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Abstract

Over the past decade, Deep Reinforcement Learning (RL) has driven many advances
in sequential decision-making, including remarkable applications in superhuman Go-
playing, robotic control, and automated algorithm discovery. However, despite these
successes, deep RL is also notoriously sample-ine cient, usually generalizes poorly
to settings beyond the original environment, and can be unstable during training.
Moreover, the conventional RL setting still relies on exploring and learning tabula-
rasa in new environments and does not make use of pre-existing data. This thesis
investigates two promising directions to address these challenges. First, we explore
the use of synthetic data and environments in order to broaden an agent's experience.
Second, we propose principled techniques to leverage pre-existing datasets, thereby
reducing or replacing the need for costly online data collection.

The rst part of the thesis focuses on the generation of synthetic data and
environments to train RL agents. While there is a rich history in model-based
RL of leveraging a learned dynamics model to improve sample e ciency, these
methods are usually restricted to single-task settings. To overcome this limitation,
we proposeAugmented World Modelsa novel approach designed for o ine-to-online
transfer where the test dynamics may di er from the training data. Our method
augments a learned dynamics model with simple transformations that seek to
capture potential changes in the physical properties of a robot, leading to more
robust policies. Additionally, we train the agent with the sampled augmentation
as context for test-time inference, signi cantly improving zero-shot generalization
to novel dynamics. Going beyond commonly used forward dynamics models, we
propose an alternative paradigmSynthetic Experience Replaywhich uses generative
modeling to directly model and upsample the agent's training data distribution.
Leveraging recent advances in di usion generative models, our approach outperforms
and is composable with standard data augmentation, and is particularly e ective in
low-data regimes. Furthermore, our method opens the door for certain RL agents
to train stably with much larger networks than before.

In the second part of the thesis, we explore a complementary direction to data
e ciency where we can leverage pre-existing data. While adjacent elds of machine
learning, such as computer vision and natural language processing, have made



signi cant progress in scaling data and model size, traditional RL algorithms can
nd it di cult to incorporate additional data due to the need for on-policy data. We
begin by investigating a principled method for incorporating expert demonstrations
to accelerate online RL, KL-regularization to a behavioral prior, and identify a
pathology stemming from the behavioral prior having uncalibrated uncertainties.
We show that standard parameterizations of the behavioral reference policy can
lead to unstable training dynamics, and propose a solutioton-Parametric Prior
Actor Critic , that represents the new state-of-the-art in locomotion and dexterous
manipulation tasks. Furthermore, we make advances in oine reinforcement
learning, with which agents can be trained without any online data collection
at all. In this domain, we elucidate the design space of o ine model-based RL
algorithms and highlight where prior methods use suboptimal heuristics and choices
for hyperparameters. By rigorously searching through this space, we show that
we can vastly improve standard algorithms and provide insights into which design
choices are most important. Finally, we make progress towards extending o ine RL
to pixel-based environments by presentinyision Datasets for Deep Data-Driven
RL, the rst comprehensive and publicly available evaluation suite for this eld,
alongside simple model-based and model-free baselines for assessing future progress
in this domain.

In conclusion, this thesis represents explorations toward making RL algorithms
more e cient and readily deployable in the real world. Further progress along these
directions may bring us closer to the ultimate goal of more generally capable agents,
that are able to both generate appropriate learning environments for themselves
and bootstrap learning from vast quantities of pre-existing data.
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Introduction

Contents
1.1 Is Reinforcement Learning a Su cient Model of Intel-
ligence? . . . . . . ... 1
1.2 The Problems of Data E ciency and Robustness . . . 5
1.3 Thesis Structure and Contributions . . . . ... .. .. 6
1.3.1 Part I: Synthetic Environments and Data for Reinforce-
ment Learning . . . .. ... ... ... ... 7
1.3.2 Part II: Reinforcement Learning from O ine Data . . . 8

1.1 Is Reinforcement Learning a Su cient Model
of Intelligence?

One of the primary goals of modern machine learning is the development of
autonomous and generally intelligent systems. Systems with such abilities could
have the potential to revolutionize scienti ¢ discovery, healthcare, and engineering.
Reinforcement learning (Mendel and McLaren, 1970; Waltz and Fu, 1965), which
trains agents to maximize some notion of reward in an environment via interaction,
has long been postulated as a solution to arti cial general intelligence (Hutter, 2000,

2005; Silver et al., 2021). This belief is formalized in theward hypothesif Sutton
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and Barto (2018) which states that all of what we mean by goals and purposes
can be well thought of as the maximization of the expected value of the cumulative

sum of a received scalar signal (called reward).

Indeed, we have good reason to believe that simple reward maximization can
lead to remarkably deep strategies and capabilities, as seen by many successes
in superhuman Go-playing (Silver et al., 2017b), nuclear fusion control (Degrave
et al., 2022), and automated algorithm discovery (Fawzi et al., 2022; Mankowitz
et al., 2023). In chess, learning to maximize a single sparse reward indicating a
win or loss, along with the use of self-play and Monte Carlo Tree Search (Coulom,
2006), allowed the agenilphaZero (Silver et al., 2017a) to propose entirely novel
insights on opening sequences, attacking techniques, and surprising long-term
sacri ces (Sadler et al., 2019). Similarly, by aiming to minimize the number of
assembly instructions of a target programAlphaDev (Mankowitz et al., 2023) was
able to automatically discover faster sorting and hashing algorithms than previous

hand-designed equivalents.

Beyond training agents on a single narrow task, recent e orts have also focused
on reinforcement learning in more complex and open-ended simulated environ-
ments (Clune, 2020; Fan et al., 2022; Kittler et al., 2020). In th&XLand (Open
Ended Learning Team et al.,, 2021) environment, agents are placed in a large
procedurally generated 3D world with a wide variety of competitive, cooperative,
and independent games. In order to generalize to unseen evaluation tasks, an
agent must develop the ability to remember, reason about, and manipulate the
space they reside in, as well as manage other agents in a scene. Exciting further
work on this environment (Bauer et al., 2023) has shown that by combining recent
advances in meta-learning, attention-based architectures, and automated curriculum
learning, agents are able to adapt to new challenges as quickly as humans. A
particularly exciting holy grail of open-endedness is to develop agents acting in
su ciently rich environments which are continually curious and thus exhibitlifelong

learning (Kudithipudi et al., 2022; Wang et al., 2020).
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Despite these successes, a vast amount of research is still needed to train generalist
agents for the real world. Reinforcement learning agents are often exceptionally
sample-ine cient (Yu, 2018), requiring billions of interactions to learn tasks from
scratch that humans can perform in a matter of hours. Moreover, they are often
brittle to even slight changes in environment (Henderson et al., 2018; Zhang et al.,
2018) including dynamics, observations, or goals. This is in stark contrast to
biological agents that are equipped with strong inductive biases and priors (Martin,
2007; Spelke and Kinzler, 2007) for reasoning about our world that make us vastly
more e cient and robust. For example, learning to cook a dish in one's home
kitchen would likely mean that one could cook the same dish in a vastly di erent

kitchen; this remains an insurmountable challenge for current agents.

There are also methods of acquiring knowledge that clearly lie outside the traditional
reinforcement learning paradigm in biological systems, such as innate knowledge.
Many animals including horses, gazelles, and sh are able to move in a well-
coordinated manner shortly after birth. This is critical for survival as these animals
often live in environments with natural predators (Walther, 1969); however, these
abilities are more in-built rather than learned. Similarly, in humans, an innate
aversion to certain smells from birth encourages us to avoid spoiled food without
the need to try it and receive direct feedback (Darwin et al., 1998). An alternative
paradigm of biological learning known to be mechanistically distinct from individual
learning is observational learning (Bandura, 2008; Isbaine et al., 2015). The machine
learning equivalent, learning from demonstration (Argall et al., 2009; Schaal, 1996),

has also proven successful using data without reward.

Furthermore, while Silver et al. (2021); Sutton and Barto (2018) postulate that
simple reward maximization is su cient for general intelligence, it is often di cult in
practice to accurately specify such a reward function to optimize against (Clark and
Amodei, 2016; Pan et al., 2022). A prominent example of this is autonomous driving,
where an agent is trained to drive a vehicle towards a pre-speci ed destination, but

must also do so safely in accordance with human norms and tra c rules. Ciritically,
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in this case, it is not only important what the agent does but alsdhow it does

it. This is further complicated by the fact that humans often disagree on the
right response in a situation. As such, many proposed reward functions are often
extensively hand-crafted and shaped based on empirical performance (Kiran et al.,
2021). Even then, Knox et al. (2023) demonstrated that across 9 publicly available
proposed reward functions for autonomous driving, the best would result in a policy

that crashes 4000 times as often as a drunk 16 17 year old.

