - Pr(m|0) dmy  (using the definition of the logarithmic derivative)

= Er, [Go - Vglog Pr(1:]0)|s0]

T-1
=E,, |Go- Vglog (H 7o (Ag]|St) P(St41|St, At)> |30] (using equation (A.1.3))
t=0
T-1
=E,, |GoVo Z (logmo (AL St) + log P(Si+1|St, Ar)) 50] (using the product rule of logarithms)
t=0

(A.1.4)

Now note that the environment dynamics P(S¢+1|S¢, A¢) do not depend on 6
as we are already conditioning on action A;. We can then see that the explicit
dynamics of the MDP disappear! Furthermore, we assume that the state dis-
tribution under the policy, d.(s), is stationary. This assumption allows us to
treat the state distribution as fixed for a given policy. Now let us continue,

VoJ(0) =E,,

T-1
Vo > Go (logma(ASt)) |50]

t=0

= ET(Q

-1
> 7'GiVg (logma(A¢]St)) 80] .

t=0

Now G} is a random variable and @), represents its expected value under policy
0. The dynamics of the environment are captured implicitly in the Q7 (s, a)
function [61, Lecture 9]. We therefore can replace Gy with @, to end with,

T-1
VoJ(0) = E,, [Z Y4 Qx(St, A1)V (log mo(As]Sy)) |30] .

t=0
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Algorithms

B.1 Dynamic Programming

Dynamic Programming (DP) allows us to find optimal policies for a given MDP.
DP enables us to solve problems that have a temporal or sequential component
by breaking them down into smaller subproblems and solving these subproblems
individually. The optimal solutions from these subproblems are then combined
to solve the overall problem.

More formally, for DP to be applicable, our problem needs to have optimal sub-
structure. By optimal substructure, we mean that the Principle of Optimality
applies to our problem. Bellman [62, p. 83] define the Principle of Optimality
as:

Theorem 2 (Principle of Optimality). An optimal policy has the property that
whatever the initial state and initial decision are, the remaining decisions must
constitute an optimal policy with regard to the state resulting from the first de-
cision.

In other words, the Principle of Optimality states that a policy 7 has the optimal
value function from state s if and only if, for any state s’ reachable from s, the
policy 7 also achieves the optimal value from state s’ [10].

In practice, it is beneficial if our problem also has overlapping subproblems.
When we say a problem has overlapping subproblems, we mean that the prob-
lem’s subproblems appear multiple times during the solution process. This char-
acteristic allows us to avoid redundant calculations by caching the solutions to
the subproblems and reusing these solutions whenever the same subproblem
arises again. For example, consider the shortest path problem, adapted from
Silver [10, Lecture 3]. If we want to find the shortest path from point A to point
C, we might first compute the shortest path from A to an intermediate point
B, and then from B to C. The overall shortest path from A to C would be the
sum of the shortest paths from A to B and B to C. If we later need to find the
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shortest path from C back to A, we can reuse the calculations for the path from
B to A and B to C, assuming the paths are reversible. This reuse of calculations
illustrates the concept of overlapping subproblems in Dynamic Programming.

Markov Decision Processes (MDPs) satisfy the optimal substructure required for
applying Dynamic Programming (DP) techniques. Recall the recursive defini-
tions of the value functions from Equations (2.1.7) and (2.1.8). These equations
demonstrate how we can decompose the value function into recursively defined
components: first, by performing the action that maximises the expected return
at step t in state S;, and then by continuing with optimal actions in subsequent
steps.

Value functions can also serve as a cache, storing the values for all possible
states in our state space. Using DP, we can evaluate policies (planning) by
calculating the value function for a given policy, determining how good that
policy is. Furthermore, policy iteration (control) enables us to find both the
optimal policy and the optimal value function for a specific MDP. This approach
requires full knowledge of the MDP, including the transition dynamics and the
reward function.

Next, we will take a look at DP algorithms: Policy Evaluation and Policy Im-
provement, and end with Generalised Policy Iteration (GPI).

Policy Evaluation

Policy Evaluation is a prediction problem. We aim to predict how good a policy
is by calculating its value functions. We randomly initialise a value function and
apply iterative updates until we reach V., the true value function of policy .
We use synchronous updates, i.e., we update the value function for all states in
S. Tt is important to note that we assume that the dynamics of the environments
are known , e.g. we know the transition probability function of the MDP.