As we contend with these unresolved issues, recent developments in supervised
learning have shown the potential of a new paradigm driven by rampant data and
model capacity scaling (Brown et al., 2020; Chowdhery et al., 2022). This has
resulted in a wide range of powerful generative language (OpenAl, 2023; Touvron
et al., 2023) and image foundation models (Rombach et al., 2022) becoming
available for popular consumer use, and has begun to have repercussions in the
eld of reinforcement learning. Rather than learning from scratch, Wang et al.
(2023) proposedvoyager, a gradient-free agent that continually explores the world
and acquires diverse skills entirely in-context (Akyurek et al., 2022), with GPT-

4 (OpenAl, 2023). Voyager acts by executing code in the environment and generates
a library of useful skills that may be composed together for more complex behavior.
Suitable tasks are generated by GPT-4 in order to maximize novelty based on the
agent's current state and capabilities. Remarkably, this agent is able to quickly
explore the in-game world, progress rapidly through the tech tree, and even leverage

learned skills in a new instance of the game.

These ndings force us to re-consider what the exact role of reinforcement learning
should be in a generally intelligent system. Since reinforcement learning remains
the most e ective method for discovering general superhuman skills and exploring
entirely unknown environments, a particularly exciting path forward could be to
incorporate insights from the scaling revolution back into reinforcement learning.
Nair et al. (2022); Szot et al. (2023) demonstrate how pre-trained language and visual

representations from internet-scale data can be used to vastly improve generalization
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in embodied robotics tasks. On the other hand, video foundation models (Hu et al.,
2023) have recently made great strides in being able to simulate the world with high
delity and present us with the opportunity to train real-world agents with far less
interaction with the environment. In the next section, we lay the groundwork for
these ideas and take a data-centric view of two key open questions in reinforcement

learning.

1.2 The Problems of Data E ciency and Robust-
ness

In this thesis, we focus on addressing two of the central shortcomings of modern
reinforcement learning, by expanding or modifying the training data an agent sees.
In particular, we develop methods for improving e ciency and robustness using
synthetic model-based algorithms (Sutton, 1991) and o ine data (Ernst et al., 2005;
Levine et al., 2020). We begin by highlighting how resolving these issues would play

a pivotal role in the real-world deployability of reinforcement learning agents.

Data E ciency. As the data requirements for reinforcement learning are often
vast, many of the successes in this eld to date have been in simulated environments
that can be run faster than real-time, e ectively parallelized, and easily reset to
initial conditions (Haarnoja et al., 2018; Mnih et al., 2015; Silver et al., 2017b;
Vinyals et al., 2019). In stark contrast, real robot hours are expensive, and typical
random exploration strategies may lead to unsafe behavior and damage to the
physical system (Dulac-Arnold et al., 2019). As a result, these robots also often
need manual human intervention to either reset to initial conditions or prevent
unsafe actions. The complementary elds of o ine reinforcement learning and
model-based reinforcement learning were precisely designed to reduce the quantity

of data required to train agents.

O ine reinforcement learning o ers an alternate approach to training policies
by leveraging pre-existing data, thereby circumventing the need for online data

collection. This approach e ectively addresses the challenges associated with unsafe
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tabula-rasa exploration in a new environment. Moreover, the learned o ine policies
can be further re ned and improved through a small number of online steps.
In parallel, model-based reinforcement learning seeks to maximize the utility of
available data by learning a simulator of the environment, enabling the generation
of synthetic rollouts for policy training. Both of these research domains have yielded
signi cant advancements in enhancing the deployability of reinforcement learning

methods in real-world applications (Lutter et al., 2021; Wu et al., 2022).

Robustness. As we look to deploying reinforcement learning agents in the real
world, they must be robust to changes to the environment as well as stable to
train. Leveraging learned models to train agents not only improves data e ciency
but also provides the opportunity to improve generalization from existing data by
allowing agents to take actions in previously unseen states (Young et al., 2023).
Kirchmeyer et al. (2022); Lee et al. (2020) take this even further and show by
equipping dynamics models with a context or descriptor of an environment, they
are able to generalize to unseen new tasks, which in turn leads to agents to generalize

better downstream.

Conversely, the utilization of prior data, particularly high-quality expert demon-
strations, can signi cantly contribute to stabilizing the training process. In hard
exploration environments with sparse reward signals, nding any positive reward
can be challenging which can lead agents to have high variability during train-
ing (Salimans and Chen, 2018). However, the availability of expert demonstrations
can o er agents access to an alternate reliable training signal, leading to improved
consistency and performance (Hester et al., 2017; Nair et al., 2018). Even without
expert-level data, Ball et al. (2023) show that mixing in suboptimal prior data in a

balanced way can also help stabilize and accelerate existing algorithms.

1.3 Thesis Structure and Contributions

The remainder of the thesis is structured as follows. We begin with a literature

review covering the necessary prerequisites and background on online and o ine
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reinforcement learning, and the algorithms used in subsequent chapters. The thesis
is then divided into two parts. The rst part furthers the development of synthetic
environments and data for reinforcement learning, and the second part makes
advances in reinforcement learning from o ine data. As this is an integrated thesis,
each subsequent chapter corresponds to a published conference paper or journal
paper that | led or co-led. At the beginning of each chapter, we introduce the
problem setting and approach in relation to the overall thesis and highlight the
key contributions. We include the appendices of each chapter at the end of the

thesis.

1.3.1 Part I: Synthetic Environments and Data for Rein-
forcement Learning

In this part, we make novel contributions to the development of synthetic learning
environments that allow agents to generalize successfully to unseen tasks and train

robustly from less data.

A

Chapter 3 proposesAugmented World Modelsan algorithm designed for
o0 ine-to-online transfer where the dynamics at test-time may di er from
the training data. Our method augments a learned dynamics model with
simple transformations that seek to capture potential changes in the physical
properties of a robot, leading to more robust policies. Furthermore, this
de nes a training distribution of tasks in the meta-learning sense which allows
us to train a contextual policy and infer the context at test time. Combined,
this leads to a powerful approach to enhancing an agent's ability to generalize
zero-shot to novel dynamics on a variety of simulated locomotion tasks. This
chapter is based on the following publication (Ball et al., 2021)Philip J.
Ball*, Cong Lu* , Jack Parker-Holder, and Stephen J. Roberts. Augmented
World Models Facilitate Zero-Shot Dynamics Generalization From a Single

O ine Environment. In ICML , 2021.1

1Here and throughout, an asterisk (*) indicates joint- rst authorship.
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Contributions:  This project was jointly conceived by the rst three authors,
who also wrote the paper. Philip J. Ball led the o ine analysis and imple-
mentation of the baseline. Cong Lu led the implementation and evaluation of
the core algorithm. Jack Parker-Holder contributed to the ideas and design.

Stephen J. Roberts contributed to the supervision of the project.

Chapter 4 develops a novel paradigm for model-based reinforcement learning,
namely using generative modeling to directly model and upsample the training
data distribution of an agent. Our approach,Synthetic Experience Replay
leverages recent advances in di usion generative models to upsample data
for reinforcement learning. We demonstrate that generative training data
0 ers superior performance compared to, and also seamlessly integrated with
standard data augmentation. Most notably, our method also opens the door
for certain reinforcement learning agents to train stably with much larger
networks. This chapter is based on the following publication (Lu et al., 2023):
Cong Lu*, Philip J. Ball*, Yee Whye Teh, and Jack Parker-Holder. Synthetic
Experience Replay.In NeurlPS , 2023.

Contributions:  Cong Lu proposed the project and led the design of the
di usion model, o ine experiments, and paper writing. Philip J. Ball led the

online experiments and the analysis of our algorithm, and contributed to the
paper writing and design of the di usion model. Yee Whye Teh contributed
to the supervision of the project. Jack Parker-Holder contributed to the

supervision of the project, experimental design and paper writing.