When the MDP dynamics are known, equation (2.1.5) can be interpreted as
a linear system comprising |S| equations with an equal number of unknowns,
where each unknown represents V. (s) for a state s in the state space. Here |S] is
the number of elements in the state space. We then update our approximations
of the value function using equation (2.1.5) as our update rule. Equation (B.1.1)
illustrates this update rule,

Vi =Y mlals) > P(s']s,a) [r(s,a) + 7V ()] (B.L.1)

acA s'eS

Now if we let k denote the iteration number then Vj does converge to V, as
k — oco. The existence and uniqueness of V; is guaranteed for as long as v < 1
or there’s eventual termination of the MDP [17, p. 74]. In practice we have a
limited number of iterations to work with. Once the difference between V;, and
Vi1 is less than some © value where 0 < © < 1, we stop the Policy Evaluation
algorithm. In other words the algorithm stops when the difference between our
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old estimate and the new estimate of the value function is sufficiently small.
Algorithm 7 is the Policy Evaluation algorithm taken from [17, p. 75].

Algorithm 7 Policy Evaluation from [17, p. 75]

Require: Policy 7, threshold © > 0, and a MDP
Ensure: State-value function V for policy m and V(s) = 0 for terminal states.
1: Initialise V(s) = 0 for all states s

2: repeat

3: A+0

4: for each state s do

5: v+ V(s)

6: V(s) < Yaeamlals) > o p(s'|s, a)[r + vV (s')]
7: A+ max(A, v — V(s)])

8: end for

9: until A < ©

10: return V

Policy Improvement

Policy Improvement is concerned with improving deterministic policies. Using
Policy Evaluation we can determine the expected return of policy 7. To do this
we start with equation (2.1.6),

Qn(s.a) = Y P(s']s,a) [r(s,a) +7Qx(s',d)].

s'eS

Recall that the above equation describes the value of selecting action a in state
s and thereafter following policy . If we have Q(s,a) > V,(s), this implies
that: 1) It is better to pick action a every time we encounter state s. 2) This
new approach of choosing a in state s results in a better policy than the original
policy w. With this idea we can now introduce the Policy Improvement Theorem
[17, 10].

Theorem 3 (Policy Improvement Theorem). Let m and «’ be two deterministic
policies such that for all s € S,

Qr(s,7'(5)) = Vi (s). (B.1.2)

Then policy ™ must be as good or better than policy w. The expected return of
policy @ from all states should therefore be equal or greater than the expected
return of policy w. In other words,

Vi (8) > V().
The proof is provided in Appendix A.1.

The Policy Improvement Theorem shows how we can improve the policy at a
particular state by selecting a specific action. This concept can be extended to
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all states by considering all possible actions. We achieve this by selecting the
action with the highest value with respect to @ in every state. This behaviour
of selecting the action with the highest value is known as acting greedily. In
other words, we obtain a better policy 7’ given by

7' (s) = argmax Q(s, a). (B.1.3)

a
This new policy 7’ selects the action that maximises the action-value function
of the original policy w. This process of obtaining a better policy by acting

greedily with respect to the action-value function of the original policy is known
as policy improvement [17]. Policy improvement stops when

Qx(s,7(s)) = max Qx(s,a) = Qx(s,7(s)) = Vx(s).

Algorithm 8 is the Policy Improvement algorithm taken from [17],

Algorithm 8 Policy Improvement, taken from [17]

Require: Policy m and a MDP
Ensure: A new policy that is at least as good as the old policy .
1: policy-stable < True
2: Initialise policy 7 for all states.
3: for each state s do
4 old-action < 7(s)
5 m(s) < argmax@r(s,a)
a

if old-action # w(s) then
policy-stable < False

end if

end for

10: if policy-stable then

11: return 7w

12: else

13: go to to line 3

14: end if

Generalised Policy Iteration

Generalised Policy Iteration (GPI) refers to the interaction between the pro-
cesses of Policy Evaluation and Policy Improvement. It is a framework for
policy optimisation, and RL algorithms can be described by this framework.
Policy iteration is an algorithm that fits within this framework. Policy Itera-
tion works by first performing Policy Evaluation and then Policy Improvement.
We go around these two processes iteratively until we reach the optimal policy.
Figure B.1, taken from [10, Lecture 3], illustrates Policy Iteration.
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starting
Vr

Figure B.1: An illustration of how Policy Iteration works. Taken from [10,
Lecture 3].