1.3.2 Part Il: Reinforcement Learning from O ine Data

In the second part, we develop principled methods to better utilize prior data in
reinforcement learning. This includes integrating expert demonstrations into online
reinforcement learning, fundamental methodological contributions to model-based
o ine reinforcement learning, and the development of principled benchmarks and

baselines for o ine reinforcement learning from visual observations.
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Chapter 5 begins by showing that Kullback Leibler-regularized reinforcement
learning with behavioral reference policies derived from expert demonstrations
can su er from pathological training dynamics due to poor predictive uncer-
tainties in the prior. In xing this pathology, we develop Non-Parametric
Prior Actor Critic , which results in state-of-the-art performance on locomotion
and dexterous manipulation tasks. This chapter is based on the following
publication (Rudner et al., 2021): Tim G. J. Rudner*, Cong Lu* , Michael
A. Osborne, Yarin Gal, and Yee Whye Teh. On Pathologies in KL-Regularized

Reinforcement Learning from Expert Demonstrationsin NeurlPS | 2021.

Contributions: Tim G. J. Rudner conceived the project and led the
theoretical foundations and paper writing. Cong Lu led the experiments
and empirical evaluation of the algorithm and contributed to the paper
writing. Michael A. Osborne, Yarin Gal, and Yee Whye Teh contributed to

the supervision of the project.

Chapter 6 examines the gaps between theory and empirical practice in o ine
model-based reinforcement learning and shows that prior methods which rely
on estimating dynamics uncertainty often choose sub-optimal heuristics for
doing so. By leveraging best practices from supervised learning, along with
thorough tuning of the associated hyperparameters, we can vastly improve
standard algorithms and provide insights into which design choices are most
important. This chapter is based on the following publication (Lu et al.,
2022a): Cong Lu*, Philip J. Ball*, Jack Parker-Holder, Michael A. Osborne,
and Stephen J. Roberts. Revisiting Design Choices in O ine Model Based

Reinforcement Learning.In ICLR  (Spotlight), 2022.

Contributions:  This project was jointly conceived by the rst three au-
thors, who also wrote the paper. Cong Lu led the empirical evaluation and
implementation of the Bayesian Optimization agent. Philip J. Ball led the

analysis of design choices and implementation of the uncertainty penalties.
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Jack Parker-Holder contributed to the ideas and design. Michael A. Osborne

and Stephen J. Roberts contributed to the supervision of the project.

Chapter 7 develops the rst comprehensive and publicly available evaluation
suite for the nascent eld of o ine reinforcement learning in high-dimensional
pixel-based environmentsyision Datasets for Deep Data-Driven Rl.alongside
identifying key desiderata that algorithms should satisfy. Alongside the
benchmarks, we establish simple model-based and model-free baselines for the
aforementioned desiderata to serve as a measure of progress for future advances
in this domain. This chapter is based on the following publication (Lu et al.,
2022b): Cong Lu*, Philip J. Ball*, Tim G. J. Rudner, Jack Parker-Holder,
Michael A. Osborne, and Yee Whye Teh. Challenges and Opportunities in

O ine Reinforcement Learning from Visual Observations. In TMLR , 2023.

Contributions:  This project was jointly conceived by the rst four authors,
who also wrote the paper. Cong Lu led the implementation of the model-based
algorithms and overall empirical evaluation. Philip J. Ball led the creation of
the benchmark and implementation of the model-free algorithms. Tim G. J.
Rudner and Jack Parker-Holder contributed to the ideas and high-level design.
Michael A. Osborne and Yee Whye Teh contributed to the supervision of the

project.

Finally, we conclude the thesis by re ecting on the work in the context of current
developments in arti cial intelligence and theorizing what a roadmap to e cient

and robust agents may look like in the future.
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In this chapter, we introduce the necessary prerequisites and key concepts for

the thesis.

The content follows the overall structure of the thesis and begins

with an overview of reinforcement learning. Next, we present an introduction

to model-based methods, which is the focus of Part I. Finally, we present o ine

reinforcement learning, which is the focus of Part II. In the subsequent chapters,

further background will be introduced as needed.
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Figure 2.1: The interaction between an agent and its environment in reinforcement
learning. At each timestept, the agent observes the current states;, chooses an actiorg;,
and receives a reward. The environment then transitions to a new state S;+1 .

2.1 Reinforcement Learning

We begin by introducing the reinforcement learning framework and model-free
solution methods. We additionally introduce two important subproblems in rein-

forcement learning we investigate in the thesis: meta-reinforcement learning where
one must learn to generalize across di erent tasks and automated hyperparameter

tuning for reinforcement learning.

2.1.1 Markov Decision Processes

We make the standard assumption that our environment takes the form of a
Markov Decision Process (MDP, Sutton and Barto (2018)), de ned as a 5-tuple
M = (S;A;P;R; ). S and A denote the state and action spaces respectively,
P:S Al ( S) the transition dynamics,R:S A! R the reward function,
and 2 (0;1) the discount factor. The goal in reinforcement learning is to optimize

apolicy :S! ( A) that maximizes the expected discounted return
#

%
J()=Ep ‘R(st;a) (2.1)
t=0

Interaction with the environment proceeds in discrete time steps=0;1;2;::: and
S0 on. At each time stept, the agent observes the current stats; 2 S, selects an
action a; 2 A according to its policy , and receives a reward; = R(s;;&). The
environment then transitions to a new states;.; P( j st;&). We illustrate this

in Figure 2.1. The agent typically begins with no knowledge of the environment

and must learn to e ciently trade o exploration and exploitation.
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Example: Go playing. As a motivating example, consider the setting in
AlphaGo (Silver et al., 2017b) where an agent is trained to play the game of
Go on a 19x19 board against an opponent. The state spaSeis the set of all
legal board con gurations and the action spacé is discrete containing the moves:
play at any location on the board, resign, or pass. The reward functioR is
sparse: 1 if the agent wins the game, 1 if the opponent wins, and0 otherwise.
The transition dynamics P(s°j s;a) are given by the rules of the game and the

opponent's actions.

2.1.2 Value Functions and Bellman Equations

In order to learn an optimal policy for a given environment, it is useful to de ne the
notion of a value function. The state-value functiorivV (s) is de ned as the expected

discounted return starting from states and following policy thereafter
" #

%2
V (s)=Ep ‘R(s;;a)jso=s : (2.2)
t=0

Similarly, we de ne the action-value functionQ (s;a) as the expected discounted

return starting from state s, taking action a, and following policy thereafter
#

p 3
Q (s;a)= Ep 'R(s;;a)jSo=S;a0=a : (2.3)
t=0

These value functions satisfy the Bellman equations (Schweitzer and Seidmann,
1985)

V (s)= Ea (js[Q (s;a)] (2.4)

Q (sia) = R(sid) + Eo p(jsa [V (S)]: (2.5)

We next de ne an optimal policy as one that maximizes the expected discounted
return from all states, i.e.

=argmaxV (s): (2.6)

While the policy may not be unique, all optimal policies share the same value

functions, which we denotev (s) and Q (s;a). The optimal value functions satisfy
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the Bellman optimality equations

V (s)= max Q (s;a (2.7)

Q (s;a) = R(s;@)+ Ee p(jsay [V (s9]: (2.8)

Given the optimal value functions, the optimal policy may be recovered as
8
<1 if a=argmax,Q (s;&)

. . (2.9)
- 0 otherwise

(ajs) =

2.1.3 Model-Free Reinforcement Learning

From here on, we assume that we are in the deep reinforcement learning set-
ting (Baird, 1995; Precup et al., 2001; Sutton et al., 1999), where the state and
action spaces may be very large or continuous. In order to deal with these large
spaces, we typically use function approximation to represent the policy and value
functions. The standard choice is to use deep neural networks (LeCun et al., 2015),
which means that a policy (ajs) would be parameterized by a network with
parameters . We introduce three canonical model-free reinforcement learning
paradigms: value-based, policy-gradient, and actor-critic methods together with

typical algorithms for each.

Value-Based Methods. Value-based methods (Watkins and Dayan, 1992) at-
tempt to learn the optimal value functionV (s) or Q (s;a) from data. The canonical
algorithm for large state spaces with nite actions is Deep Q-Networks (DQN, Mnih
et al. (2015)). This was the rst algorithm to successfully learn control policies
directly from high-dimensional sensory inputs using reinforcement learning and
surpassed a human expert across the Atari 2600 suite. In DQN, the optimal action-
value function Q (s; a) is represented by a neural network) (s;a) with parameters

. The parameters of the Q-network are learned by minimizing the loss

h i
L( )= Esars9o (Q (sid) Y)° ; (2.10)

wherey = r+ maxoQ (s%a9 is the target value derived from the Bellman

equation and  are the parameters of a target network that is periodically
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updated to match the current network. This is necessary to avoid issues of circularity
when using function approximation, as naively updating both the target and current
networks can lead to divergence. Interactions with the environment are stored in
a replay bu er D to facilitate data reuse, and the loss is minimized by stochastic

gradient descent.

In order to balance exploration and exploitation, DQN uses an-greedy policy to

select actions. This means at time step, the agent takes the action

8
_ <argmax, Q (st;a) with probability 1

: , - (2.11)
- random with probability :

The value of typically begins at1 and is annealed to a small value over the course of
training. Since the value function learned is that of the optimal policy which di ers

from the exploratory policy, DQN is described as an o -policy algorithm.

Policy Gradient Methods. Next, we introduce policy gradient methods that
aim to learn the optimal policy (ajs) directly. These methods are more directly
applicable in cases where the action space is continuous, such as in robotic control.
The policy gradient theorem (Sutton et al., 1999) states that the gradient of the

expected return with respect to the policy parameters is given by
r J()=E [r log (as)Q (s;a)]: (2.12)

The value function may be estimated by Monte Carlo rollouts, or using a learned
value function. The policy parameters are then updated by stochastic gradient
ascent. Vanilla policy gradient algorithms typically su er from instability due to
high variance in the gradient estimates. To remedy this, a variety of methods have
been proposed to stabilize training, including Trust Region Policy Optimization
(TRPO, Schulman et al. (2015)) and Proximal Policy Optimization (PPO, Schulman
et al. (2017b)) which focus on constraining the magnitude of the policy updates
to avoid catastrophic drops in performance. As these algorithms are based on the

return of the current policy, they are described as on-policy.
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Actor-Critic Methods. Finally, we introduce actor-critic (Greensmith et al.,
2004; Konda and Tsitsiklis, 1999) methods, which are a family of methods that
aim to combine the strengths of both value-based and policy gradient methods.
We focus on the Soft Actor-Critic (SAC, Haarnoja et al. (2018)) algorithm, an

0 -policy actor-critic algorithm which is the predominant algorithm used in this
thesis (in Chapters 3, 4, 6) This algorithm was designed to both address the common
instabilities found in deep o -policy value-based algorithms (van Hasselt et al.,
2018) and alleviate the requirement for on-policy data in policy gradient methods
which prevents data reuse. SAC is based on maximum entropy reinforcement
learning (Ziebart et al., 2008) which augments the return with an entropy term
that encourages the agent to achieve high return whilst behaving as randomly as

possible. The objective function is de ned as

M #
J()=E f(r(ssa)+ H( (js)) (2.13)

t=0
whereH( (js)) is the entropy of the policy at states; and is a temperature

parameter.

The policy is represented by a neural network (ajs) with parameters and the
value function is represented by a neural networl) (s;a) with parameters . SAC
follows the standard actor-critic format where training alternates between a policy
evaluation step and a policy improvement step. The policy evaluation step updates
the value function by minimizing the Bellman error similar to Equation (2.10)
with Double Q-Learning (van Hasselt et al., 2016). The policy improvement step
updates the policy towards the exponential of the Q-function by minimizing the
KL according to

1
exp@ (s;)) .

A : (2.14)

o=argmin Esp KL o( J9)]]
0

R
whereZ (s) = ,exp(Q (s;a))da is the partition function which normalizes the

distribution.
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2.1.4 Meta Reinforcement Learning

So far, we have only discussed reinforcement learning in the context of a single
xed environment. An important setting that we consider in Chapter 3, is meta-
reinforcement learning (Finn et al., 2017; Rakelly et al., 2019a; Wang et al., 2016;
Zintgraf et al., 2021a,b) where the agent may be deployed over a variety of di erent
related environments. Formally, the meta-RL setup consists of a distribution
over MDPs p(M) from which we can sample during meta-training. Each MDP
M; p(M) is de ned by a tuple M; = (S;A;P;;R;; ) i.e. the tasks share the
same state and action space but the transition dynamics and reward function may
change. The indexi represents an unknown task description, which could be a
goal position or identi er. Sampling an MDP from p(M) is typically done by
sampling from a distribution over dynamicsp(P; R). At meta test-time, the agent

is evaluated based on the average return over tasks from the distribution. Achieving
high performance in this setting involves both generalizing across related tasks and

trading o exploration-exploitation when reasoning about task uncertainty.

2.1.5 Hyperparameter Tuning

A crucial factor limiting the deployment of reinforcement learning to new problems
is the notorious sensitivity of algorithms with respect to their hyperparame-
ters (Andrychowicz et al., 2021; Engstrom et al., 2020; Henderson et al., 2018),
which often require expensive tuning. Indeed, it has been shown that when tuned
e ectively, good con gurations often lead to dramatically improved performance
in large-scale settings over the default (Chen et al., 2018). A powerful method
for automated hyperparameter tuning which we use in Chapter 6 is Bayesian
Optimization (BO, Brochu et al. (2010); Garnett (2023); Jones et al. (1998);
Shabhriari et al. (2016)).

Bayesian Optimization. Bayesian Optimization is a sequential model-based
optimization method that aims to nd the global optimum of somef : X ! R which

may not admit gradient observations. The functionf is assumed to be expensive
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to evaluate, and we are only allowed to query it at a nite number of points. In our

case, this makes BO particularly applicable to hyperparameter tuning, where the
function f is the nal performance of an RL agent. The two key components of
Bayesian optimization are a probabilistic surrogate model of the objective function

and an acquisition function that determines the next point to query.

Typically, the surrogate model is a Gaussian Process (GP, Williams and Ras-
mussen (2006)), a exible class of non-parametric models that can be used to
represent a distribution over functiond under the assumption that any nite subset
f(xi; T (xi))gL, is jointly Gaussian. We additionally assume that we observe noisy
evaluations of the functionf , i.e. y; = f (x;)+ ; where ; N (0; ?). A GP is then

de ned by a mean functionm(x) (usually zero) and a covariance functiork(x; x9
which is a similarity measure between two points that encodes our prior belief about
the function. Given a set of observation® = f(x;;yi)gL,, we may perform exact
Bayesian inference to compute the posterior distribution over functiony(f jD). For

a new pointx , the predictive distribution p(y jx ;D) is also Gaussian with mean

and variance given by

(x )= k(x ;x)(K + 21) ly; (2.15)
Var(x )= k(x ;x ) k(x :x)(K+ 21) *k(x;x )+ 2% (2.16)
whereK isthen n matrix with entries Kj; = k(x;;x;) andy =[y1;:::;¥a].

Next, an acquisition function is derived from the surrogate model to determine
the next point to query. A common choice here is Upper Con dence Bound

(UCB, Srinivas et al. (2010)), which is de ned at each timestep as

ucs (Xt) = (X¢) + Var(xy); (2.17)

where  is a hyperparameter that controls the trade-o between exploration and
exploitation. At each BO iteration, we select samples that maximize the acquisition
function and then update the surrogate model with the new observations. This

process is repeated until the evaluation budget is exhausted, and the global optimum
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is estimated based on the collected data. As reinforcement learning hyperparameters
are often mixed-modality (e.g. continuous and discrete) and high-dimensional, we
use the algorithm Casmopolitan (Wan et al., 2021). Casmopolitan is a state-of-
the-art BO method designed for mixed modalities that has already been used for
automated hyperparameter tuning elsewhere in reinforcement learning (Wan et al.,

2022).

2.2 Part I: Model-Based Reinforcement Learn-

ing
In the previous section, we focused on model-free algorithms that directly optimize
a policy or value function using real experience from the environment. However, this
can be sample ine cient, and a complementary approach to traditional model-free
reinforcement learning is to learn a model of the environment and use this to
generate synthetic data for training a policy. Recent model-based methods (Hafner
et al., 2020a,b; Janner et al., 2019) have shown large speedups relative to model-free
equivalents across a variety of control tasks with methods such as DayDreamer (\Wu

et al., 2022) learning to control a real robot in a single hour.

On a conceptual level, we may ask why generating synthetic data makes sense,
especially in light of the data-processing inequality (Beaudry and Renner, 2012)
which states that post-processing cannot increase information and we are in this
sense bottlenecked by real data. One explanation for the success of model-based
methods is that generalization is often easier in supervised learning compared to
reinforcement learning, due to the non-stationarities in the learning process (lgl
et al., 2021). As such, learning supervised models can make particular sense to make
the most out of the available data. Furthermore, depending on the environment,
an optimal policy or value function could be complex and harder to learn than
the dynamics. In this section, we introduce model-based reinforcement learning,
latent models for high-dimensional observation spaces, and nally an introduction

to generative modeling.
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2.2.1 Dyna-Style Methods

A generic and unifying framework for model-based reinforcement learning is given
by Dyna (Sutton, 1991), which interleaves model learning and planning with
real experience. Recent realizations of this often use learned forward dynamics
models (Hafner et al., 2020a,b; Janner et al., 2019). Concretely, given a dataset of
transitions D = f(s; a;rt; St+1 )9, , we can learn an approximate dynamics model
P (si+1;rtjSt; &). Given this learned model, we can generate rollouts from any given
state s by sampling actions via some exploratory policy and then generating the
next state s® and rewardr from the models®r P (js;a). These model rollouts
can then be concatenated with real experience and used to update the policy or

value function.