From Figure B.1, we can observe that the upward facing arrows represent pol-
icy evaluation, while the downward facing arrows represent policy improvement.
Each new policy obtained is a strict improvement over the previous policy [17],
unless the old policy is already optimal. Once these two processes no longer
produce any changes, we say that the algorithm has stabilised. This indicates
that we have indeed obtained the optimal policy and the optimal value function.
Recall that we are focusing on finite MDPs, and therefore, Policy Iteration con-
verges to the optimal policy within a finite number of iterations [17]. Algorithm
9 presents the algorithm for Policy Iteration, as taken from [17, p.83].

Algorithm 9 Policy Iteration [17, p.83]

Require: Policy , threshold ©® > 0, and a Markov Decision Process (MDP)
Ensure: The optimal state-value function V* for the optimal policy 7*
1: Initialise: V(s) and 7(s) for all states s, ensuring V(s) = 0 for terminal
states
repeat
Perform Policy Evaluation (Algorithm 7)
Perform Policy Improvement (Algorithm 8)
until the policy is stable
return 7 and V

B.2 Advantage Actor Critic

The following algorithm presents the implementation details of the Advantage
Actor-Critic (A2C) method.
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Algorithm 10 Advantage Actor-Critic (A2C) Algorithm taken from [32]

Require: Entropy regularisation weight 5 > 0, actor learning rate o > 0, critic
learning rate a¢ > 0, maximum number of episodes MAX EPISODE,
discount factor v € (0, 1], and policy and value networks with parameters 6
(actor) and ¢ (critic) respectively.

Ensure: Optimised policy 7* and value function V*.

1: Randomly initialise actor and critic parameters 6 and ¢.

2: for episode = 0 to MAX FEPISODE do

3: Collect a trajectory T = {s¢,a¢,7¢, 514110 by interacting with the en-
vironment using policy 7.

4: for t=0to T do .
5: Compute the predicted value V' (s;) using the critic network:
‘7(515 ?)
6: Compute the GAE.
7 Compute policy entropy Hy:
H; :=— Z mo(alst)log mg(alst)
8: end for
9: Compute value loss using mean squared error (MSE):
1 « 2
Lomel®) = 73 (e + 7V (s11:0) = V(s139) ) (B.2.1)

10: Compute policy loss:

T
1 N
Lpolicy(e) = —= Z (A(St, at) IOgﬂ'g(at|St) — BHt> (B22)
T t=0

11: Update critic parameters using gradient descent:
¢ — (b - an¢£value(¢)

12: Update actor parameters using gradient descent:
0« 6— aveﬁpolicy(e)

13: end for

14: return 0, ¢




Appendix C

Deep Learning: LSTM and
GRU Architectures

In this section, we assume that the reader is familiar with deep learning (DL)
and, as such, we will not cover it in great detail. The main focus of this sec-
tion is recurrent neural network (RNN) architectures. Specifically, we examine
the long short-term memory (LSTM) architecture [63] and the gated recurrent
unit (GRU) architecture [24]. In particular, we first examine the update mecha-
nisms for LSTM’s cell and hidden states, before exploring the simplified update
process in GRU architecture. This is because GRUs were designed as a simplifi-
cation of LSTMs; therefore, understanding LSTMs first provides the necessary
background to understand the GRU’s design choices. GRUs are emphasized be-
cause all the RL algorithms implemented in this project make use of the GRU
architecture.

RNNs are mainly used to process sequential data. However, classic RNNs are
known to have exploding and vanishing gradient issues. As a result, the classic
RNN struggles to handle data with long-term dependencies due to vanishing
gradients [64].

The LSTM architecture [63] was designed to address the vanishing gradient
problem that the classic RNN encounters. Its architecture has better gradient
flow properties due to its gating mechanism. An LSTM has three gates: a forget
gate, an input gate, and an output gate.

The classic RNN’s module is quite simple compared to an LSTM, as it involves
multiplying the hidden state and current input by weight matrices, summing
them, and passing the result through a tanh activation function to output the
next hidden state. In LSTMs, we do not only have a hidden state but also a cell
state. The cell state serves as the long-term memory of the network, whereas the
hidden state acts as the short-term memory and is used for output generation at
each time-step. The gates of the LSTM allow it to remove and add information
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to the cell state. The gates are single-layer neural networks with an activation
function and a pointwise multiplication operation.