A modern approach that we build on in Chapters 3 and 6 is Model-Based Policy
Optimization (MBPO, Janner et al. (2019)), which uses deep ensembles (Laksh-
minarayanan et al., 2017) to represent the dynamics model and Soft Actor-Critic
(SAC, Haarnoja et al. (2018)) as the policy optimizer. Each model is trained via
maximum likelihood estimation, where the model parameters are updated by
maximizing the log-likelihood of the data

X
=zargmax logP (St+1;rjSt; &): (2.18)

t=1

The ensemble is thus a collectiohP g2, of B neural networks and to generate a
prediction, a model is selected at random. The random model selection allows for
di erent transitions along a single rollout to be generated from di erent individual
models. Where data is scarce and we have high epistemic uncertainty, the ensemble
is likely to have high variance in the generated next state and reward, which prevents
model exploitation. Furthermore, MBPO showed in theory and in practice that
using short model-generated rollouts branched from real data (e.g. with a rollout
horizonk  20) is su cient to reap the bene ts of model-based RL while avoiding

issues of compounding error with full-length rollouts.
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2.2.2 Latent Dynamics Models

As we move beyond low-dimensional proprioceptive inputs for environments, mod-
eling the environment dynamics directly in large observation spaces becomes
intractable. In Chapter 7, we consider a di erent approach suitable for pixel-
based environments using latent dynamics models, DreamerV2 (Hafner et al.,
2020b). DreamerV2 was the rst reinforcement learning agent to achieve human-
level performance on Atari games solely using synthetic rollouts, learning a model of
the environment using a Recurrent State Space Model (RSSM, Hafner et al. (2019,
2020a). Given a sequence of imagesr, actionsa;.t, and rewardsr .1, the RSSM
learns model statess; containing a deterministic componenth, implemented as
the recurrent state of a Gated Recurrent Unit (GRU, Chung et al. (2014)), and
a stochastic componeni; with a categorical distribution. This representation is
additionally trained with a reconstruction loss to the original image. Similarly to
MBPO in Section 2.2.1, the actor-critic policy in DreamerV2 is trained on short

imagined trajectories of latent states branched from real data.

2.2.3 Generative Modeling

To conclude this section, we introduce the prerequisites for Chapter 4 which
proposes a novel model-based approach to generating synthetic data for training
a reinforcement learning agent via generative modeling. Generative modeling is a
sub eld of machine learning concerned with directly modeling the data distribution
p(x). This has traditionally been applied in image generation (Goodfellow et al.,
2014; Kingma and Welling, 2014), where the goal is to learn a model that can
produce realistic images based on a dataset. In this thesis, we consider modeling
the reinforcement learning data distribution and particularly focus on di usion
generative models, a recent class of models that have shown remarkable sample

quality and diversity whilst remaining stable to train.
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Di usion Models. Di usion models (Ho et al., 2020; Sohl-Dickstein et al., 2015)
are a class of generative models inspired by non-equilibrium thermodynamics that
learn to iteratively reverse a forward noising process and generate samples from noise.
Given a data distribution p(x) with standard deviation 442, We consider noised
distributions p(x; ) obtained by adding i.i.d. Gaussian noise of standard deviation

to the base distribution. The forward process is de ned by a sequence of noised
distributions following a xed noise schedule g = pax > 1> > y =0. When

max data, the nal noised distribution p(x; max) is essentially indistinguishable

from random noise.

Karras et al. (2022) consider a probability- ow ODE with the corresponding
continuous noise schedule(t) that maintains the desired distribution asx evolves

through time given by Equation (2.19).
dx = _(t) ()r xlogp(x; (t))dt (2.19)

where the dot indicates a time derivative and , logp(x; (t)) is the score func-

tion (Hyvarinen, 2005), which points towards the data at a given noise level.
In nitesimal forward or backward steps of this ODE either nudge a sample away or
towards the data. Karras et al. (2022) consider training a denois@& (x; ) on an

L2 denoising objective:
MINEx . n o 2nkD (x+ ;) XK (2.20)

and then use the connection between score-matching and denoising (Vincent, 2011)
to obtain r , logp(x; )=(D (x; ) x)= 2. We may then apply an ODE (or SDE

as a generalization of Equation (2.19)) solver to reverse the forward process.

2.3 Part Il: Reinforcement Learning from O ine
Data

In the nal section of the background, we introduce o ine reinforcement learn-
ing (Ernst et al., 2005; Levine et al., 2020) which is the key focus of the second part

of the thesis. Reinforcement learning as presented in Section 2.1 fundamentally
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assumes that the agent is able to interact with the environment online to collect data.
However, in many real-world settings, such as robotics or clinical decision-making,
online interactions can be expensive or impossible to perform due to physical or
safety constraints. Furthermore, learning from scratch (or tabula-rasa) disregards
any prior data that may be available on the environment, particularly when expert
demonstrations are available. This is orthogonal to the previous section on model-
based methods, which explored a complementary direction on e ciently making
use of available data. In many cases, leveraging o ine data in the learning process
can signi cantly accelerate learning and improve robustness. In this section, we
introduce the o ine reinforcement learning problem, the necessary adjustments to
standard online algorithms to make them work o ine, and online reinforcement

learning augmented with o ine data.

2.3.1 Problem Setting and Challenges

In o ine reinforcement learning, the policy is not deployed in the environment
until test-time. Instead, the algorithm only has access to a static datasée,, =
f(st;a;re; si+1)0; , collected by one or more behavioral policies,. We refer to
the distribution from which D¢, was sampled as thdehavioral distribution (Yu
et al., 2020b). The goal of o ine RL is the same as in the online setting: to learn a

policy that maximizes the expected return.

The o ine reinforcement learning problem is challenging because the agent is
restricted to the oine dataset D¢, and cannot collect additional data. This
prevents naive application of online RL algorithms to the oine setting. On-
policy algorithms as described in Section 2.1.3 which require data in-distribution
with the current policy are totally infeasible due to the distribution shift. Even
0 -policy algorithms such as SAC (Haarnoja et al., 2018) rely on the ability to
evaluate counterfactuals, i.e. over di erent actions for the Q-function, which may
be mis-estimated o ine. This issue can lead to extreme overestimation of the value

function (Kumar et al., 2019) and poor performance. To illustrate this further,
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consider the standard form of the Q-learning update which maximizes over the next

action given an experience tuplgs; a;r;s% D en:

Qs;a) Qsia+ r+ maxQ(sid) Q(s;a) (2.21)

where is the learning rate. If(s% a9 is not contained inDeny, then the Q-function
will never be explicitly updated at this state-action pair. Thus, any extrapolation
error present in the estimate ofQ(s® a9 will be propagated throughout the learning
process and state-actions with low real return can be overestimated. In the online
setting, this type of overestimation is avoided by the ability to actually take the

action a’in state s® and obtaining corrective feedback from the environment.

2.3.2 Solution Methods

Algorithms that can learn from oine data can be broadly categorized into
two classes: model-free and model-based with a di erent approach to tackling

extrapolation error.

Model-free.  Due to the extrapolation error issues outlined in Section 2.3.1, model-
free methods in o ine RL typically rely on constraining the policy to lie within
the support of the behavioral policy ,. This means ensuring that (ajs) only
has positive density where y(ajs) > 0. One of the rst successful methods to do
in the deep setting is Batch-Constrained Deep Q-Learning (BCQ, Fujimoto et al.

(2019)) which uses a generative model to estimate the support of the behavioral
policy.

Concretely, BCQ trains a conditional variational autoencoder (CVAE, Sohn et al.
(2015)) G, (s) to learn the conditional behavioral distribution p(ajs) and then uses
this model to generate actions for the policy and Q-function update. To increase the
diversity of these actions, a perturbation model (s;a;) outputs an adjustment
to an action a in the range[ ;] trained to maximize the Q-function. The
Q-function thus maximizes over a set ofi perturbed actionsfa + (s;a&; ) gL, .

wherea, G, (s). The choice ofn and trades o between behavioral cloning
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(simply copying the behavioral distribution) and full reinforcement learning. When
n=1and =0 , BCQ is equivalent to behavioral cloning (Bain and Sammut, 1995;
Bratko et al., 1995) Conversely, whem ! 1 and covers the full action space,

BCQ is equivalent to full reinforcement learning.

Our later Chapters 4 and 7 consider a more recent minimalist approach to policy
constraints, TD3+BC (Fujimoto and Gu, 2021) which avoids the need for any model
of the behavioral policy. This method achieves state-of-the-art performance on a
variety of o ine RL benchmarks with minimal hyperparameter tuning. Concretely,
TD3+BC proposes to augment the TD3 (Fujimoto et al., 2018) policy update with

the following behavioral cloning term:

h [
=argmax Esa)p o, Q (S; W) (1 a2 (2.22)
where = P IR is an adaptive normalization term computed over each
N (sj:aj) 1
batch with xed hyperparameter . scales the behavioral cloning term based on

the average magnitude of the Q-values over a minibatch which is necessary as the

Q-values can grow over time and dominate the loss.

Model-based. Learning a model as in Section 2.2 presents an alternative approach
to avoiding extrapolation error by allowing a policy to take out-of-distribution actions

in a simulated model of the environment; these methods are used in Chapters 3, 6
and 7. Whilst this provides us the opportunity to get critical feedback on out-of-
distribution actions, we now instead have to contend with dynamics modeling errors
from a xed dataset. One of the rst successful o ine model-based reinforcement
learning algorithms was Model-based O ine Policy Optimization (MOPO, Yu et al.
(2020b)) which extends MBPO to the o ine setting. MOPO de nes the notion

of a pessimistic MDP (P-MDP) which provides a theoretical lower bound on the

expected true return.

Given a learned dynamics modeP similar to Section 2.2.1, we de ne the model

MDP M = (S;A;P;R; ). We then separately denote the return under the true
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MDP, Jy ( ), and the return under the model MDP,J, ( ). Yu et al. (2020b) show

that when the estimated reward matches the true reward, i.eR = R

#
2
Iu() E.p " R(s;a)  [Gy(ssal (2.23)
t=0
where
Gp(Si18) = Eg ppjga) VM ()] Eso p(jsiay [Vin ()] (2.24)

Is a measure of discrepancy between the true and model dynamics as measured
by the value function. Since we do not have access to the true dynamics, various
heuristics foerm(s; a)j are instead proposed. In practice, MOPO optimizes the
following objective

Juoro ()= E. p TO " R(s;a)  u(sia) (2.25)
whereu(s;; &) is a measure of uncertainty in the learned dynamics model, e.g. the
predictive variance of the model, and is a scaling factor. Concurrent to MOPO,
MOReL (Kidambi et al., 2020) introduced a di erent P-MDP by augmenting a
standard MDP with a negative valued absorbing state that is transitioned to when

the total variation distance between true and learned dynamics is exceeded.

2.3.3 Online Reinforcement Learning with Prior Data

Finally, we introduce the related setting of online reinforcement learning augmented
with prior data, which is the focus of Chapter 5. In many cases, we may not
be restricted to completely learning o ine, but instead have a small budget of
online steps available to us in order to ne-tune an o ine policy. When we have
no assumption on the quality of the o ine data, there is a rich body of work
that ne-tunes a learned o ine policy with a few online samples (Kostrikov et al.,
2022; Lee et al., 2022; Nair et al., 2020). However, when we know that the o ine
data is composed of high-quality expert demonstrations, we can instead leverage
Kullback-Leibler (KL) regularized methods (Galashov et al., 2019; Rawlik et al.,
2012; Schulman et al., 2017a; Todorov, 2007).
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Given a set of expert demonstrationsvithout reward, Do = f(sy; a,)d)\-, , we rst
use supervised behavioral cloning to learn a base policy: S! A . Since expert
demonstrations are costly to obtain and often only available in small number,
behavioral cloning alone is typically insu cient for agents to learn good policies
in complex environments and has to be complemented by a method that enables
the learner to build on the cloned behavior by interacting with the environment.
KL-regularized reinforcement learning modi es the standard reinforcement learning
objective by augmenting the return with a negative reverse KL divergence term
from the learned policy to the reference policy o, given a temperature parameter

. The resulting regularized return is then given by
" #

!
JO)=Ep "(R(sua)  KL( (js) k o(js) (2.26)

t=0

Crucially, the KL-divergence also allows us to leverage any uncertainty iny to
guide exploration. The agent is discouraged to explore areas of the state sp&ce
where the variance of o( js) is low (i.e., more certain) and encouraged to explore

areas of the state space where the variance of( js) is high.
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Synthetic Environments and Data
for Reinforcement Learning
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Augmented World Models Facilitate
Zero-Shot Dynamics Generalization From
a Single O ine Environment

We begin the research chapters of the thesis by investigating how synthetic data can
help reinforcement learning agents better generalize to new tasks. We speci cally
study the setting where we have o ine data (Ernst et al., 2005; Levine et al., 2020)
on only a single environmentbut where the test-time dynamics may di er (Rakelly

et al., 2019b; Zintgraf et al., 2021a,b). This is a particularly realistic setting as we
would expect a human operator that could drive a car in dry weather would also be
able to drive it in the rain where the vehicle responds di erently. Generalization
from a single task is also considerably harder than settings considered by prior
model-based generalization works, which assume access to a distribution of training
tasks (Kirchmeyer et al., 2022; Lee et al., 2020). To motivate our approach, we start
by considering variants of the standard MuJoCo (Todorov et al., 2012) locomotion
tasks where the mass and damping of the robots may vary. We show that baseline
MOPO (introduced in Section 2.3.2) policies using single-task data from the standard
D4RL (Fu et al., 2020) benchmark fail to generalize to changes in test time dynamics,

with performance dropping up to 90%.

29
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We propose a solution Augmented World Models(AugWM), which is based on
perturbing a learned world model in order to capture potential changes in the
physical properties of a robot. We consider several families of augmentations,
with the best being Dynamics Amplitude Scaling(DAS). DAS scales thechange

in the state which we denote with { = s;4; S by mapping Sg+1 7! S + 2 t

for z  Unif([a; d'S)) over a pre-de ned rangda; . Intuitively, DAS dampens or
ampli es the relative e ects of actions, which makes it particularly suitable for
modi ed dynamics in proprioceptive environments. This represents a novel approach
to de ning a distribution of tasks in the meta-learning sense, where the context is a
noise vectorz. We may then train a contextual policy by concatenating the noise

vector z onto the state, which remarkably already aids generalization.

While many realizations of the taskz may correspond to invalid robot con gurations,
our goal is simply to better cover the test distribution. We con rm that this indeed
happens in a modi ed dynamics MuJoCo task where we have oracle access to the
ground truth dynamics, passing in the exact change in dynamics to our contextual
policy allows the agent to recover the original performance. Even without the oracle,
the unique form of the augmentation allows us to estimate the true augmentation
at test time. A simple linear model trained online at test time comparing the true
change in state to the model prediction for the original environment produces a

useful signal for predicting the correct augmentation vectoz.

We rigorously evaluate our approach on over 100 di erent changed dynamics settings,
and show that this simple approach can signi cantly improve zero-shot generalization.
Notably, we show that we can also handle more complex modi ed dynamics, such
as crippled legs and modi ed limb sizes. Finally, we show that AugWM is exible
enough to allow simulated robots to adapt to dynamics changesid-episode for

example, when a robot su ers a joint failure at run-time.

Philip J. Ball*, Cong Lu* , Jack Parker-Holder, and Stephen J. Roberts. Augmented World
Models Facilitate Zero-Shot Dynamics Generalization From a Single O ine Environment. In
ICML , 2021.
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Limitations and Future Work

One of the primary limitations of Augmented World Models is what tasks our
augmentations are suitable for, with the paper showcasing applications in modi ed
physics and robot geometry. However, scaling dynamics could be less suitable for
generalizing to external forces such as wind or more extreme changes like operating
in no gravity at all. One potential richer class of structured augmentations that could
account for these could be a ne transformations that additionally add translations

to the state. Furthermore, while the environments we consider in the paper use
proprioceptive observations, we hypothesize that our work could be extended to
environments with high-dimensional observations by performing augmentations in
the latent space of a learned dynamics model (Hafner et al., 2020a,b). An even more
exciting prospect could be to leverage recent video-language world models such as
GAIA-1 (Hu et al., 2023) which can condition on combinations of initial frames,
actions, or even text descriptions of the road conditions like it is snowing or it

is foggy. In this way, we could switch from dynamics augmentations tsemantic
augmentationsthat target more broad modes of real-world test-time changes. As
such, we believe our algorithm represents early steps towards generalist agents
that can hypothesize realistic unseen situations at deployment and be robust to

them.