We start with the forget gate, which is a neural network layer with a sigmoid
activation function. The sigmoid function, o, outputs real numbers between 0
and 1. The forget gate takes in the current input, x;, and the previous hidden
state, h;_1, and outputs:

fr=0 Wy [he_1,2¢] +bs). (C.0.1)

In the above equation, [-,-] denotes concatenation of vectors, Wy and by are the
weights and bias of the forget gate, respectively. The forget gate determines
how much of the previous cell state, C;_1, should be retained. If f; has values
close to one, this indicates that the gate considers the current information very
important and retains most of it. Likewise, if f; outputs values close to zero, it
indicates that the current values are not important and should be discarded.

Next, we determine what information will be stored in the cell state. To achieve
this, we first use the input gate, another sigmoid-activated neural network
layer, which decides which values should be updated. Secondly, we use a tanh-
activated neural network layer called the candidate layer. The candidate gate
normalises the previous hidden state and the current input between -1 and 1
and is responsible for generating new information that can be passed into the
updated cell state. The output of the input gate is similar to that of the forget
gate:

it =0 (W; - [hi—1,2¢] + b;) . (C.0.2)

The candidate layer’s output is:
Cy = tanh (W, - [hy_1, 2] + be) . (C.0.3)
With this, we can finally update the cell state:
Cy=fi®Ciy +i; 0 Ch. (C.0.4)

The operation ® represents element-wise multiplication. With the cell state
updated, the next step is to determine what the LSTM will output. The output
gate decides how much of the current cell state should be used to calculate the
new hidden state. The output gate’s output is:

0oy =0 (WO . [h,tfl, "Et} + bo) . (005)

If o4 is close to 1, more information is used; if o; is close to 0, less information
is used. We can then finally calculate the new hidden state:

ht =0+ ©® tanh (Ct) . (CO6)

While LSTMs effectively handle long-term dependencies, their architecture’s
complexity leads to longer training times compared to classic RNNs [64]. The
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Gated Recurrent Unit (GRU) [24] was introduced as an alternative that main-
tains the benefits of gating mechanisms while simplifying the architecture. Em-
pirical studies have shown that GRUs can achieve comparable performance to
LSTMs despite their simpler structure [65].

In a GRU cell, the following simplifications are made: (1) the cell state is
removed, and the hidden and cell states are merged into a single state still
known as the hidden state; (2) the forget and input gates are combined into a
single gate: the update gate. The update gate determines how much the hidden
state updates its content, i.e., how much past information needs to be passed
along to the future. The output from the update gate is given by:

Zt — O'(WZ . [htfl,l't] + bz) (CO?)

The reset gate determines how much of the past hidden state should be forgotten
before calculating the new candidate values, h;. Its output is:

re = o(W, - [hee1, 2] + by). (C.0.8)
We then use 7, to obtain h; using the following formula:
hy = tanh(W5, - [r: © hy_1, 24]). (C.0.9)
Finally, we compute the new hidden state:
hy=(1—2) ®hi_y + 2 O hy. (C.0.10)

If z; &~ 1, most of the past information from the hidden state is ignored. Con-
versely, if z; &~ 0, most of the new information is ignored when calculating the
new hidden state.
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Implementation and
Hyperparameter Detalils

Table D.1: PPO Agent Architecture Details

Component \ Specification

Input Processing

Observation Encoder | Feed-forward(256) + ReLU
Action Embedding 6 actions, 16 dimensions

Core Architecture

GRU \ 64 hidden units, 1 layer

Output Heads
Actor Head Feed-forward(64) + Tanh — Feed-forward(6)
Critic Head Feed-forward(64) + Tanh — Feed-forward(1)

Table D.2: BYOL-Explore Architecture Details

Component | Specification

Online Network
Encoder Feed-forward(256) + ReLU — Feed-forward(256)

Action Embedding | 6 actions, 16 dimensions
Closed-loop GRU 256 hidden units, 1 layer
Open-loop GRU 256 hidden units, 1 layer
Predictor Feed-forward(256) + ReLU — Feed-forward(256)