Next, we describe various algorithmic improvements we could make to AugWM.
In the paper, we considered the relative underperformance of the baseline under
changed dynamics (Figure 5), and ways to mitigate this. While some dynamics
settings may admit higher potential return, e.g. lower mass, others may have a
lower return ceiling. A metric that takes this into account for each task igegret, or
the di erence between the optimal and the attained return. Related to this idea

is regret-based sampling (Dennis et al., 2021; Parker-Holder et al., 2022), which
prefers to choose tasks that are challenging to the current agent. This could greatly

improve on the uniform sampling scheme we have in our paper.
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Another interesting target for improving dynamics generalization is the test-time
context inference. At the moment, our approach trains a simple linear model in order

to recover the approximate context. A more direct way to recover the correct context
could be to rescale the dynamics model in the same way as the DAS augmentation,
tted to the test-time observations. Both methods would however be passively
inferring the context and would not directly model information-gathering behavior.

To allow for this, we could use similar techniques as in meta-RL (Hausknecht
and Stone, 2015; Zintgraf et al., 2021a,b) which learn to optimally trade-o task
inference versus reward. Since these methods usually need to observe a sequence of
observations to infer the task (e.g. using an RNN), we would also need to ensure the

dynamics model would remain accurate for long enough under augmentations.

Finally, while our paper only considered dynamics generalization, meta-RL (Rakelly
et al., 2019b; Zintgraf et al., 2021a,b) often considers changing goals or reward at
test-time. In the same way that we de ned a distribution over plausible MDPs
with varying dynamics by applying structured augmentations, we could also de ne

a training distribution over MDPs with varying reward. We describe here one
possible way to do so. Since the learned reward function is a neural network,
it is linear over the representation learned in the penultimate layer. Concretely,
R(s;a) = w” (s;a) where (s;a) is the output from the penultimate layer of the
reward network. Varying the weight vectorw could naturally lead to a family of
linear reward functions from a single environment. This is a similar parameterization
to successor features (Barreto et al., 2017; Borsa et al., 2018; Filos et al., 2021)
but successor features have typically been applied to settings where examples of

multiple reward functions and goals exist.



Synthetic Experience Replay

In the previous chapter, we investigated synthetic data generation using learned
forward dynamics models (Hafner et al., 2020b; Janner et al., 2019; Yu et al.,
2020b), i.e. those that learn a conditional distributionP (s®rjs;a) and bootstrap
rollouts from real statess. These models are nearly ubiquitous in modern model-
based reinforcement learning but su er from two conceptual pain points rst,
data generation bootstraps from real states leading to limited generalization at the
beginning; and second, learned models su er from compounding error over time
which precludes the use of long model rollouts (Janner et al., 2019). Indeed, the
original Dyna (Sutton, 1991) framework introduced in Section 2.2.1 made few of
these assumptions, but instead proposed a more general framework for integrating
synthetic environment transitions. In the same spirit, we propose a conceptually
simple and novel approach to synthetic data generatioigynthetic Experience Replay
(SynthER), which uses generative modeling to directly model and upsample (or

increase the quantity of) the training data of an agent.

In the past few years, di usion models (Ho et al., 2020; Karras et al., 2022) have taken
the world by storm, resolving many of the issues that plagued earlier generative

models like mode-collapse in VAEs (Kingma and Welling, 2014) and unstable
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training in GANs (Goodfellow et al., 2014). Di usion models are particularly strong
at ensuring coverage over the data distribution while maintaining individual sample
guality; this makes them ideal for modeling reinforcement learning data. To con rm
this hypothesis, we show that synthetic data generated from the o ine DARL (Fu

et al., 2020) benchmark closely reproduces the statistics of the original data.

In the empirical evaluation, we continue on the D4RL benchmark and show that
the synthetic data overall faithfully reproduces the original performance for a
wide selection of oine RL algorithms. More notably, we also see particularly
strong results for upsampling reduced variants of the D4RL datasets, matching the
original performancestarting from as little as 3% of the original data This strongly
improves on baseline data augmentation approaches, and we show that the data
we generate is simultaneously more diverse and more faithful to the true dynamics
of the environment. Furthermore, we show that additional synthetic data from
SynthER allows us to greatly increase the network size in the TD3+BC (Fujimoto

and Gu, 2021) algorithm leading to a+17:7% overall gain on D4RL.

Next, we show that when upsampling data online, we can improve the data
e ciency of the standard Soft Actor-Critic (Haarnoja et al., 2018) algorithm beyond
specially designed data-e cient algorithms (Chen et al., 2021b) on a range of
OpenAl Gym (Brockman et al., 2016) and Deepmind Control Suite (Tassa et al.,
2020) environmentswithout any algorithmic changesFinally, we show that our
method extends to high-dimensional pixel-based environments by generating data
in the latent space of a pre-trained encoder. By evaluating this latent data with
the oine DrQ+BC (Lu et al., 2022b) algorithm, we demonstrate an average
+9:5% improvement on the o ine V-D4RL (Lu et al., 2022b) benchmark. Since
DrQ+BC uses random crop data augmentations on the raw images, this result
shows that our method can be used in conjunction with standard data augmentation

techniques.

Cong Lu* , Philip J. Ball*, Yee Whye Teh, and Jack Parker-Holder. Synthetic Experience
Replay. In NeurlPS , 2023.
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Limitations and Future Work

Our work shows the remarkable e cacy of di usion models as a method for data
augmentation in reinforcement learning we believe we have barely scratched the
surface of what is possible in this space. One opportunity for future work is
leveraging the strength of di usion models at generating conditional data, i.e. data
targeted towards a particular label or statistic, whereas our models are entirely
unconditional. We could imagine conditioning the model to generate higher TD-
error data akin to Prioritized Experience Replay (Schaul et al., 2016) to further
accelerate training. Along the same lines, we could also explicitly encourage the
di usion model to generate more diverse data (Azizi et al., 2023) or more on-policy
data (Jackson et al., 2023; Rigter et al., 2023). When we are in the multi-task or
meta-RL (Zintgraf et al., 2021a,b) setting, we could also consider generating data

for out-of-distribution tasks for better generalization.

Next, in our online experiments, the di usion model took a more passive role,
simply consuming and producing data. We note that there is a rich body of work in
active learning with forward dynamics models (Ball et al., 2020), where samples are
collected to improve the model with as few samples as possible. One method of doing
so is to target model uncertainty di usion models can be used for uncertainty
estimation by evaluating the likelihood of a sample (Karras et al., 2022) or by

measuring the empirical distribution over many samples (Han et al., 2022).

Finally, for our pixel-based experiments, whilst producing data in the latent space of
a xed pre-trained encoder allows us to use a fast MLP for di usion, a xed encoder
also limits the maximum performance. One challenge of generating transitions in the
original image space is that the transitions are naturally multi-modal. This is because
we must generate a high-dimensional image alongside a low-dimensional action and
reward simultaneously. Appropriately handling multi-modality is an open research
guestion while some progress has been made in multi-modal di usion (Ruan et al.,
2023; Tang et al., 2023) for combinations of text, video, and audio, our specic

application will likely need careful design. Related to this is the advent of pre-trained
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generative foundation models (Hu et al., 2023; Rombach et al., 2022) which are
trained on internet-level quantities of images and video. Fine-tuning these models
could greatly reduce the requirements for our algorithm, and also aid generalization

by leveraging pre-existing concepts.



Part ||

Reinforcement Learning from
O ine Data
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On Pathologies in KL-Regularized
Reinforcement Learning from Expert
Demonstrations.