Target Network

Target Encoder Feed-forward(256) + ReLU — Feed-forward(256)
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Table D.3: Random Network Distillation Architecture Details

Component \ Specification

Target Network

Architecture [ Feed-forward(256) + ReLU — Feed-forward(256)

Predictor Network

Architecture [ Feed-forward(256) + ReLU — Feed-forward(256) + ReLU — Feed-forward(256)

Table D.4: Reward Combiner Architecture Details

Component \ Specification
Input Processing
Action Embedding | 6 actions, 16 dimensions
Reward Embedding | Feed-forward(16) + ReLU
Core Architecture

GRU \ 128 hidden units
Output Processing
Feed-forward Feed-forward(128) + ReLU — Feed-forward(1)

Output Activation | Sigmoid (ensures A € [0, 1])

Table D.5: PPO Agent with GRU Architecture Hyperparameters

Hyperparameter Value
Agent Architecture
Action Embedding Dimension | 16
RNN Hidden Dimension 1024
RNN Number of Layers 1
Head Hidden Dimension 256
Training Parameters
Number of Environments 8192
Number of Steps 16
Update Epochs 1
Number of Minibatches 16
Total Timesteps 5,000,000
Learning Rate 0.001
Clipping Epsilon 0.2
Discount Factor () 0.99
GAE Lambda ()) 0.95
Entropy Coefficient 0.01
Value Function Coefficient 0.5
Maximum Gradient Norm 0.5
Seed 42
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Table D.6: BYOL-Explore Agent Hyperparameters

Hyperparameter Value
Agent Architecture
Action Embedding Dimension 16
RNN Hidden Dimension 1024
RNN Number of Layers 1
Head Hidden Dimension 256
Training Parameters
Number of Environments 8192
Number of Steps 16
Update Epochs 1
Number of Minibatches 16
Total Timesteps 5,000,000
Learning Rate 0.001
Clipping Epsilon 0.2
Discount Factor () 0.99
GAE Lambda () 0.95
Entropy Coefficient 0.01
Value Function Coefficient 0.5
Maximum Gradient Norm 0.5
Seed 42
Intrinsic Reward Parameters
Predictor Learning Rate 0.001
Reward Normalization Parameter | 0.99
EMA Parameter 0.99
Anneal Predictor Learning Rate False
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Table D.7: Random Network Distillation (RND) Agent Hyperparameters

Hyperparameter \ Value
Agent Architecture
Action Embedding Dimension 16
RNN Hidden Dimension 1024
RNN Number of Layers 1
Head Hidden Dimension 256
Training Parameters
Number of Environments 8192
Number of Steps 16
Update Epochs 1
Number of Minibatches 16
Total Timesteps 5,000,000
Learning Rate 0.001
Clipping Epsilon 0.2
Discount Factor (v) 0.99
GAE Lambda ()) 0.95
Entropy Coefficient 0.01
Value Function Coefficient 0.5
Maximum Gradient Norm 0.5
Seed 42
Intrinsic Reward Parameters
Predictor Learning Rate 0.001
Intrinsic Reward Discount Factor (Yint) | 0.99

Table D.8: Evolution Strategy (ES) Hyperparameters for the RC-Action

Hyperparameter \ Value
Training Parameters
Population Size 128

Number of Generations | 80
Evolution Strategy Seed | 69696969
OpenES Strategy Parameters

Optimizer Adam
Learning Rate Decay 1.0
Sigma Decay 0.999
Initial Sigma 0.04

Objective Maximize
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Additional Plots
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Figure E.1: Average final episode return at the end of training in the
DoorKey-5x5 grid-world, across 30 agents with 95% confidence intervals. Opti-
mal A values shown above BYOL-Explore and RND.
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Figure E.2: Average final episode return at the end of training in the
DoorKey-6x6 grid-world, across 30 agents with 95% confidence intervals. Opti-
mal \ values shown above BYOL-Explore and RND.
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Figure E.3: Average final episode return at the end of training in the
DoorKey-8x8 grid-world, across 30 agents with 95% confidence intervals. Opti-
mal \ values shown above BYOL-Explore and RND.
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Y Significantly different from RC
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Figure E.4: Average final episode return at the end of training in the
DoorKey-16x16 grid-world, across 30 agents with 95% confidence intervals. Op-
timal A values shown above BYOL-Explore and RND.
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