We begin the reinforcement learning from o ine data section by investigating

methods to accelerate online reinforcement learning with expert demonstrations.
As discussed in Section 2.3.3, a popular algorithm for this setting is KL-regularized
RL (Galashov et al., 2019; Rawlik et al., 2012; Schulman et al., 2017a; Todorov,

2007) where we optimize the following augmented objective

#
!
J()=Ep "(R(s;a)  KL( (is)k o(js) (5.1)

t=0
given a base policy o : S! A learned from a set of expert demonstrationgithout
reward via supervised behavioral cloning, and regularization strength. The form of
the KL divergence in Equation (5.1) is the reverse or mode-seeking variant (Chan
et al., 2022), as opposed to forward or mode-covering if the roles ofand , are
reversed. One reason for choosing the reverse KL is that in the event of multiple
expert action modes, it is often better to choose one mode rather than averaging

over actions which would likely be suboptimal.
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In typical actor-critic settings (Haarnoja et al., 2018), both the online policy
and behavioral prior will be realized as parameterized Gaussians; i.e(|s;) =
N ( (s); (st)) and o(js) = N ( o(st); o(st)). This allows us to compute the
KL divergence exactly which has the form

ofs) ., As)+( (s)  o(s1)?
(st) 2 §(st)

Thus, the divergence in mean predictions between the online policy and the prior,

KL( (jst) k o(jst)) / log (5.2)

( (st) o(st))?, is approximately scaled by the predictive variance of the base
policy, 2(si). If the predictive variances were constant here, the KL-divergence
would reduce to the standard BC loss which has appeared in other works (Fujimoto

and Gu, 2021; Goecks et al., 2019).

This scaling allows the KL-regularized term to improve upon the standard BC loss
by encouraging exploration and reducing regularization strength where the variance
of ¢ is high and the opposite when low. As a consequence, the behavioral policy
should appropriately quantify uncertainty being certain when close to the expert
data and uncertain when out-of-distribution. However, herein lies a pathology when
naive choices for o are made. We show empirically that commonly chosen behavioral
policy classes su er from extremely high con dence (or uncertainty collapse) in out-
of-distribution states where their predictions are more likely to be poor. This holds
for all parametric uncertainty quanti cation methods that we evaluate including
deep ensembles (Lakshminarayanan et al., 2017) and Bayesian neural networks
with Monte Carlo dropout (Gal and Ghahramani, 2016). Furthermore, we prove
theoretically that this type of uncertainty collapse leads to exploding gradients
during online RL training and instability. Whilst it is possible to side-step this issue
by exactly matching the behavioral prior, this precludes any further improvement

from online RL.

We resolve this pathology by instead turning to non-parametric behavioral reference
policies using Gaussian processes (GPs) as discussed in Section 2.1.5; this forms

the backbone of our algorithmNon-Parametric Prior Actor Critic (N-PPAC). GPs
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allow us to perform exact Bayesian inference over modestly sized datasets, which is
ideal for our use case, as expert demonstration sets are typically small in number.
In contrast to parametric behavioral priors, GPs provide well-calibrated predictive
uncertainty estimates which we verify. This enables KL-regularized reinforcement
learning to signi cantly outperform prior state-of-the-art approaches on a variety of

challenging locomotion and dexterous hand manipulation tasks.

Tim G. J. Rudner*, Cong Lu* , Michael A. Osborne, Yarin Gal, and Yee Whye Teh.
On Pathologies in KL-Regularized Reinforcement Learning from Expert Demonstrations. In
NeurlPS , 2021.
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Limitations and Future Work

Our algorithm, N-PPAC, relies on the well-calibrated behavioral priors we derive
from Gaussian processes. However, this is also the key limitation we are restricted
to expert datasets that are amenable to training and performing exact inference on
with a GP. Although studies have demonstrated the feasibility of exact inference on
datasets up to a million datapoints (Wang et al., 2019), this requires multi-GPU
parallelization and careful partitioning. We highlight two scalable directions to
applying GPs to larger and higher-dimensional datasets. The rst direction is
performing approximate inference with inducing points (Leibfried et al., 2022).
These methods replace the original training data with pseudo-training examples
(inducing points) which allows one to trade o accuracy against run-time. The second
direction is deep GPs (Damianou and Lawrence, 2013; Salimbeni and Deisenroth,
2017), multi-layer generalizations of GPs, that have been proven to work for image

classi cation and datasets on the order of billions of datapoints.

More generally, our paper draws attention to the use of di erent model classes across
reinforcement learning where the predominant choice is a neural network. We showed
how accurate uncertainty quanti cation can signi cantly improve regularization
from expert demonstrations. A strongly related area of reinforcement learning
which also relies on uncertainty quanti cation relative to a static dataset is o ine
reinforcement learning (Brandfonbrener et al., 2022; Kidambi et al., 2020; Yu et al.,
2020b). These methods typically use deep ensembles to mitigate distribution shift

and would be a perfect next step for investigating alternative model classes.

Furthermore, an interesting recent alternative to GPs is function-space variance
inference (Rudner et al., 2022) which proposes a scalable Bayesian neural network
approach to inferring a posterior distribution over functions. Finally, we note
that our method also relied on the predictive mean of the GP behavioral prior
being informative. This points to the e cacy of kernel-based methods (Bierens,
1994) for behavioral cloning, even in scenarios where accurate predictive variance

estimates are not required. Finally, our paper makes the assumption that the expert
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demonstrations are unimodal conditional on the state, as our supervised objectives
will t the mean of the expert policy. One way to overcome this restriction would
be to consider likelihood models that are able to t multiple modes, for example,

conditional di usion models as demonstrated by Pearce et al. (2023).



Revisiting Design Choices in O ine
Model-Based Reinforcement Learning.

In this chapter, we move to the fully o ine setting with no online interaction. We
begin by focusing on model-based methods, which help mitigate distribution shift
by generating synthetic on-policy data. As discussed in Section 2.3.2, contemporary
algorithms typically construct pessimistic MDPs which are based on the following
theoretical lower bound on the true return

Iu() E.p :%O " R(s;a)  [Gy(ssai (6.1)
where Gm)(s; a) is a measure of discrepancy between the true and model dynamics
as measured by the value function. However, in practice, we do not have access to
the true dynamics, making this penalty di cult to compute. Therefore, existing
methods exhibit a breakdown between theory and practice, and instead, the penalty
is implemented based on estimated model uncertainty. This has spawned a variety
of heuristics (Kidambi et al., 2020; Yu et al., 2020b), with little to no comparison

between di ering approaches.

Since the datasets in 0 ine RL can be up to two million datapoints, the techniques

described in the previous chapter are no longer applicable, and instead, uncertainty
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is usually approximated using deep ensembles. To motivate our investigation, we

rst consider the form of two commonly used uncertainty metrick

Max Aleatoric (Yu et al., 2020b): maxi=1-njji ' (S;a)jje, which computes

a maximum over the variance heads of the ensemble.

Max Pairwise Di erence (Kidambi et al., 2020): max; ij ~jj ' (S;a)

J (s; @)jj2, maximizing over pairwise di erences in the mean predictions.

This immediately raises two questions: rst, how do themax operator and number
of ensemble memberll skew the above penalties? Second, why haven't standard
uncertainty metrics from supervised learning such as the original mixture variance

below been used?

Ensemble Variance (Lakshminarayanan et al., 2017): (s;@ =
Ni N( T (s;a)+ (s;a)?) (s;a)? is the variance of the mixture distri-

. P . _
bution where (s;a) = + [, '(s;a) is the mean of the means.

These questions are particularly pertinent as the deep ensembles used in o ine RL
are very small N = 7) compared to typical sizes in supervised learning. Furthermore,
uncertainty quanti cation with the ensemble variance has been shown to improve
with an increasing number of ensemble members. Even more fundamentally, how
well do these penalties capture errors in model predictions, particularly as we

increase the rollout horizon which is lowK = 5) in existing methods?

In this paper, we compare these heuristics, design novel protocols to investigate
the interactions of all these hyperparameters, and elucidate a design space for
0 ine model-based reinforcement learning. We then show if we are allowexhline
evaluation at the end of each training runthat selecting these key hyperparame-
ters using Bayesian Optimization (introduced in Section 2.1.5) produces superior
con gurations that are vastly di erent from those currently used in existing hand-
tuned state-of-the-art methods, and result in drastically stronger performance. For

each environment, we allow a budget of 100 o ine training runs together with an

We note in comparison to the Chapter 5, and refer to the dynamics model rather than
the behavioral prior.
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online evaluation at the end. We nd that these ndings may then be distilled
back into a more realistic 0 ine scenario by choosing the best two hyperparameter
con gurations (which is less than usual in o ine RL), leading to a 69% improvement
over the baseline. Particular highlights of our analysis include: more canonical
forms of uncertainty estimation are better calibrated with model error and can
substitute for hand-designed heuristics, and much higher rollout horizons may be

used given high enough penalty weight.

Cong Lu* , Philip J. Ball*, Jack Parker-Holder, Michael A. Osborne, and Stephen J. Roberts.
Revisiting Design Choices in O ine Model Based Reinforcement Learning.In ICLR (Spotlight),
2022.
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